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Abstract

Complex plasmas, which are composed of electrons, ions, neutral gas atoms and micrometer
sized particles, provide a unique platform for studying fundamental physical phenomena.
Because the interparticle distances are comparatively large, it is possible to resolve individ-
ual particles optically. This makes it possible to investigate processes such as crystallisation,
phase transitions and collective excitations. One of the experimental platforms for studying
complex plasmas is the Plasma Crystal Experiment 4 (PK-4), which operates under direct
current (DC) conditions. It is used on Earth and in microgravity environments, like on the
International Space Station (ISS) and during parabolic flights. To reach the full potential of
complex plasmas, however, robust methods must be developed to detect, track, and classify
microscopic particles. Traditional image processing techniques often reach their limits in
this context, especially for large datasets or under experimentally induced image noise.
Therefore, modern machine learning approaches and deep neural networks offer a promising
way to optimize and automate the analysis of complex plasmas, where possible.

This dissertation presents a comprehensive framework for using deep learning methods
to analyze complex plasmas in the PK-4 experiment. The work is organized into three
main contributions. First, a compact U-Net architecture is developed for efficient and
accurate particle detection and tracking in dense plasmas. Second, WignerNet, a PointNet
based model, is introduced to enable the local classification of crystalline domains using
three-dimensional, Voronoi-based representations. Third, an extended graph neural network
approach is used to identify more complex structures. Combining these methods greatly
improves the diagnosis of complex plasmas by enabling scalable analysis at the single-particle
level. In this way, the dissertation contributes both methodologically and experimentally to
a deeper understanding of the dynamics and self-organization of complex plasma systems.





Zusammenfassung

Komplexe Plasmen, bestehend aus Elektronen, Ionen, neutralen Gasatomen und mikrome-
tergroßen Partikeln, bieten eine einzigartige Plattform zur Untersuchung grundlegender
physikalischer Phänomene. Aufgrund der großen Teilchenabstände ist eine direkte opti-
sche Analyse einzelner Partikel möglich und damit die Untersuchung von Prozessen wie
Kristallisation, Phasenübergängen und kollektive Anregungen. Eine der experimentellen
Plattformen für Untersuchungen komplexer Plasmen ist das Plasmakristall-Experiment
4 (PK-4), das unter Gleichstrombedingungen (DC) betrieben wird und sowohl auf der
Erde als auch in Mikrogravitation, etwa auf der Internationalen Raumstation ISS oder bei
Parabelflügen, eingesetzt wird. Um das diagnostische Potenzial komplexer Plasmen voll
ausschöpfen zu können, ist die Entwicklung robuster Methoden zur Erkennung, Verfolgung
und Klassifikation mikroskopischer Partikel unerlässlich. Herkömmliche bildverarbeitende
Verfahren stoßen hierbei oft an ihre Grenzen, insbesondere bei großen Datenmengen oder
unter experimentell bedingtem Bildrauschen. Daher bieten moderne Verfahren des maschi-
nellen Lernens und tiefe neuronale Netze einen vielversprechenden Ansatz, um die Analyse
komplexer Plasmen zu optimieren und gegebenenfalls zu automatisieren.
Diese Arbeit stellt ein umfassendes Konzept zur Anwendung von Deep-Learning-Methoden
auf die Analyse komplexer Plasmen im PK-4-Experiment vor. Die Arbeit gliedert sich
in drei zentrale Beiträge. Erstens wird eine kompakte U-Net-Architektur zur effizienten
und präzisen Partikellokalisierung in dichten Plasmen entwickelt. Zweitens wird mit Wig-
nerNet ein auf PointNet basierendes Modell vorgestellt, das auf Basis dreidimensionaler
Voronoi-Darstellungen die lokale Klassifikation kristalliner Domänen erlaubt. Drittens wird
ein weiterentwickelter Graph-Neural-Network-Ansatz eingesetzt, um komplexere Strukturen
identifizieren zu können. Die Kombination dieser neuartigen Methoden stellt einen wesentli-
chen Fortschritt in der Diagnostik komplexer Plasmen dar und ermöglicht eine skalierbare
Analyse auf Einzelteilchenebene. Damit leistet diese Arbeit sowohl methodisch als auch
experimentell einen Beitrag zur tieferen Erforschung der Dynamik und Selbstorganisation
komplexer Plasmasysteme.





Chapter 1

Introduction

By varying pressure and temperature as thermodynamic state variables, the familiar phases
solid, liquid, and gas can be transformed into each other [2]. However, with a constant
supply of energy, gases transition to a new state, known as the plasma state, once the
average particle energy exceeds the ionization threshold. In this regime, the gas is energized
to the degree that electrons are detached from their atomic shells, causing neutral atoms to
become ionized.
A plasma is therefore a partially or fully ionized gas composed of freely moving electrons,
ions, and neutral atoms. The degree of ionization x of a plasma is defined as follows:

x =
ni

ni + na

(1.1)

where ni denotes the ion density and na the density of neutral atoms. If x ≈ 1, the plasma
is referred to as a fully ionized or hot plasma, as seen, for example, in fusion experiments.
However, for x ≪ 1 the plasma is weakly ionized and is referred to as low-temperature
plasma.
Approximately 99 % of the visible matter in the universe is in a plasma state, most notably
in stars, which are enormous spheres of hot plasma [3]. Plasmas also appear in everyday life.
For instance, fluorescent lamps contain low-temperature plasmas that are maintained by
electric fields. These plasmas emit light due to excited gas atoms and ongoing recombination
processes.
The systems investigated in this work belong to the class of low-temperature plasmas into
which monodisperse, micrometer-sized particles are injected. Low-temperature plasmas
are typically generated and stabilized in the laboratory by external electric fields. In this
environment, electrons are accelerated until their kinetic energy exceeds the ionization
energy of neutral particles. Through inelastic electron-neutral collisions, an avalanche-like
ionization cascade is initiated. This cascade saturates once the production rate of charge
carriers is balanced by the corresponding loss processes [2].
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Because low-temperature plasmas are weakly ionized, their interactions with neutral atoms
and the surface of the surrounding vessel are important. Collisions between ions and neutral
atoms ensure that the thermal energy of the ions is in equilibrium with that of the neutral
gas. For this reason, low-temperature plasmas typically exist at or near room temperature.
However, losses at the plasma boundary are significant. Due to their higher mobility,
electrons accumulate on the surface of the vessel and charge it negatively. Therefore, plasma
can only be sustained through continuous ionization, which requires an external electric
field to provide continuous energy input. Once the external energy input stops, electrons
recombine with ions, and the plasma decays. Low-temperature plasmas are not in thermal
equilibrium, as the electron temperature Te is usually about 100 times higher than the ion
temperature Ti. Most gases have ionization energies on the order of several electron volts,
so a high electron temperature is necessary for ionization to occur.
Through their continuous interaction with the background plasma, the injected particles
effectively constitute an additional plasma component [4]. This state is referred to as a
complex or dusty plasma [5, 6, 7]. The particles charge negatively because of the more
mobile electrons and because of their comparatively large mass and low kinetic temperature,
form correlated structures. Initially, interest in dusty plasmas developed in the field of
astrophysics. Natural dust is widespread throughout the universe. Substantial amounts of
dust are found in interplanetary and interstellar clouds, as well as in comet tails [8, 9]. The
complex morphology of planetary ring systems [10] and the particle transport processes
observed within these rings [11] are important topics in the study of dusty plasmas. Dust
also plays a significant role in magnetospheric and ionospheric physics.
Complex plasmas exhibit a wide range of fundamental dynamical processes, including
crystal growth [12], melting and recrystallization [13, 14], local rearrangements [15, 16],
turbulence [17], and acoustic wave phenomena [18, 19]. Variations in external parameters
such as pressure, electric field strength, discharge type, or ion flow lead to transitions
between disordered and ordered phases. Since the particles are observable in the optical
range, collective processes and structural rearrangements can be tracked directly at the
single-particle level. This makes complex plasmas a highly attractive model system for
many-body physics [20].
To investigate these phenomena in greater detail, a variety of experimental setups have been
developed over the past few decades to enable the study of complex plasmas under laboratory
and microgravity conditions. The experiments for this dissertation were conducted using the
Plasmakristall 4 experiment [21] (PK-4). This experiment builds on earlier setups, including
Plasma Crystal 1, Plasma Crystal 2, PKE Nefedov [22], and Plasma Crystal 3 Plus [23].
The PK-1 and PK-2 systems were used to study complex plasmas in microgravity onboard
the Russian space station Mir. The subsequent PKE Nefedov setup represented the first
scientific experiment conducted onboard the International Space Station (ISS) from 2001
to 2005. Its successor, the PK-3 Plus, operated on the ISS from 2006 to 2013. The PK-4
experiment used in this study has been in operation onboard the ISS since 2014, supporting
experiments on complex plasmas.



3

The formation of ordered structures in complex plasmas and the dynamics of their phase
transitions are central topics of the analyses presented in this dissertation. These processes
are governed by the effective interaction potential, which is determined not only by direct
Coulomb forces but also by the collective responses of the background plasma, which signif-
icantly modify it. Debye screening is important because it defines the range of electrostatic
interactions. The next section explains the theoretical principles of shielding and establishes
the physical basis for the machine learning models developed in this study.

Screening and Collective Effects

When a test charge is introduced into a plasma, the free electrons and ions immediately
respond to the local perturbation due to their high mobility. A cloud of opposite charge
forms around the test charge and exponentially screens its electrostatic field [5]. The spatial
range of this collective effect is characterized by the Debye length λD, which reflects the
balance between thermal motion and the electrostatic ordering of charge carriers. The
Debye length λD and the electrostatic potential ϕ(r) of a test charge Q can be derived from
the following considerations. In the presence of an electrostatic potential ϕ(r), the electron
density ne(r) is given by the Boltzmann distribution

ne(r) = ne exp

(
e ϕ(r)

kBTe

)
, (1.2)

where ne denotes the unperturbed electron density far from the test charge, e is the
elementary charge, kB is the Boltzmann constant, and Te is the electron temperature. The
coordinate r denotes the radial distance from the test charge. Analogously, the ion density
ni(r) at ion temperature Ti is described by

ni(r) = ni exp

(
−e ϕ(r)

kBTi

)
, (1.3)

where ni is the unperturbed ion density.
The perturbation of the local charge density induced by the electrostatic potential ϕ(r) is
given by

ρ(r) = −e
[
ne(r)− ne

]
+ e

[
ni(r)− ni

]
, (1.4)

where ne(r) and ni(r) denote the position-dependent electron and ion densities, respectively,
and ne and ni are their unperturbed background values far from the test charge.
For sufficiently large distances from the test charge, where the electrostatic energy is small
compared to the thermal energy, i.e. eϕ(r)/(kBTe,i) ≪ 1, the exponential terms in the
density expressions can be simplified. Under this Debye–Hückel approximation, the charge
density simplifies to

ρ(r) ≈ − e2ne

kBTe

ϕ(r)− e2ni

kBTi

ϕ(r). (1.5)
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Substituting this expression into Poisson’s equation,

∇2ϕ(r) = −ρ(r)

ε0
, (1.6)

where ε0 denotes the vacuum permittivity, yields the screened electrostatic potential of a
test charge Q in a plasma,

ϕ(r) =
Q

4πε0r
exp

(
− r

λD

)
. (1.7)

Here, r is the radial distance from the test charge, and λD denotes the Debye length, defined
as

λD =

(
e2ne

ε0kBTe

+
e2ni

ε0kBTi

)−1/2

. (1.8)

If the region of interest is much larger than the Debye length, the plasma can be considered
quasineutral. In a quasineutral plasma with single-charged ions, the approximation ni ≈ ne

can be used. However, this approximation breaks down near the boundaries where the
plasma interacts with vessel surfaces.

1.1 Complex Plasmas and Plasma Crystals
When micrometer-sized particles are injected into a low-temperature plasma, they become
strongly negatively charged because of the higher mobility of electrons. Under appropriate
plasma conditions, these particles can spontaneously organize into highly correlated struc-
tures, including string-like and crystalline phases. The differences in this self-organization
arise from the particles’ interactions and mobility. At high particle kinetic energies, the
system behaves like a gas. As the system cools, the particle cloud reorganizes. As the kinetic
temperature decreases, the system typically transitions from a gaseous phase to a liquid
phase and, finally, to a crystalline phase. In the gaseous phase, the particles have high
kinetic energy and are disordered. As the system cools, electrostatic interaction energy
increasingly exceeds kinetic energy. This causes the system to become ordered and form
crystalline structures.
Analyzing these structures is essential for characterizing complex plasmas. Numerous stud-
ies demonstrate that changes in the degree of microscopic order can significantly impact
a material’s mechanical and optical properties [24, 25]. Reconstructing the positions of
particles and their correlations with neighboring particles allows one to identify the local
order.
Due to the screening effects previously discussed, particles interact not through a pure
Coulomb potential but rather through a screened Yukawa potential, which accounts for
Debye screening:

ϕ(r) =
Zde

4πε0r
exp

(
− r

λD

)
, (1.9)

where Zd is the particle charge number, e is the elementary charge, ε0 the vacuum permit-
tivity, r is the interparticle distance, and λD is the Debye length.
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A useful approximation for λD is

λD ≈
√

ε0kBTi

e2ne

, (1.10)

provided that Te ≫ Ti [5].
Since the particles form an additional plasma component, the quasineutrality condition
becomes

ne + Zdnd = ni

[5], where Zd is the particle charge number and nd the spatial density of the particles.
This relation is particularly relevant for Langmuir diagnostics, where ion density ni can be
measured directly [26].
Since the Yukawa interaction (1.9) only describes a repulsive force, the formation of ordered
structures cannot be explained by this potential alone. For crystal formation, the dust cloud
must also be compressed so that the particles are brought sufficiently close to each other.
This compression usually occurs through electrostatic fields that surround the particles.
Under laboratory conditions, gravity also leads to additional cloud compression.
The formation of plasma crystals therefore depends strongly on the strength of the elec-
trostatic interactions and on the local particle density. A central measure of interaction
strength is the Coulomb coupling parameter Γ:

Γ =
Q2

4πε0 rs kB Td

, (1.11)

where Q = Zde is the particle charge, rs the mean interparticle distance, and Td the particle
temperature. Strong coupling occurs when Γ ≫ 1.
The particle charge Zd usually scales with the particle size and is on the order of Zd ≈ 103 e
per micrometer of particle radius [27]. The interparticle distance rs is closely related to
particle density and is often approximated by the Wigner–Seitz radius

rs =

(
4

3
πnd

)−1/3

(1.12)

with nd denoting the density of the particles. It is clear that the strength of the interaction
increases with the density of the particles and thus with decreasing rs.
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The screening parameter κ quantifies the ratio between the interparticle distance rs and
the Debye length λD:

κ =
rs
λD

. (1.13)

Together with the Coulomb coupling parameter Γ, the screening parameter κ determines
whether ordered phases can form. If Γ is sufficiently large compared to κ, the crystalline
phase is the more stable state compared to the liquid phase.

In two dimensions, complex plasmas typically form hexagonal lattices [20], whereas in three
dimensions isotropic crystal structures such as hexagonal close packed (hcp), face centered
cubic (fcc), and body centered cubic (bcc) are commonly observed [16, 28]. However, under
the influence of external factors, these structures may experience anisotropic distortions.
Such effects are particularly relevant in direct current (DC) discharges. Because the plasma
in the PK-4 experiment is generated by a DC discharge, these anisotropic effects are
discussed in detail in the following chapter.
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1.1.1 Ion Wake Effects

In DC plasmas, ions move predominantly along the electric field direction. Under each
negatively charged particle, a region of positive space charge forms, commonly referred to
as an ion wake. This region modifies the effective interaction potential in an anisotropic
manner, as illustrated in Figure 1.1. When the external field is constant, the wake potential
is asymmetric, resulting in an attractive force that is not reciprocal, which effectively
violates Newton’s third law [29]. However, if the ion stream is periodically reversed by an
alternating electric field [30, 31], the time-averaged wake potential becomes symmetric and
therefore reciprocal.

Figure 1.1: Particle potentials: a) Yukawa potential, b) effective potential in a direct current
field, and c) potential in the polarity switching mode.

Ivlev et al. [31] showed that the effective wake potential can be expressed in terms of
multipoles, with the dipole term providing the dominant asymmetric contribution. The
resulting potential contains a screened repulsive component and an attractive component
downstream of the ion flow:

ϕ(r, ϑ) ≃ Q

4πε0

[
e−r/λD

r
− 2

√
2

2π

MTλ
2
D

r3
cosϑ− (2− π

2
)M2

T

λ2
D

r3
(
3 cos2 ϑ− 1

)
+ · · ·

]
.

(1.14)
Equation (1.14) represents a multipole expansion of the screened interaction potential in
spherical coordinates, where dipole and quadrupole terms introduce anisotropic corrections
to the isotropic Yukawa interaction. The angle between the direction of the ion drift and
the position vector r is denoted by ϑ.
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The thermal Mach number is defined as MT = ui/vT , where ui is the ion drift velocity and
vT =

√
kBTi/mi the thermal ion velocity.

The strength of the wake potential depends on the Debye length. The attractive quadrupole
contribution scales as ∝ p−3I−1 and is particularly strong at low ion currents I and low
neutral gas pressures p [31]. Consequently, both the strength and the angular structure
of the interaction potential are strongly controlled by the discharge parameters and the
geometry of the ion drift. In DC operation, a stationary ion flow develops along the field
direction. A stable ion focus forms behind each particle and generates a strongly anisotropic
dipolar wake field [31]. This leads to nonreciprocal forces, which are characterized by the
fact that the focusing area behind a particle exerts a stronger attractive force on the
downstream particle than vice versa. The system is therefore non-Hamiltonian and tends to
form particle chains aligned with the electric field.
When the electric field is periodically reversed, the structure of the effective potential
changes. Because electrons, ions, and dust particles have significantly different masses, they
respond differently to temporal variations of the electric field.
Because of their small mass, electrons respond almost instantaneously to temporal field
variations. Their characteristic response time is determined by the electron plasma frequency
ωpe:

ω2
pe =

nee
2

meε0
. (1.15)

Electrons with mass me can respond to perturbations with frequencies in the gigahertz
range.
Ions respond more slowly due to their higher mass. The plasma-ion frequency ωpi is

ω2
pi =

nie
2

miε0
, (1.16)

and typically lies in the megahertz range.
Dust particles, being the heaviest charged species in complex plasmas, respond the slowest.
Their plasma frequency ωpd is

ω2
pd =

ndZ
2
de

2

mdε0
, (1.17)

and is typically on the order of a few kilohertz.
In radio-frequency RF discharges operating at frequencies of several megahertz, ions respond
too slowly to follow the rapid variations of the electric field. The time-averaged ion drift
vanishes, causing the dipolar (cosine-like) contribution of the wake potential to average out
over many cycles, and the effective interaction potential becomes symmetric and nearly
isotropic.
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The polarity switching mode of the PK-4 experiment creates a special intermediate regime.
The switching frequency is between 100 and 1000Hz and low enough for ions to follow
the field. A dipolar wake potential forms during each alternation, with its orientation
periodically reversing. Over many cycles the dipole contribution averages out, while the
quadrupole contribution persists. Ivlev et al. [31] show that this produces an anisotropic
but reciprocal potential as illustrated in Figure 1.1. The system is therefore Hamiltonian in
this mode.
In polarity switching mode an anisotropic quadrupolar wake field remains that generally
arranges the particles into chain-like structures along the electric field direction. Depending
on gas pressure, switching frequency, and external forces, crystalline structures may also
form. In addition to isotropic fcc, hcp, and bcc phases, anisotropic structures such as
face centered orthorhombic (fco), body centered orthorhombic (bco), and body centered
tetragonal (bct) appear [32, 33], as illustrated in Figure 1.2.

Figure 1.2: Three dimensional representations of the most important crystalline structures
in complex plasmas. Blue spheres indicate particle positions within the corresponding unit
cells, and black edges outline the geometric shapes of the cells.

A central challenge in analyzing such crystalline structures is that experimental datasets
typically contain multiple phases simultaneously.
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Isotropic and anisotropic crystal structures often coexist within the same particle cloud
and exhibit different levels of noise and distortion depending on their spatial position.
A major reason is the gravitational compression present under laboratory conditions. The
particle density varies significantly with height, which alters the screening parameter
κ and shifts the locally preferred crystal structure [34]. Additional variations arise from
spatially inhomogeneous plasma parameters. These variations are particularly pronounced in
boundary regions. Additional sources of uncertainty arise from the experimental acquisition
process itself. These include limited precision in three-dimensional reconstruction, errors
in particle detection, and Brownian motion of the particles. These effects generate point
clouds that are noisy, slightly displaced, or incomplete, making it difficult to identify local
structures. To address these uncertainties, Publication I introduces a method for determining
particle positions with high precision.
Several established methods exist for the structural analysis of three dimensional crystal
systems. This includes bond orientational order parameters (BOOP) [35], pair and triple
correlation functions [34, 36], common-neighborhood analysis (CNA) [37], and Minkowski-
based measures [38]. While these methods provide valuable insights, they face limitations in
multiphase systems, where they are often sensitive to noise, involve user-defined parameters,
or lose accuracy near phase boundaries.
The work of Dietz et al. [28] offers a promising approach that combines several parameter-
free geometric and topological descriptors into a unified signature that can be analyzed with
classical machine learning techniques. Building on these developments, Publications II and
III aim to advance structural identification in complex plasmas using modern deep learning
methods. These approaches include point-cloud neural architectures such as PointNet
and symmetry-equivariant models such as the SE(3) Transformer, which learn structural
representations directly from three-dimensional particle coordinates. These models are
robust to experimental disturbances and offer significantly better generalization capabilities
than classical rule-based methods.
The following chapter describes the setup of the PK-4 experiment, which provides the
datasets and the physical context for the analysis presented in this dissertation.
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1.2 Plasmakristall 4 Experiment

The PK-4 experiment (see Figure 1.3), described in detail by Pustylnik et al. [21], has been
installed in the European Columbus module of the ISS since 2014 and has been operational
there since 2015. The Plasma and Space Physics Group at Justus Liebig University Giessen
has access to two models of PK-4. The first is an Engineering Model (EM), modified for
operation under microgravity conditions during parabolic flights. The second is the Science
Reference Model (SRM) No. 1, which is identical in design to the flight model installed
onboard the ISS. All investigations presented in this dissertation were conducted using the
EM.

Figure 1.3: Sketch of the PK-4 experiment, provided by the Thoma research group of JLU
Giessen. Shown are the ignition of the DC plasma (1), microparticle injection (2), the
arrival of microparticles in the PO camera field of view (3), and trapping through polarity
switching mode (4).

Plasma Chamber

The plasma chamber consists of a π-shaped glass tube with an inner diameter of 30 mm. It
is composed of a 500mm long main tube and two side tubes, each 180mm in length. The
central working region covers the middle 200 mm of the main tube and is designed to allow
full optical access by the camera system.
The active and passive electrodes are located at the ends of the side tubes. A direct current
discharge is generated between these electrodes. The active electrode simultaneously serves
as the gas inlet and is electrically insulated by a porous ceramic element.
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Gas and Vacuum System

The gas supply system allows operation with neon, argon, or an argon-oxygen mixture.
The working pressure can be stabilized between 10Pa and 250Pa. The gas flow rate is
adjustable between 0.1 and 10 sccm. A turbomolecular pump, backed by a mechanical
forepump, achieves a base pressure below 2× 10−5 mbar. Pressure control is provided by
several piezoelectric pressure sensors and electronic controllers.

Microparticle Dispensers

Six dispensers are available for injecting microparticles into the plasma, arranged symmetri-
cally on the side tubes of the plasma chamber. Three of the dispensers operate on a gas jet
principle and inject particles using short gas pulses. The remaining dispensers employ an
electromagnetic shaking mechanism. This mechanism is controlled by the parameters on
time Ton, relaxation time Toff , and the number of shaking cycles Nshakes.
The dispensers contain monodisperse melamine formaldehyde particles with diameters
between 1.3 and 10.6µm. For experiments that require minimal disturbance, the shaker-
type dispensers are preferred, since they generate essentially no additional gas flow compared
to gas jet dispensers. In all experiments presented here, exclusively shaker-type dispensers
were employed.

Plasma Generation

The main plasma source of PK-4 is a DC discharge driven by a bipolar high-voltage
generator. This source provides currents from −3.1 to 3.1mA and voltages up to 2.7 kV.
The discharge can be operated either in stationary DC mode or in polarity switching mode.
The duty cycle

δ =
t1
t2

(1.18)

defines the ratio of the duration of the positive polarity phase t1 to the total period t2. As
already mentioned, the switching frequency can be set between 100 and 1000Hz.
Due to their large mass and inertia, the particles cannot follow the rapid alternation of the
electric field. They respond only to the time-averaged force. This makes it possible to keep
the particles stable within the camera field of view or to move them in a controlled way by
adjusting the duty cycle.
In addition to the DC discharge, an inductively coupled RF discharge is available. It is
generated by two coils wound around the glass tube, one of which can be moved along the
axis of the tube. The RF source operates at a frequency of 81.36MHz and can deliver up to
5W of power per channel. However, the RF discharge was not utilized in the experiments
presented in this dissertation.
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Optical Diagnostics

Two high-resolution camera systems are available for particle observation: a CCD camera
(PO2, 1600× 1200 pixels) and a CMOS camera (xiQ, 2048× 2048 pixels). Both cameras
are mounted on a precision translation stage, enabling movement in both the axial and
radial directions. The xiQ camera was used for our studies due to its superior resolution.
Illumination is provided by a 532nm laser that is shaped into a thin light sheet. This
configuration enables two-dimensional imaging, which can be used to reconstruct two- or
three-dimensional particle distributions.
The setup is also equipped with a Plasma Glow Observation System that generates three
simultaneous views of the plasma chamber using a kaleidoscopic mirror arrangement. Two
of these views are spectrally centered on characteristic neon emission lines and provide
qualitative information about the spatial distribution of plasma emission. The third view is
spectrally integrated and includes the scattered light of the illumination laser, which allows
the global particle distribution to be visualized.

1.2.1 Onboard Data Processing and Autonomous
Experiment Control

Since Earth’s gravitational field has a direct influence on the behavior of the particles in the
plasma, additional experiments were carried out under microgravity conditions as part of
this work. Such conditions can be realized in several ways, including drop tower experiments
[39], parabolic flights [40], sounding rocket missions [41], or experiments onboard the ISS.
The microgravity data analyzed in this dissertation were obtained from parabolic flight
experiments conducted during the German Aerospace Center (DLR) campaigns 42 [42] and
44 [43]. These campaigns were organized by DLR and carried out by Novespace [40].
Each campaign is composed of three flight days, with one flight per day and a total of
31 parabolas per flight. A single parabola consists of approximately 20 s of hypergravity
(≈ 2g), followed by 22 s of microgravity (≈ 0g) and another 20 s of a hypergravity phase.
The maneuvers take place at altitudes between 6000 and 8500m.
The microgravity phase therefore defines the critical time window for data acquisition.
Consequently, the experiments are required to be conducted within the aforementioned
time window of 22 s.
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Integration of an Onboard AI System

For the parabolic flights, the EM was extended by an NVIDIA Jetson AGX Orin Developer
Kit module with the following key specifications:

Component Specification
CUDA cores 2048 CUDA cores and 64 Tensor cores
Processor 12 core ARM Cortex A78AE
Memory 64GB LPDDR5 RAM (204.8GB/s bandwidth)
AI performance up to 275TOPS

Table 1.1: NVIDIA Jetson AGX Orin key specifications.

This computational capacity enables real-time onboard analysis of camera data. As a
result, AI-based methods for detecting physically relevant events can already be applied
during the parabolic flights, which is particularly important given the short duration of the
microgravity phases.
In principle, this hardware is also well suited for experiments onboard the ISS and is
therefore considered for the follow-up project COMPACT [44]. However, for such mission
scenarios, operational reliability and fault tolerance must be carefully taken into account.
It is important to note that the NVIDIA Jetson AGX Orin Developer Kit does not provide
Error Correction Code (ECC) protection for its RAM. Memory bit flips, which may be
induced by radiation effects, electrical noise, or environmental influences, can lead to silent
data corruption and affect computing accuracy.
As part of a Master’s thesis conducted within the AIPEX project, investigations were
carried out to study the impact of memory bit flips on the accuracy and performance of
neural networks. The results suggest that isolated memory errors can result in measurable
degradation of inference accuracy or unstable network behavior. The Industrial variant
of the Jetson AGX Orin module, in contrast, supports ECC-protected LPDDR5 memory,
which significantly increases system robustness and reliability. For long-duration and
radiation-exposed mission scenarios, such as experiments conducted on the ISS, the use of
ECC-protected memory is therefore strongly recommended to ensure reliable onboard data
processing.
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Adaptive Experiment Control

The Jetson module is fully integrated into the PK-4 control system via the CAN bus and
thus enables autonomous control in real time. Based on image data evaluated directly
onboard, ordered structures can be detected automatically. Experimental parameters are
then adapted dynamically to the current plasma state, for example, through continuous
fine-tuning of the duty cycle. At the same time, the control logic is integrated in a manner
that enables active stabilization of the particles within the camera field of view. Furthermore,
an automated particle detection routine was implemented, allowing the deceleration of the
particle cloud in a controlled manner and its subsequent capture within the observation
region.
The structural complexity described above, combined with the large volume of experimental
data generated in experiments at PK-4, renders purely rule-based or manually tuned analysis
methods increasingly insufficient. To address these limitations, this work adopts modern
machine learning techniques that can learn structural representations directly from data
while remaining robust to noise and distortions. Therefore, the subsequent chapter presents
the theoretical basis of machine learning and offers a systematic overview of the neural
network architectures employed in this dissertation.
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1.3 Theoretical Background of Machine Learning and
the Network Architectures Used

Machine learning (ML) is a subfield of artificial intelligence that deals with developing algo-
rithms that derive patterns and correlations from data without being explicitly programmed
or manually parameterized. Classical ML methods typically rely on comparatively low-
capacity model classes such as linear regression, decision trees, or support vector machines
[45]. In contrast, deep learning is a specialized field that uses artificial neural networks with
multiple hidden layers. This feature enables deep learning models to capture nonlinear,
hierarchical, and abstract feature representations, representing a significant advance in
machine learning capabilities [46]. This is especially useful when the underlying physical
processes are complex, noisy, or difficult to analyze.
At its core, supervised learning aims to approximate a function f(x) that maps elements of
an input space X to corresponding outputs in a target space Y . A fundamental learning
paradigm for constructing such a function is supervised learning. In this context, the training
dataset consists of input data Xi and their associated labels Yi. The model is trained to
make predictions that correspond as closely as possible to Yi. By optimizing the model on
labeled examples, it learns to generalize the underlying patterns to previously unseen data.
The model is configured to learn a representation of the underlying structure

fθ : Xi 7→ Yi, (1.19)

by optimizing the parameters θ such that the predictions match the labeled targets as
closely as possible [46]. Supervised learning is therefore particularly well suited to tasks
such as classification, regression, or object detection, for which labeled training data are
available.
In physics, ML and especially deep learning open up new possibilities for analyzing complex
systems, identifying variable structures, and extracting latent patterns from experimental
measurements. Review articles such as Mehta et al. [47], Tang et al. [48], and Carleo et
al. [49] highlight the growing importance of data-driven methods in research areas ranging
from statistical physics and quantum mechanics to strongly coupled plasmas.
In this work, deep learning methods are used to analyze image data and three dimensional
particle distributions in complex plasmas and to extract structural information from them.
The following sections therefore introduce the theoretical foundations of the network
architectures that are used later in this dissertation: U-Net, PointNet, and the SE(3)
Transformer. These models are designed to represent different classes of neural networks
and target various data types, ranging from convolutional networks for image data and
point cloud-based architectures to symmetry equivariant graph neural networks, which
consistently incorporate spatial transformations.
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Activation Functions

For neural networks to capture complex patterns and nonlinear relationships, they require
activation functions. These are applied after each linear transformation and introduce
nonlinearity; without them, a multilayer network would mathematically reduce to a single
linear mapping.

One of the most widely used activation functions is the rectified linear unit (ReLU) [50].
For a given scalar input x ∈ R, which denotes the pre-activation value of a neuron, the
function is defined as

ReLU (x) = max(0, x) =
x+ |x|

2
. (1.20)

ReLU passes the positive input values unchanged and sets the negative values to zero,
which supports stable gradient flow. However, ReLU is not differentiable at the origin and
produces piecewise-linear outputs, which can be undesirable in models that rely on smooth
geometric or physical dependencies.
The softplus activation provides a smooth, fully differentiable approximation to ReLU and
is often used when continuity and stable gradients are required [50]:

softplus(x) = ln(1 + ex). (1.21)

Softplus avoids the abrupt cutoff of ReLU and yields smooth transitions even for small or
negative inputs, which can be advantageous in geometry-aware architectures such as graph
neural networks and equivariant models.
For binary classification tasks, the sigmoid function [46] is often used:

sigmoid(x) =
1

1 + e−x
, (1.22)

which maps any real value to the interval (0, 1) and can therefore be interpreted as a
probability. For multiclass problems, the softmax activation [51] is typically applied in the
final layer:

softmax (x)j =
exp(xj)∑K
k=1 exp(xk)

, (1.23)

which converts the model outputs into a probability distribution over all K classes.
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On this basis, a loss function is defined that measures the discrepancy between the model
prediction ŷ and the target y. For regression problems, the mean squared error (MSE) is
commonly used:

MSE =
1

K

K∑

i=1

(yi − ŷi)
2. (1.24)

The MSE quantifies the average squared deviation and penalizes large errors particularly
strongly.
For classification tasks, the categorical cross entropy loss is typically employed:

CCE = −
K∑

i=1

yi · log(ŷi), (1.25)

with truth value yi, predicted value ŷi and the number of classes K. Since target labels are
usually given in a one-hot encoding, cross entropy directly evaluates how much probability
the softmax output assigns to the true class.
Model parameters are optimized using gradient based methods, in which the parameters
are updated in the direction of the negative gradient of the loss function. Through the
interaction of suitable activation functions and an appropriate loss function, neural networks
can learn complex decision boundaries and generalize reliably.

Artificial Neural Networks

The supervised learning framework forms the basis for the use of modern deep learning
models. Understanding the underlying network architectures is essential for physical appli-
cations such as the analysis of complex plasmas. This section outlines the key properties of
artificial neural networks, which are the conceptual foundation for the rest of this chapter.
Neural networks consist of layers of artificial neurons that combine linear transformations
with nonlinear activation functions. The classical example is the multilayer perceptron
(MLP) [52], which forms the conceptual basis of many modern deep learning architectures
[47]. An MLP consists of an input layer, several hidden layers, and an output layer (see
Figure 1.4). Since each neuron is connected to all neurons in the next layer, such architectures
are referred to as fully connected networks.
Despite its simple structure, the MLP is still widely used, for example as a classification
head in more complex architectures such as PointNet or in various types of graph neural
networks (GNNs) [53, 54]. The behavior of an artificial neuron can be described as a linear
transformation of the inputs followed by a nonlinear activation. For the i-th layer, the
activation A(i) is given by

A(i) = g
(
W (i)A(i−1) + b(i)

)
, (1.26)

where W (i) is the weight matrix, b(i) the bias vector, and g an activation function such as
ReLU (or, in the output layer, softmax).
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Figure 1.4: Schematic illustration of the MLP architecture with one-hot encoded output
(neuron 2 is classified as active).

During training, the network parameters are optimized by gradient descent so that the
model prediction fθ(x) matches the target values as closely as possible. This is achieved
using the backpropagation algorithm, which efficiently propagates the gradients of the loss
function through all layers [55]. The universal approximation theorem states that even
shallow networks can represent any continuous function in compact sets [56, 57]. Deep
neural networks exploit this by using a hierarchical organization. Shallow layers capture
local, low-level patterns, and deeper layers encode increasingly abstract, global structures.
This property is particularly relevant to physical systems, which often have multiscale
dependencies [49].
In the context of image data, this hierarchical processing is commonly realized by combining
fully connected layers with convolutional and pooling operations. Classical convolutional
neural networks (CNN) operate on regularly structured inputs such as images and derive
translation-equivariant features through convolutional operations. A convolutional layer
applies a small, trainable filter kernel across the input grid and computes locally weighted
responses that emphasize characteristic spatial patterns, including edges, corners and
textures [58, 59].
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Mathematically, the discrete convolution of a two dimensional input I with a kernel k at
spatial position (i, j) is given by

(k ∗ I)(i, j) =
∑

m

∑

n

I(i+m, j + n) k(m,n), (1.27)

where the kernel size is (2m+1)× (2n+1). Because the same kernel is applied at all spatial
positions, the resulting representation is equivariant to translations, meaning that a shifted
input generates a correspondingly shifted feature map. This parameter sharing significantly
reduces the number of trainable weights and enables convolutional architectures to learn
spatial hierarchies in an efficient and data-driven manner.
To further condense information and enhance robustness against local perturbations, convo-
lutional networks commonly incorporate pooling mechanisms. In max pooling, the output
at location (i, j) is the maximum activation,

Pi,j = max
m,n

X i·ŝ+m, j·ŝ+n, (1.28)

where X denotes the input feature map, P is the result of the max-pooling operation,
ŝ is the stride, m and n specify the height and width of the pooling window, and Pi,j

represents the output at location (i, j) [46]. The stride ŝ specifies how many pixels the
filter or pooling window moves with each step, thereby determining how much the output
is spatially reduced. Whereas average pooling aggregates the mean value within the same
window by computing

Pi,j =
1

mn

∑

m

∑

n

X i·ŝ+m, j·ŝ+n. (1.29)

Max pooling is typically used for object detection tasks, as it highlights the strongest and
most relevant features, while average pooling is used when a more uniform, information-
preserving representation is required, such as for reconstruction or smoothing tasks [46].
Both operations reduce spatial resolution. They retain essential feature characteristics. This
supports the formation of increasingly abstract representations.
These mechanisms form the computational basis of many successful image-processing ar-
chitectures, including the U-Net model [60] introduced in the following section. However,
CNNs are fundamentally based on the assumption of a regular grid structure and fixed
local neighborhoods. This assumption is incompatible with the irregular geometry of three
dimensional particle configurations in complex plasmas, where point clouds do not have a
uniform sampling pattern or a canonical notion of neighborhood. As a consequence, CNNs
cannot directly encode the geometric relationships present in such systems, which motivates
the use of architectures specifically designed for non-Euclidean data, such as PointNet [53]
and modern graph neural networks [54]. These models support the direct processing of
unordered point sets and explicitly incorporate structural relationships between particles
into the feature representation. They thus form a central methodological basis for the
approaches developed in this work for the structural analysis of complex plasmas.
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1.3.1 U-Net Architecture

The U-Net architecture [60] was originally developed for biomedical image segmentation
and is specifically designed to combine semantic context with high spatial resolution. These
properties make it particularly well suited for physical applications in which precise detection
and separation of individual objects is necessary, such as the detection and localization
of microparticles in complex plasmas. A key feature of the architecture is the use of skip
connections, which transfer high-resolution spatial information from the encoder to the
decoder. This enables precise segmentation, even of small or closely spaced particles.
The U-Net architecture follows a symmetric encoder-decoder design with a contracting path
for feature extraction, a compressed latent space (bottleneck), and an expanding path for
reconstructing the output image (see Figure 1.5).

Figure 1.5: Schematic representation of the U-Net architecture with encoder, bottleneck,
decoder and skip connections.

Encoder (Contracting Path) The encoder extracts relevant features through successive
convolutional layers, nonlinear activation functions such as ReLU, and subsequent pooling
operations. As a result, spatial resolution is reduced while the number of feature maps
increases.
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Bottleneck The latent space or bottleneck contains the deepest representation of the
image. It provides a highly compressed representation in which global contextual information
is concentrated. This representation serves as the starting point for the reconstruction
process in the decoder.

Decoder (Expanding Path) The decoder reverses the compression introduced by the
encoder progressively. This process involves upsampling and transposed convolutions. The
characteristic skip connections concatenate the corresponding encoder feature maps with
the decoder feature maps. In this way, both global and local information contribute to the
segmentation, enabling pixel-accurate reconstruction.

Advantages and Application

U-Net combines local and global image information, efficiently reuses high-resolution features
via skip connections, and can be adapted to different computational budgets by varying the
network depth.
In Publication I [61] (see Chapter 2), U-Net was used for automated segmentation of
microparticles in PK-4 image data. For each input image, the network produces a binary
segmentation mask that assigns each pixel a probability of belonging to a particle. Particle
positions are then obtained by computing the centroids of the brightest connected pixel
regions. This allows reliable localization of particles even in strongly noisy or partially
overlapping image regions.
For rapidly moving particles, this method offers clear advantages over classical thresholding
or filtering approaches [62]. Localization is not based on single pixel intensities but on
learned shape and context features, which makes detection significantly more robust under
varying illumination conditions and overlapping structures. The resulting segmentation
allows for the precise determination of particle trajectories and improves the stability of
subsequent analyses.
The U-Net based segmentation developed in this study served as the foundation for many
subsequent studies within the PK-4 experiment. The high accuracy of the reconstructed
positions enabled detailed analyses of wave fronts, anisotropic structure formation, and
electro-rheological effects [19]. In addition, an extended network variant was trained to
reliably detect ordered chain-like structures [63].
To make the method usable in different hardware environments, we employed both full-size
and compact U-Net variants. The full-size version provides maximum segmentation accuracy,
while compact models with fewer parameters enable efficient processing in settings with
limited resources, such as during parabolic flight campaigns. The particle positions extracted
by U-Net serve as the quantitative input for all subsequent structural analyses.
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1.3.2 Reconstruction of Three Dimensional Particle Positions

The particle positions detected by U-Net in individual camera images form the basis for
the three dimensional reconstruction of the particle cloud. In the PK-4 data are acquired
through a sequential scan along the y-axis. To achieve this, the camera and the illumination
laser are mounted on a precision translation stage and moved together along the scan
direction. In all experiments presented in this work, the scan was performed at a constant
velocity of 5mms−1. As the stage moves, two dimensional images are recorded continuously
at a fixed frame rate, which is typically 60 fps.
The camera observes the x–z plane orthogonally, such that each recorded image corresponds
to a planar slice of the plasma volume. From the known scan velocity and frame rate, the
distance between consecutive image planes can be determined, allowing the recorded images
to be stacked with a well-defined spacing along the scan direction. By stacking these slices
accordingly, a volumetric dataset is obtained that encodes the three dimensional intensity
distribution of the particle cloud (see Figure 1.6).

Figure 1.6: Schematic illustration of the scan along the y axis (A) and the resulting point
cloud (B).

Within this reconstructed volume, the detected particles are consistently associated across
images using an optimized self-organizing map (SOM) [64, 65]. The SOM assigns particles
in successive images to their nearest neighbors and thus enables continuous tracking of
individual particles across the entire scan. It should be noted that the particles captured
within the camera field of view are not perfectly stationary during the scanning process.
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Although the experimental conditions are adjusted to minimize particle motion and to
confine the particle cloud as stably as possible, a residual drift of the cloud is always present.
Experimental parameters are adjusted such that the residual motion is predominantly
unidirectional, such that all particles drift coherently in the same direction during the
scan. During the three dimensional reconstruction, this residual drift is accounted for by
evaluating the mean displacement of the tracked particle positions over the scan. Individual
trajectories are corrected by subtracting the average displacement. Final three-dimensional
particle positions are obtained by averaging corrected positions along the scan direction.
This procedure reduces reconstruction artifacts caused by residual motion and improves the
spatial consistency of the reconstructed particle cloud. Conceptually, this approach is similar
to tomographic reconstruction, in which information from individual slices is combined
to create a three dimensional volume. Combining neural segmentation and volumetric
reconstruction is a crucial intermediate step that transforms experimental raw data into
a representation suitable for point cloud based methods, such as PointNet. On this basis,
both local structural properties of individual particles and collective order parameters and
symmetries within the particle cloud can be analyzed systematically.
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1.3.3 PointNet and WignerNet

Based on reconstructed particle positions, PointNet [53] offers a solid architecture for
learning from unordered point sets. Unlike image or grid data, point clouds do not lie
on a regular structure. Rather, they form finite sets of points in three dimensional space
without a natural ordering. Consequently, classical neural network architectures, such as
convolutional or sequence models, cannot be applied directly to point clouds. Therefore, a
suitable architecture must be permutation-invariant, meaning it produces the same output
regardless of the input point ordering.
PointNet was designed specifically to process point clouds directly. The network initially
treats each point independently of the others and applies an identical MLP to its coordinates,
thereby producing locally defined feature vectors. Before this step, a learnable transformation
network, or T-Net, transforms the point coordinates into a canonical reference frame. The T-
Net learns a linear transformation of the point cloud to compensate for geometric variations
such as rotations and translations. It outputs a matrix T ∈ R3×3 that is optimized during
training such that similar configurations are mapped to comparable regions in feature space
regardless of their orientation. A regularization term of the form

Lreg = ∥I − TT⊤∥2F (1.30)

ensures that T remains close to an orthogonal matrix and does not introduce distortions.
After normalization, the locally extracted point features are aggregated into a global
representation via a symmetric pooling operation. This aggregation ensures permutation
invariance and identifies the points that are most influential for specific feature dimensions.
Qi et al. [53] show that these points form a so-called critical point set, a small subset of
the point cloud that carries the essential geometric information. As long as these points
are preserved, the global representation will remain highly robust in the presence of noise,
outliers, and missing points. The global descriptor is then processed by a classical feedforward
neural network, which performs the final classification.

Advantages and Application

Compared to alternative methods of processing three dimensional point data, PointNet
offers several significant advantages. Voxel-based approaches discretize the point cloud on
a regular grid, resulting in a loss of fine structural detail and rapidly increasing memory
requirements with resolution. This poses a serious practical limitation for experimental
datasets containing several thousand particles. Multi-view methods project the point cloud
onto different image planes and enable the use of established convolutional networks.
However, they are sensitive to perspective distortions and heavily depend on the choice of
projections.
PointNet overcomes these limitations by operating directly on unordered point coordinates.
This preserves the continuous geometric representation of the particle positions without
discretization.



26 1. Introduction

The combination of pointwise feature extraction, symmetric aggregation, and T-Net results
in high robustness to the typical experimental uncertainties present in real plasma crystals.
These properties make PointNet particularly well-suited for analyzing reconstructed point
clouds from the PK-4.
Building on the PointNet architecture, Publication II [66] (see Chapter 3) introduces
an adapted model called WignerNet. Although PointNet can be applied directly to the
three dimensional particle positions of strongly coupled plasma systems, it quickly faces
limitations in practical structure classification. The raw point positions of different crystal
structures often differ only slightly. Therefore, even small measurement uncertainties or
thermal fluctuations can significantly reduce discrimination. At the same time, multiple
crystal structures must be reliably identified within a single particle cloud despite their
occurrence at different noise levels and local distortions. Furthermore, PointNet requires
sufficiently dense point sampling for stable classification, which the raw particle positions
do not guarantee.
Therefore, robust identification requires a representation that uniquely and reliably en-
codes the local neighborhood of a particle without relying on manually tuned parameters.
WignerNet addresses this requirement precisely. It derives structurally relevant geometric
features from three dimensional positions, providing a much more discriminative basis for
classification.
The structural basis of the method is the Wigner-Seitz cell, which is defined uniquely for
each crystal structure and retains its essential geometric properties, even in the presence of
strong noise. The classification performance of a PointNet-based model depends heavily
on the number of points representing the underlying structure. The denser these points
are distributed across the structure, the more precisely the model can capture structural
differences. However, a complete sampling of the entire cell surface would require a very
large number of points, which would substantially increase the computational cost.
To avoid this issue, a more efficient strategy was chosen. Only the edges of the Wigner-Seitz
cell are sampled with a fixed number of support points, rather than sampling the entire
surface. This compact representation preserves the cell’s essential geometric features while
enabling robust and efficient processing by the neural network.
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First, the Wigner-Seitz cells are obtained through Delaunay triangulation of the point cloud.
Subsequently, 1000 uniformly distributed support points are sampled along the edges of
each cell. This process produces a standardized, comparable point cloud that serves as input
for the network. Based on these point clouds, the model classifies the underlying crystal
structure, for example fcc, bcc, or hcp (see Figure 1.7).

Figure 1.7: Schematic illustration of the WignerNet based analysis of a bcc structure.

In contrast to classical vector- or descriptor-based analysis methods, which rely on explicitly
defined structural features and are often sensitive to noise, WignerNet operates directly on
three dimensional position data. There is no need to define neighborhoods, symmetry axes,
or geometric invariants manually. The network learns these relationships from the training
data, which makes it more flexible and widely applicable.
Studies on synthetic and labeled datasets show that WignerNet identifies local crystal struc-
tures with high accuracy and remarkable robustness. The model has also been successfully
applied to experimental PK-4 data, where it produces consistent structure classifications
even under realistic, noisy conditions. WignerNet thus opens up new perspectives for
studying phase transitions and ordering processes in complex plasmas.
When taking into account highly variable anisotropic structures with varying spatial
orientations and cell geometries, PointNet reaches its conceptual limits. In particular,
the simultaneous classification of isotropic and anisotropic phases under varying noise
levels becomes increasingly unreliable, as PointNet lacks an explicit mechanism to encode
physically meaningful variations in edge lengths and anisotropies.
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1.3.4 SE(3) Transformer

A detailed analysis of anisotropic particle configurations requires a model that respects
the geometric structure of physical space rather than learning it implicitly from data.
Methods such as PointNet are permutation-invariant but do not encode how a three
dimensional system transforms under rotations and translations. As a result, they must
learn these transformations entirely from examples, which reduces sample efficiency and
limits generalization to unseen orientations. The SE(3) Transformer [67, 68, 69] overcomes
this limitation by enforcing strict equivariance with respect to the special Euclidean group
SE(3). Its internal representations transform exactly as the input does when the entire
system is rotated or translated, which is essential for analyzing plasma crystals whose
orientations may vary freely in experiments.
Conceptually, the SE(3) Transformer extends the transformer architecture to spatial geome-
try. As in classical transformers, the model determines the relevance of interactions through
an attention mechanism based on queries, keys, and values. Each particle is projected
into these representations, where the query encodes what information a particle seeks, the
key encodes what another particle provides, and the value encodes what information is
ultimately transmitted. The scalar product q⊤i kj measures the physical relevance of particle
j for particle i. The pair-based attention weights for a given query qi

αij =
exp(q⊤i kij)∑
j′ exp(q

⊤
i kij′)

, (1.31)

can be interpreted as effective, dynamically learned interaction strengths [67]. The similarity
between a query and a key therefore determines how strongly two particles interact. This
produces a flexible and data-driven interaction pattern, allowing the model to capture both
short-range and long-range correlations without requiring predefined neighborhoods.

Embedding Physical Symmetry: SE(3) Equivariance

To apply this principle to three dimensional point clouds, the SE(3) Transformer represents
the system as a graph whose nodes store particle positions and features, while edges encode
their geometric relations. Message passing is used to exchange information between particles.
To ensure physical consistency, all internal operations must respect the symmetries of SE(3).
When the point cloud is rotated or translated, queries, keys, values, and messages must
transform in the mathematically correct way. This is achieved by representing features not
as ordinary vectors but as tensor fields of different orders, which transform according to
the irreducible representations of the rotation group SO(3) [70].
Scalars remain invariant, vectors rotate with the familiar three dimensional rotation matrix,
and higher-order tensors transform according to more complex rules. These transformations
are described by Wigner D matrices, which ensure that each tensor type behaves consistently
under rotations and thus preserves the physical structure of the system.
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These matrices represent a rotation in the irreducible representation of degree ℓ and have
dimension Dℓ = (2ℓ+ 1)× (2ℓ+ 1). For ℓ = 0, the representation reduces to the scalar 1,
which means that scalar quantities are invariant. For ℓ = 1, Dℓ corresponds to the familiar
three dimensional rotation matrix that describes the transformation of vectors. For higher
values of ℓ, the dimension increases and encodes the transformation of more complex angular
dependencies. This representation technique is central to modeling orientation correctly in
three dimensional systems. It ensures that higher-order tensor fields transform consistently
with the physical structure and is therefore essential for representing orientation dependent
geometries. The filters used in message passing follow the construction principles of tensor
field networks. They process the relative position between particles by separating it into a
learned radial part and a fixed angular part expressed in a basis of spherical harmonics and
Clebsch–Gordan matrices. This guarantees that the angular dependence of the filter satisfies
the symmetry constraints of the rotation group. When tensor features of different orders
interact, their combination is governed by Clebsch–Gordan coefficients, which specify how
tensor fields may couple without violating equivariance. The SE(3) Transformer therefore
integrates attention, message passing, and representation theory into a single architecture
whose internal structure naturally aligns with the symmetries of physical space.

Advantages and Application

In Publication III [71] (see Chapter 4), a specialized form of a SE(3) Transformer is used as
the local backbone of PlasmaCrystalNet. The SE(3) Transformer provides a theoretically
robust and fully equivariant framework for processing three dimensional particle clouds.
However, in the context of plasma crystals the local environment of a particle can be
described by quantities that are rotationally and translationally invariant, such as distances,
coordination statistics, and bond angles [28]. Because these descriptors already encode most
of the relevant geometric information without requiring a complete tensorial treatment, the
complete tensor algebra of SE(3) is often unnecessary.
For this reason, PlasmaCrystalNet uses the Crystal Edge Graph Attention Neural Network
(CEGANN) [72], which is a practical special case of an SE(3) architecture.
CEGANN preserves the central idea of learning geometry-aware interactions but avoids
the explicit use of irreducible representations, Wigner D matrices, or Clebsch–Gordan
coefficients. Instead, it constructs an edge-centric graph in which distances and bond angles
serve as the primary geometric descriptors. By construction, these quantities are invariant
under rotations and translations. This enables the model to capture the essential structure of
a crystal phase while maintaining computational efficiency. In this way, CEGANN naturally
aligns with the symmetry principles underlying the SE(3) Transformer, but implements
them in a simplified form that is well-suited to plasma crystal analysis.
CEGANN constructs an edge-centric graph in which local geometric information is encoded
through distances and bond angles. Both pair distances and angle cosines are expanded in
Gaussian bases, producing a continuous and smooth representation of local geometry. The
angular features θijk and the edge features eij are then processed through a hierarchical,
attention-based message-passing scheme.
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The angular convolution follows [72]:

θ l+1
ijk = softplus

(
θ l
ijk + αijk ·

(
W f

ijk

(
θ l
ijk ⊕ e l

ij ⊕ e l
jk

)
+ b fijk

))
, (1.32)

where ⊕ denotes a feature concatenation operation. The quantities e l
ij and e l

jk represent
the edge features of layer l associated with the particle pairs (i, j) and (j, k), respectively,
while θ l

ijk denotes the angular feature of the particle triplet (i, j, k) at layer l. The matrices
W f

ijk and W att
ijk are trainable linear maps that operate on the concatenated feature vectors

and compute message updates and attention scores, respectively. Their corresponding
bias terms are denoted by b fijk and battijk. The index l refers to the layer in the hierarchical
message-passing architecture. The attention coefficient αijk determines how strongly the
angular triplet (i, j, k) contributes to the message passed along edge (i, j)[72]. The angle
based attention weights are defined as

αijk = softmax
(
W att

ijk

(
θ l
ijk ⊕ e l

ij ⊕ e l
jk

)
+ battijk

)
. (1.33)

Analogously, each edge is updated in the edge-convolution layer[72]:

e l+1
ij = softplus


e l

ij +
∑

k∈N (i)

softplus
(
αijk ·

(
W f

ijk

(
θ l
ijk ⊕ e l

ij ⊕ e l
jk

)
+ b fijk

))

 . (1.34)

A subsequent aggregation step constructs a node-specific representation from all edge- and
angle-based messages[72]:

e l+1
i =

∑

j∈N (i)

softplus(e l
ij), θ l+1

i =
∑

j∈N (i)

softplus


 ∑

k∈N (i)

softplus(θ l
ijk)


 , (1.35)

and their concatenation forms the final local feature vector Zi [72]:

Zi = el+1
i ⊕ θ l+1

i (1.36)

Thus, CEGANN preserves the functional core of a SE(3) transformer while replacing
explicit group-theoretic equivalence with strictly rotation- and translation-invariant input
descriptors. This is particularly suitable for the physical arrangement of plasma crystals, as
the characteristic distortions, lattice defects, and anisotropies are precisely encoded in the
distance and angle statistics of the Wigner-Seitz cells.
As a complement to this local representation, PlasmaCrystalNet includes a global structural
signature derived from a Voronoi-based geometric analysis. This signature characterizes the
local environment of each particle through quantities that are intrinsically invariant under
rotations and translations, including Minkowski structural metrics, anisotropy parameters,
and coordination numbers.
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To compute this signature, the local Voronoi cell of each particle is first determined [16].
The total surface area A of the cell is given by the sum of the areas of all facets f :

A =
∑

f∈F (i)

A(f). (1.37)

Based on this, the Minkowski structure metric (MSM) is calculated following Mickel
et al. [28, 38]:

q
′
lm =

∑

f∈F (i)

A(f)

A
Ylm(θf , ϕf ), q

′
l =

√√√√ 4π

2l + 1

l∑

m=−l

|q′
lm|2. (1.38)

The parameter q′l is a second-order rotational invariant and is evaluated for l = 4, 6, since
these bond-orientational invariants introduced by Steinhardt et al. [35] are particularly
sensitive to different types of local order. In addition, the third-order rotational invariant
w′

l is computed [73]:

w′
l(i) =

∑

m1,m2,m3
m1+m2+m3=0

(
l l l
m1 m2 m3

)
q′lm1

(i) q′lm2
(i) q′lm3

(i)
(
q′l(i)

)3 , (1.39)

where the bracket denotes the Wigner 3j symbols.
Another component of the signature consists of the six eigenvalues

ζ1, . . . , ζ6, (1.40)

of a fourth-order Minkowski tensor that quantifies anisotropy and shape asymmetry of
the Voronoi cell [74]. Additionally, the number of nearest neighbors N is included as a
further invariant descriptor. These descriptors capture both isotropic phases (fcc, bcc,
hcp) and anisotropic phases (bco, bct, fco), and they remain robust even in the presence
of distortions, wakes, and measurement noise. Combined with the local geometry-aware
representation learned by CEGANN, the resulting architecture constitutes a powerful and
reliable classification framework for complex plasma experiments.
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1.4 Scientific Context and Scope of this dissertation

This dissertation presents research combining complex plasma physics and modern data-
driven analysis methods. Complex plasmas provide a unique experimental environment
in which strongly coupled many-body systems can be studied on the kinetic level, with
individual microparticles being directly observable. This characteristic enables detailed
investigations of collective ordering phenomena as well as single-particle dynamics under
controlled laboratory and microgravity conditions.
A central challenge in the analysis of complex plasmas lies in the reliable extraction of
physically meaningful information from large and often noisy image datasets. Experimental
constraints such as low signal-to-noise ratios, non-uniform illumination, particle motion
during data acquisition, and limited observation times require robust and automated
analysis techniques. The goal of this dissertation is therefore to develop, validate, and apply
advanced machine learning methods that enable precise, reproducible, and scalable analysis
of complex plasma experiments in PK-4.
The scientific contributions of this dissertation focus on three complementary aspects: the
precise detection of microparticles, the local classification of crystalline structures in complex
plasmas, and the time-resolved identification of isotropic and anisotropic structures under
dynamic plasma conditions. Each of these aspects is addressed in one of the publications
that form the core of this work.

1.4.1 Publication I

The first study [61], presented in Chapter 2, addresses the challenge of reliable multi particle
tracking in images of dense complex plasmas. A precise and robust determination of particle
positions is fundamental for all subsequent analyses such as structural classification and
the investigation of particle dynamics. Under realistic experimental conditions in the PK-4
experiment, high particle densities, overlapping intensity profiles, varying signal-to-noise
ratios, and background fluctuations significantly limit the performance of classical image
processing approaches. In particular, the previously used method trackpy [62] requires
careful manual tuning of several parameters to achieve acceptable detection results. These
parameters depend strongly on the experimental conditions and image quality and must
be adjusted whenever the experimental conditions change. This dependence renders the
method unsuitable for highly dynamic and time-critical environments such as parabolic
flight experiments [42, 43]. The aim of this work was therefore to develop a particle detection
method that operates robustly without manual parameter adjustment and that can be
efficiently deployed under constrained experimental conditions. In this context, convolutional
neural networks and specifically the U-Net architecture [60] proved to be well suited, as they
allow pixel wise segmentation while preserving spatial accuracy. By training the network
exclusively on synthetic data that realistically reproduce the optical properties of the PK-4
experiment, including particle appearance, density, and noise characteristics, the method
can be optimally tailored to the experimental configuration without relying on time intensive
manual annotation of experimental data.
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To ensure applicability in resource limited environments, the classical U-Net architecture
was systematically simplified by reducing its depth and number of parameters while
maintaining high localization accuracy. Several compact U-Net variants were evaluated
and benchmarked against established methods. The final architecture achieves a favorable
balance between detection performance and computational efficiency and was further
optimized for deployment on embedded hardware platforms such as the NVIDIA Jetson
board used during parabolic flights.
The results demonstrate that compact U-Net architectures can achieve particle localization
accuracies comparable to full size networks while significantly reducing computational com-
plexity. This makes the approach particularly suitable for real time or near real time analysis
in parabolic flight experiments. Overall, the presented method substantially contributes to
automating the PK-4 experiment by significantly reducing manual intervention and analysis
effort. The method establishes a robust and scalable foundation for automated particle
detection and tracking, forming the methodological basis for subsequent structural and
dynamical analyses presented in this dissertation.

1.4.2 Publication II

The second study [66], presented in Chapter 3, focuses on the local classification of crystalline
structures in complex plasmas using a PointNet [53] based deep learning approach. Building
on the particle positions obtained with the U-Net based detection method introduced in the
first study, the three dimensional particle positions are reconstructed by stacking consecutive
images recorded during a controlled scan of the plasma volume and correlating individual
particle tracks across these images. This procedure enables the reconstruction of the full
three dimensional particle cloud, which forms the basis for structural analysis. Under suitable
plasma conditions, microparticles can self organize into ordered crystalline arrangements
such as face centered cubic, body centered cubic, or hexagonal close packed lattices.
Reliably identifying these structures in experimental data is essential to understanding
the crystallization process, phase behavior, and spatial ordering phenomena in complex
plasmas. A well established approach for this task was previously proposed by Dietz et al.
[28], who combined several structural descriptors into a fixed feature vector and performed
classification using a multilayer perceptron. While this method proved to be comparatively
accurate and robust, it relies on handcrafted features and predefined metrics derived from
the local particle environment. Given the significant advances in deep learning methods in
recent years, the aim of this work was to develop a new approach that avoids the explicit
construction of feature vectors and instead operates directly on the three dimensional
geometric information of the local particle environment. For this purpose, a point cloud
based neural network architecture was required that can naturally process unstructured
three dimensional data while remaining invariant with respect to translation, rotation,
and scaling. The PointNet [53] architecture fulfills these requirements and was therefore
identified as a suitable basis for the proposed method.
In this work, a neural network termed WignerNet was developed to classify local crystal
structures directly from three dimensional reconstructions of Wigner-Seitz cells.
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Instead of relying on order parameters or symmetry detection, the network processes the
raw point cloud representation of the local particle environment. This design makes the
method robust against noise and uncertainties in particle positions, both of which are
unavoidable in experimental data. To ensure generalization and invariance, the model was
trained exclusively on artificially generated datasets with controlled noise levels, random
rotations, and random scalings.
After validation on synthetic data, the trained network was applied to experimental data
obtained from the PK-4 experiment. The results demonstrate that the PointNet based
approach achieves high classification accuracy across a wide range of noise conditions
and outperforms conventional methods in terms of robustness. This work establishes a
scalable and flexible framework for automated structural classification in complex plasmas.
It provides a key methodological building block for the comprehensive analysis of three
dimensional ordering phenomena.

1.4.3 Publication III

The third study [71], presented in Chapter 4, extends the structural classification of plasma
crystals by employing an advanced SE(3)-equivariant [68, 72] graph neural network. While
previous studies focused primarily on isotropic crystal structures such as face centered
cubic, body centered cubic, and hexagonal close packed lattices, this work explicitly targets
the identification of additional anisotropic structures, including face centered orthorhombic,
body centered orthorhombic, and body centered tetragonal phases. The inclusion of these
structures is motivated by theoretical considerations [29] and earlier experimental observa-
tions by Takahashi et al. [32], which indicates that such anisotropic crystal symmetries can
form in cylindrical DC discharges as in the PK-4 experiment.
Building on the three dimensional particle reconstructions introduced in the preceding
studies, this work further investigates the temporal evolution of crystalline structures under
controlled laboratory conditions and extends the analysis to experiments conducted under
microgravity during parabolic flight campaigns. Unlike earlier approaches that primarily
addressed static or locally resolved structures, this study focuses on the identification of
crystalline phases in dynamically evolving plasma environments, where external parameters
strongly influence structural order. The proposed method combines SE(3)-equivariant
message passing on Voronoi based neighborhood graphs with global, invariant structural
descriptors derived from the geometry of Wigner-Seitz cells. The equivariance of the network
with respect to three dimensional rotations and translations ensures that classification
results are independent of the orientation and absolute position of the particle cloud, which
is essential for the analysis of experimental plasma data. In contrast to point cloud based
approaches, the graph representation allows for a more direct and efficient encoding of
local neighborhood relations and anisotropic distortions of the lattice. The network was
trained exclusively on synthetic datasets covering a broad range of noise levels and lattice
deformations and was subsequently validated using experimental data from PK-4 under
both laboratory and microgravity conditions.
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The results demonstrate that the model can accurately classify a wide spectrum of crys-
talline symmetries, including isotropic and anisotropic structures. The model significantly
outperforms previous machine learning approaches in noisy and dynamic environments.
Time-resolved analyses indicate that crystal formation and stability depend strongly on ex-
ternal control parameters, such as gas pressure and polarity switching frequency. Crystalline
phases are observed less frequently in microgravity and are often replaced by anisotropic
or chain-like arrangements. This highlights the critical role of particle confinement and
compression.
Overall, this study demonstrates the effectiveness of symmetry-aware graph neural networks
in analyzing complex, time-dependent, many-particle systems. The study expands the
range of detectable crystal structures in complex plasmas and offers a robust framework for
investigating phase behavior and structural transitions under laboratory and microgravity
conditions.

1.4.4 Summary

The three architectures presented in this chapter reflect a systematic methodological pro-
gression from pixel-level detection (U-Net), to local geometric classification of reconstructed
point clouds (WignerNet), and finally to symmetry-aware graph representations capable of
capturing anisotropic and isotropic phases (PlasmaCrystalNet). Table 1.2 summarizes their
essential properties.

Architecture Data Type Key Property Role in This Work

U-Net 2D images Local feature extraction and
pixel-level segmentation

Detection and localization of
particles in PK-4 recordings

WignerNet 3D point clouds Permutation-invariant pro-
cessing and direct structural
descriptors

Classification of local crystal
structures via Wigner–Seitz
cells

PlasmaCrystalNet Graphs + global
signature

Rotational and translational
invariance; consistent local
and global geometric features

Robust structural analysis un-
der realistic PK-4 conditions,
including anisotropic phases

Table 1.2: Compact overview of the model architectures used in this work.

Combined, these models illustrate a conceptual transition from image-based to structure-
based representations. They show how modern deep learning architectures are increasingly
integrating physical invariants directly into their model design, enabling reliable analysis
even under complex experimental conditions.
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Abstract: Detecting micron-sized particles is an essential task for the analysis of complex plasmas
because a large part of the analysis is based on the initially detected positions of the particles.
Accordingly, high accuracy in particle detection is desirable. Previous studies have shown that
machine learning algorithms have made great progress and outperformed classical approaches. This
work presents an approach for tracking micron-sized particles in a dense cloud of particles in a
dusty plasma at Plasmakristall-Experiment 4 using a U-Net. The U-net is a convolutional network
architecture for the fast and precise segmentation of images that was developed at the Computer
Science Department of the University of Freiburg. The U-Net architecture, with its intricate design
and skip connections, has been a powerhouse in achieving precise object delineation. However, as
experiments are to be conducted in resource-constrained environments, such as parabolic flights,
preferably with real-time applications, there is growing interest in exploring less complex U-net
architectures that balance efficiency and effectiveness. We compare the full-size neural network, three
optimized neural networks, the well-known StarDist and trackpy, in terms of accuracy in artificial
data analysis. Finally, we determine which of the compact U-net architectures provides the best
balance between efficiency and effectiveness. We also apply the full-size neural network and the the
most effective compact network to the data of the PK-4 experiment. The experimental data were
generated under laboratory conditions.

Keywords: dusty plasma; image analysis; neural networks; U-Net; paricle tracking

1. Introduction

Fundamentally, plasmas are ionized gases where electrons can move freely within the
gas [1]. The density of positive and negative charge carriers in plasmas is approximately
equal. When particles are introduced into a low-temperature and low-pressure discharge
plasma, it is termed as a dusty or complex plasma. These plasmas, in addition to electrons,
ions, and neutral gas atoms, also include micron-sized particles [1]. The high mobility
of electrons in low-temperature plasma leads to the negative charging of micro-particles.
They collect charged plasma particles. The structures and dynamics of large micro-particle
systems, containing up to 106 particles, can be easily observed with laser illumination due to
the significant interparticle distance, typically exceeding 100 µm [1,2]. This creates a dilute
and transparent particle system that can be effectively analyzed using cameras. The PK-4
experiment (“Plasmakristallexperiment 4”) is designed specifically to investigate complex
plasma in a DC discharge that occurs in an elongated glass tube. A detailed description
of PK-4 can be found in the reference [3]. This work is an extension of previous work [4]
originally reported in the 30th International Conference on Mixed Design of Integrated
Circuits and Systems—MIXDES 2023. To analyze particle behavior in the plasma, their
positions must first be determined. Since each image contains several particles, the method
should be able to track multiple particles in one image.
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Approaches to particle detection ranged from local-maxima finding to linear filtering,
linear and nonlinear model fitting, and centroid estimation schemes [5]. In the previously
employed method, image preparation involves utilizing a bandpass and a threshold value.
The selection of an optimal threshold is crucial for images containing features (particles)
and background (noise) in image processing [6]. An optimal threshold is crucial, as
emphasized in studies like Sezgin and Sankur [7]. Given the fundamental focus of Mohr
et al. (2019)’s work on complex plasmas [6], we chose to employ Otsu’s method [8] as a
thresholding technique in line with their research. While other thresholding techniques
are available (for an overview, see, e.g., Sezgin and Sankur [7]), our choice aligns with
the approach and findings of D. Mohr et al. (2019) [6]. Their findings demonstrated
that most alternative techniques often result in inaccurate binarizations. Background
pixels are mistakenly identified as signals and set to white. For more details, refer to
D. Mohr et al. (2019) [6]). If a particle spans multiple pixels in an image, we can determine
its position with sub-pixel accuracy by calculating the weighted average position of these
pixels [9]. The point determined in this manner is termed the center of mass, representing
the position of a particle. The method was developed based on the open-source library
“trackpy” [9]. Recently, data-driven alternatives employing deep learning have significantly
enhanced quantitative digital microscopy, offering the potential for accurate and rapid
image analysis. Midtvedt et al. (2021) [10] have developed a dedicated tool for particle
localization, tracking, and characterization, extending to cell counting and classification.
In another study, Midtvedt et al. (2022) [11] concentrated on object recognition in the
realm of digital microscopy, where machine learning has made substantial progress in
overcoming the limitations of classical approaches. Notably, the U-net architecture was
employed. Furthermore, Huang et al. (2019) [12] have successfully applied machine
learning approaches to image-based analyses of complex plasmas. These insights are
intended for enhancing particle localization in complex plasmas. This work focuses on
a multi-particle tracking approach using a U-net. The U-net is a convolutional network
architecture designed for rapid and precise image segmentation, developed at the Computer
Science Department of the University of Freiburg [13]. However, as experiments are
slated for resource-constrained environments, such as parabolic flights, with a preference
for real-time applications, there is a growing interest in exploring less complex U-net
architectures that strike a balance between efficiency and effectiveness. Considering the
limited resources, the U-net [4] presented in previous work is now slated for optimization.
The primary strategy is to reduce the depth of the U-net to optimize the architecture,
considering FLOPS and MACCs. A smaller number of layers results in fewer parameters
and, consequently, a reduced computational load. We will design three different compact
architectures. Subsequently, we will determine which of the compact U-net architectures
provides the best balance between efficiency and effectiveness. Next, we will compare
the full-size neural network, the optimized neural network, a well-known neural network
called StarDist [14], and trackpy [9] in terms of accuracy in analyzing artificial data. StarDist
is a neural network architecture designed for image segmentation tasks, particularly applied
to instances where objects exhibit star-shaped structures. Developed by Schmidt et al. in
2018 [14], StarDist employs a U-net-based architecture and is trained specifically for object
detection in microscopy images. It utilizes a polygonal representation of object shapes,
making it well-suited for applications like cell nucleus segmentation [14]. For these analyses
to be meaningful, the methods should accurately detect particle positions. We also apply
the two U-net architectures to experimental data.

2. Experiment

The Plasmakristall 4 experiment is characterized by the fact that the plasma is ignited
by a direct current discharge. This makes it possible to study complex plasmas in different
plasma environments [3].
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A model of PK-4 has been on the International Space Station since late 2014. The
details are described in ref. [3]. We will briefly outline the important components. The
plasma chamber is an elongated U-shaped glass tube with a total length of 86 cm and
a diameter of 3 cm. Two cameras are available for the observation of the micron-sized
particles, which can be moved in longitudinal and in radial direction of the plasma chamber
(x- and y-direction in Figure 1). At the ends of the glass tube, the high-voltage electrodes are
mounted. The high-voltage power supply operates in DC or AC mode (polarity switching)
with a frequency up to 5 kHz. The DC current can be adjusted between 0.5 and 3 mA. The
electric field strength of the longitudinal DC field in the positive column of the discharge
was measured using Langmuir probes on the ground, in the absence of micro-particles, to
be about 2 V/cm, nearly independent of the DC current [3]. The gas, usually neon or argon
with pressures between 10 and 200 Pa, is filled in by gas flow up to 10 sccm through the
cylindrical electrode and can be pumped out through the other cylindrical electrode by a
turbo molecular pump [2]. After igniting the plasma, the micro-particles are injected from
the dispensers through ports at the side legs of the glass tube. The Particle Observation
laser is used to illuminate the particles whose scattered light can be detected by the cameras.
The laser emits green light with a wavelength of 532 nm and has an output power of up
to 240 mW [3]. The light from the laser is fanned out to illuminate a plane perpendicular
to the z-direction [3]. The scattered light from the micro-particles is recorded by a CCD
camera (2 Megapixel, 35 frames per second [fps] at full resolution) and a CMOS camera
with a larger field of view and a higher frame rate and resolution (xiQ MQ042MG-CM,
4 Megapixel, 90 fps at full resolution, 1 pixel corresponds to 11.4 µm) [2]. They can scan the
tube 20 cm in the horizontal direction as well as 3 cm perpendicular to it. The DC mode
can be used to trap and stop the micro-particles (Figure 2).

Figure 1. Schematic of the PK-4 plasma chamber provided by the Thoma research group of the
JLU Gießen.

To study the particles in microgravity, experiments can be performed either on board
the ISS or during parabolic flights. The I. Physikalisches Institut of the Justus-Liebig-
Universität (JLU) in Gießen focuses on laboratory investigations of complex plasmas and
plans/tests experiments for the ISS using the PK-4 experiment. For this purpose, the JLU
has an identical model known as the Science Reference Model (SRM). This is used to plan
experiments and largely automate processes. In addition, experiments are also performed
with a parabolic flight model of the PK-4 in parabolic flight. This is almost identical to the
SRM, but can be modified for more advanced experiments, which is not possible with the
SRM. For example, other particle types can be used, or components such as cameras can be
modernized. Various parabolic flight experiments have been conducted in the past with
the support of the German Aerospace Center (DLR).
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Figure 2. Schematic representation of DC trapping procedure. Steps: 1—ignition of the DC
plasma, 2—microparticle injection, 3—microparticles arrival into the PO camera field of view, and
4—the discharge in the polarity-switching mode. The graphic was created based on the work of
Pustylnik et al. [3].

For the parabolic flights, the aircraft A310 ZERO-G of the company Novespace is used.
Microgravity with a duration of about 22 s per parabola will be realized on three flight
days in 31 parabolas each. The parabolic flight model consists of two racks (Figure 3a), one
containing an integrated base plate (Figure 3b), another one containing the computers for
experiment control and recording. The integrated base plate was used as the engineering
model for the ISS project and is to a large content identical with the one of the flight
model [2]. The micron-sized particles were injected into the plasma at the beginning
of the microgravity phase of a parabola, which then move into the field of view of the
cameras. Once the particles arrive into the field of view, the DC discharge is switched to
the polarity-switching mode with a duty cycle of δ = 0.5 [3]. After this, the micro-particles
experience zero net force and are trapped [3]. Once the particles are trapped, they will
be observed and photographed by the cameras. In order to perform further analyses on
the plasma, the positions of the particles in the plasma have to be determined from the
images. Conventional methods were used for this purpose in previous investigations. In
the following, a machine learning approach will be investigated, which could potentially
replace the conventional method in future investigations.

Figure 3. (a) The PK-4 parabolic flight experiment unit in the aircraft A310 Zero-G. (b) The integrated
base plate accommodated in the left rack [2].

3. U-Net Architecture

Developed by Olaf Ronneberger, Philipp Fischer, and Thomas Brox in 2015 [13],
the U-Net represents a special neural network, which is primarily designed for image
segmentation tasks. It excels at partitioning an image into multiple segments or regions
of interest, making it particularly suitable for tasks where precise delineation of objects
or structures in images is required, such as medical image segmentation or semantic
segmentation in computer vision. The U-Net architecture has a U-shaped structure with a
contracting path (encoder) and an expansive path (decoder) (see Figure 4). It incorporates
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skip connections that preserve spatial information and allow the network to perform
accurate segmentation. It has a specific focus on spatial preservation and the precise
localization of objects.

Figure 4. Schematic representation of an U-Net architecture.

The encoder is the initial part of the U-Net. It takes the input data and maps it to a
lower-dimensional representation, the so called latent space. The encoder accomplishes this
through a series of layers, where each layer performs mathematical transformations on the
input data. These transformations pack the information step by step into a more compressed
format. The U-Net’s latent space is often called the “middle layer” or “bottleneck”. While it
does capture abstract representations of the input image, its primary purpose is to facilitate
segmentation rather than feature extraction or dimensionality reduction. The expansive
path, also known as the decoder, aims to generate a high-resolution segmentation map
from the feature representations obtained in the contracting path. Unlike traditional CNN
architectures, the U-Net employs a series of up-convolutions (transposed convolutions or
deconvolutions) to upsample the feature maps. Moreover, the expansive path incorporates
skip connections that concatenate feature maps from the contracting path. These skip
connections enable the U-Net to preserve fine-grained spatial information and are essential
for accurate segmentation. The U-Net’s output is segmentation masks, where each bright
pixel in the mask can be assigned to a particle position.

3.1. Simplifying the Architecture

The traditional U-Net architecture, celebrated for its outstanding accuracy and fine-
grained segmentation through contracting and expansive paths connected by skip connec-
tions, is depicted in Figure 5. This U-Net comprises numerous layers, encompassing a total
of 389,521 parameters. However, this intricate structure poses a computational challenge,
especially in resource-constrained settings like parabolic flights. Consequently, there is an
increasing demand for models that can provide precise results without sacrificing speed or
resource efficiency. Less complex U-Net architectures aim to fulfill this demand by simpli-
fying the original design while preserving essential features for effective segmentation.

Figure 5. Structure of the U-Net architecture.
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The key approach involves diminishing the depth of the U-Net. A reduced number
of layers leads to fewer parameters, thereby decreasing computational demands. This
modification proves especially beneficial for tasks where a shallower architecture remains
capable of capturing essential features. Using lightweight convolutional blocks serves to
substantially streamline the model’s complexity while preserving satisfactory segmentation
quality. Diligent reduction in the number of skip connections contributes to simplifying
the architecture. However, this adjustment should be executed with caution to guarantee
the retention of pertinent contextual information. In accordance with this strategy, three
distinct architectures were devised.

3.1.1. Simplified U-Net 0

The contracting path is comprised of two convolutional layers, followes by a max-
pooling layer. The initial convolutional layer has 16 filters and utilizes the ReLU activation
function, with padding set to ’same’ to preserve spatial dimensions. The second convolu-
tional layer mirrors the first, effectively doubling the number of feature maps. Max-pooling
layers, with a pool size of 2 × 2, halve the spatial dimensions. The bottleneck involves
two convolutional layers, each with 32 filters, followed by the ReLU activation function.
This step condenses information into a latent representation. On the expansive path,
the feature maps undergo upsampling and are concatenated with feature maps from the
contracting path. In contrast to the original architecture, we replaced transposition opera-
tions (Conv2DTranspose, see Figure 5) with upsampling operations (UpSampling2D, see
Figure A1) to enhance the network’s efficiency. Transposition operations combine train-
able upsampling and convolution, providing flexibility but potentially incurring higher
computational costs. On the other hand, upsampling operations perform fixed upsampling
without trainable parameters, making them more efficient albeit less adaptable.

Following each upsampling layer, two convolutional layers with 16 filters and ReLU
activation are applied. Concatenation merges the upsampled feature maps with the corre-
sponding feature maps from the contracting path. This skip connection is instrumental in
enabling the network to recover spatial details. Consequently, we managed to reduce the
architecture to a size of 25,633 parameters (see Figure A1).

3.1.2. Simplified U-Net 1

In our case, the task is relatively straightforward, requiring the model to capture a more
limited range of complex features. Therefore, we make use of the simplified U-Net 0 archi-
tecture once again, maintaining a constant number of eight filters for each layer. The ReLU
activation function is used for each layer, and padding is set to ‘same’ to preserve spatial
dimensions. Following each convolutional layer, an identical convolutional layer is added,
effectively doubling the number of feature maps. Max-pooling layers with a pool size of
2 × 2 reduce the spatial dimensions by half. The bottleneck consists of two convolutional
layers with eight filters each, followed by ReLU activation functions. The expansive path
involves upsampling the feature maps and concatenating them with feature maps from the
contracting path. After each upsampling layer, two convolutional layers with eight filters
and ReLU activation are applied. Concatenation combines the upsampled feature maps
with the corresponding feature maps from the contracting path. This network, designed in
this manner, consists of 6481 parameters (see Figure A2).

3.1.3. Simplified U-Net 2

The next network is designed with increased depth. In analogy to the simplified
U-Net 1, the number of filters remains constant. The contracting path comprises three
convolutional segments, each followed by a max-pooling layer with a pool size of 2 × 2.
Each convolutional segment consists of two identical convolution layers with eight filters
activated by the ReLU activation function. Padding is set to ’same’. The bottleneck
comprises two convolutional layers with eight filters each, followed by ReLU activation
functions, compressing the information into a latent representation. The expansive path
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consists of three upsampling segments, each comprising an upsampling layer followed by
two identical convolutional layers. Concatenation combines the upsampled feature maps
with the corresponding feature maps from the contracting path. The network designed in
this way consists of 9409 parameters (see Figures 6 and A3).

Figure 6. Structure of the simplified and more compact U-Net architecture.

4. Network Training Details

The U-Nets can undergo training to classify predetermined patterns using labeled
training data, a process known as supervised learning. However, in the case of experimen-
tally collected data on complex plasmas, which may consist of multiple phases, applying
labels to train the networks is impractical. Therefore, the networks need to be trained with
artificial data. During training, the predictions of each input are compared with their labels,
and the weights are readjusted accordingly. With each iteration of this process, the accuracy
of the neural network improves. An often encountered challenge is the phenomenon
known as “overfitting”. In a specific example, a U-Net model is trained to transform the
input into a binarized representation. In this representation, each pixel within 4.5 pixels of
a particle in the input is set to 1, while every other pixel is set to 0. According to [15], the
network is compiled using binary cross-entropy. Cross entropy is a mathematical concept
used to measure the dissimilarity or “distance” between two probability distributions,
often representing predicted and true data. In this context, it assesses how well the model’s
predictions align with the true labels. Binary cross entropy is a specific form of cross en-
tropy designed for binary classification tasks, where there are only two possible outcomes,
typically denoted as classes 1 and 0.

Replicating the optical properties of the PK-4 experiment, the appearance of a particle
is simulated using the open source package “deeptrack” [10]. The training set consists of
synthetic images with dimensions of 512 × 512 pixels. Each image includes a minimum
of 40 and a maximum of 350 particles. The particles are simulated as point scatterers, and
their positions in the camera plane adhere to a normal distribution. The standard deviation
for this distribution is set to 5 pixel units along the axis normal to the camera plane. Each
particle is imaged using a fluorescence microscope with numerical aperture NA between
0.6 and 0.8 and illuminating laser wavelength of 532 nm. The noise is simulated as poisson
noise with an signal to noise ratio in the range of 5 to a maximum of 200. Here, the range of
noise is in line with the well-known Rose criterion (Rose [16] (p. 97)), which states that a
signal-to-noise ratio of at least 5 is required for reliable detection [6].

Poisson noise is a basic form of uncertainty associated with the measurement of light,
inherent to the quantized nature of light and the independence of photon detections. To
enhance the training of the U-Net architecture, data augmentation is a powerful technique.
Applying various transformations to the existing training dataset, data augmentation is
used to create additional synthetic training examples. These transformations maintain the
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semantic content of the data while introducing diversity through variations in factors like
rotation, scaling, translation, and noise. The key idea is to expose the model to a broader
range of input variations, making it more robust and better at generalizing to unseen
data. The image is finally normalized by rescaling it to be contained between two random
numbers within (0, 1).

During training, we employ learning rate scheduling. In deep learning, using a fixed
learning rate can result in divergence or slow convergence. Learning rate scheduling
enables the adjustment of the learning rate throughout the training process. We initiate
training with an initial learning rate of 0.001 and decrease it to 0.0001 after the first 5 epochs.
This approach is designed to facilitate faster convergence in the initial training phases with
a higher learning rate, while a lower learning rate later on aids in fine-tuning and stabilizing
the model’s performance, bringing it closer to the optimal solution. The validation set
consists of 100 images. After 100 epochs, the network achieves approximately 98% accuracy
in analyzing test data.

5. Results on Artificial Data

To compare the U-Net architectures with trackpy and StarDist, we generated artificial
data with a signal-to-noise ratio ranging from 5 to 200 (see Figure 7). Initially, we assess
the analysis time required by the methods. We compare the time needed for datasets of
various sizes, which include 256 × 256 images. Additionally, we evaluate the analysis time
for images of different dimensions, such as 64 × 64, 128 × 128, 256 × 256, 512 × 512, and
1024 × 1024 pixels. It turned out that the analysis based on StarDist takes about ten times
longer than using the other methods. To keep the graph clear, StarDist is not listed in Figure 8.

Figure 7. Extract of the train data. Artificial 512 × 512 pixel images, with different signal to noise ratios.

Examining Figure 8, it becomes evident that the larger the dataset, the more distinct
the differences in analysis times. The simplified U-Net architectures consistently exhibit the
shortest analysis times, with simplified U-Net 1 and simplified U-Net 2 standing out. On
average, analyses based on these architectures take almost half the time compared to other
methods. When considering the image format, trackpy demonstrates faster performance
for small images, while the U-Net architectures become more efficient as the image format
increases. This suggests that operations directly applied to the image are faster for small
formats, while creating masks and subsequent detection become more efficient for larger
images. The computational complexity of the architectures directly influences their running
speed, commonly measured by the floating-point operand FLOPs [17]. To compare the
U-Net architectures, the FLOPs indicator is utilized (refer to Figure 9). FLOPs are calculated
for each layer, such as convolution layers, following a specific formula:

FLOPs = 2HW(CinK2 + 1)COut, (1)
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where H = height, W = width, Cin = number of channels of the input feature map,
K = kernel size and COut = number of output channels [17].

The FLOPs do not depend directly on the number of parameters. Networks with the
same number of parameters can have a different number of FLOPs due to different network
depth or width.

In addition, we compare the architectures using the improved indicator multiply-
accumulate operations (MACCs) (see Figure 9). For a conv layer with kernel size K, the
number of MACCs is:

MACC = K2 · Cin · HOut · WOut · COut, (2)

where K = kernel size, Cin = number of channels of the input feature map, HOut = height of
the output, WOut = width of the output and COut = number of output channels [17].

Figure 8. Time analyzing data sets of different sizes or image sizes at given noise level of 100.

Figure 9. Statistical indicators for computational complexity.

Observing Figure 9, the simplified U-Net 1 and 2 stand out prominently. In direct
comparison, these architectures remain remarkably compact, even with large input images.
For images sized 2048 × 2048 pixels, the number of FLOPs is approximately one-fifth
of the FLOPs of the full-size U-Net. Similarly, the number of MACCs is only one-tenth
of the MACCs of the original U-Net. Consequently, these architectures are significantly
less complex than the full-size model. Beyond the compactness of the architectures, their
accuracy is pivotal in the analysis. Therefore, the average percentage of correctly detected
particles at a given noise level is compared, considering the number N of incorrectly
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detected particles. Predicted particles are considered correct only if their deviation from
the actual position is within 5% of the particle diameter.

Figure 10 shows that trackpy [9] detects more particles at higher noise levels compared
to neural networks. However, assessing the mean number N of incorrectly detected parti-
cles reveals the method’s relative inaccuracy and tendency to detect particles somewhat
randomly. In strong noise conditions, the full-size U-Net performs well, with few mis-
detected particles, identifying approximately 87% of the sought particles. The simplified
U-Net architectures are less accurate in significant noise. Specifically, simplified U-Net 2
behaves similarly to trackpy, with an increase in misclassifications as image noise rises.
Starting from a signal-to-noise ratio greater than 50, the simplified U-Net 0 detects particles
as reliably as the full-size U-Net, with fewer false detections as noise decreases. For all
methods, fewer particles are falsely detected as the noise decreases. While the number
of false detections for the simplified U-Net 1, starting from a signal-to-noise ratio of 50,
is almost identical to the number for the full-size U-Net, the count of correctly detected
particles is slightly lower than that for the full-size U-Net and the simplified U-Net 0.
Performance differences may stem from the varying complexity of these model architec-
tures, enabling more complex ones to robustly segment and detect particles compared to
simpler architectures. Notably, the simplified U-Net 2 demonstrates commendable results,
suggesting an optimal balance between efficiency and effectiveness. This is particularly
relevant as data from parabolic flight campaigns typically have a signal-to-noise ratio of
around 100. In contrast, the StarDist [14] model seems less suitable for detecting particles
in a complex plasma. Despite having the fewest misclassifications, it only detects around
half of the sought-after particles, even with a high signal-to-noise ratio (SNR). Trackpy,
on the other hand, exhibits a lower percentage of correctly detected particles as noise
decreases compared to the U-Net architectures, although its mean misdetected particles
count is significantly lower. The observed performance differences could be attributed to
the varying adaptability of the methods to changing conditions, particularly in terms of
subpixel accuracy. The potential improvement in accuracy for trackpy might be achieved
through adaptation to changing conditions. On the other hand, neural networks appear to
work more independently in this regard, despite exhibiting a higher count of misclassified
particles, especially with lower noise levels.

Figure 10. Prediction of the methods at a given noise level, taking into account misclassifications.

To enhance the accuracy of neural networks, more extensive training with a diverse set
of training data, including variations in signal-to-noise ratio and background noise, could
be beneficial. This approach may lead to improved generalization and robustness of the
networks across different conditions. An illustrative comparison of predictions between
the full-size U-Net and the simplified U-Net 2 is presented in Figure 11. The visualization
clearly demonstrates that certain particles are detected by the U-Net but missed by the



J. Imaging 2024, 10, 40 11 of 15

simplified U-Net 2, and vice versa. However, with a few exceptions, it can be concluded
that the two networks generally yield quite similar results.

Figure 11. Prediction of both U-net architectures for an extract of the artificial data, where the particles
marked in green were detected correctly, and the particles marked in orange were not detected. The
particles marked in red show the difference between the two networks. The image shown above has
been cropped and inverted for illustration.

6. Using the Trained Network on Experimental Data

The image data of the particles were recorded during a parabolic flight campaign
by Justus Liebig University in the A310 ZERO-G aircraft of Novespace (for more details
see Section 2).

As this is a measurement, there are no truth data available that can be used to verify
the results. The experimental data are comparatively less noisy with respect to Poisson
noise. Accordingly, the simplified U-Net should also produce resilient and solid results. A
look at Figure 12 shows that the images taken during parabolic flight campaigns contain a
large amount of position data, which further emphasizes the need for the most efficient
architecture possible. At first glance, it seems that the two U-Net architectures provide
approximately similar results. On the one hand, the simplified network detects 91% of
the particles that the fullsize network also detects. On the other hand, 19% of the particles
detected by the simplified network are not detected by the full-size net. On closer inspection,
it is noticeable that both neural networks seem to detect particles in places where apparently
none should be found (see Figure 13). These ghost particles seem to occur mainly in the
edge region. This may lead to inaccurate and inconclusive analyses afterwards. This
problem can probably be solved with more extensive training data, which are more similar
to the parabolic flight data.

Figure 12. Prediction of both U-Nets for an extract of the experimental data. The image shown above
should be cropped for illustration (purple rectangle).
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Figure 13. Prediction of both U-Nets for an extract of the experimental data. The image shown above
has been cropped for illustration.

7. Conclusions

We presented an efficient and compact U-Net version for detecting multiple particles
in complex plasmas. The results also demonstrated that the compact neural network
is relatively accurate, especially in low-noise data. Furthermore, the compact network
exhibits relatively fast performance with large datasets or larger-format images. It is worth
emphasizing that the compact U-Net is suitable for small single-board computers with
limited resources due to its low runtime and memory requirements. Accordingly, there
are possible applications for future parabolic flight campaigns to perform initial analyses
during flight. Compared directly to U-Net architectures, trackpy appears to be constrained
by the system’s complexity. The method must be repeatedly adapted to the different
noise levels in order to achieve reliable results. Essentially, the method’s parameters are
crucial for the analysis accuracy, making them a potential source of error. Accordingly, the
settings are a potentially large source of error. On the one hand, the development with deep
learning has shown that these limitations can be largely overcome. A major advantage
of the machine learning approach for particle tracking is that simulated data can often be
used to train the networks. In addition, no presettings have to be made. Thus, the trained
networks can be used universally. However, the networks detected ghost particles in the
experimental data, potentially leading to inaccurate follow-up analyses. This issue should
be considered in future developments, and efforts should be made to correct the error.

In view of further developments, the network could be evolved, corresponding to
recent studies [11,15,18], to trace the particles and reconstruct their three-dimensional
positions or analyze potential string formations [19].
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Appendix A

Figure A1. Structure of the simplified and more compact U-Net 0 architecture.

Figure A2. Structure of the simplified and more compact U-Net 1 architecture.
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Figure A3. Structure of the simplified and more compact U-Net 2 architecture.
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Abstract
In complex plasmas, microparticles can form ordered crystalline structures under specific
conditions. Accurately identifying these structures, such as face-centered cubic, hexagonal
close-packed, and body-centered cubic, is a common task in physics. Previous methods rely on
detecting symmetries in the spatial arrangement of particles, often requiring extensive calculations.
This study presents a novel approach by utilizing a PointNet-based deep learning algorithm, called
WignerNet, to classify these structures directly from three-dimensional reconstructions of their
Voronoi cells. The model was trained exclusively on artificial and labeled data, incorporating
various noise levels, and subsequently tested on real experimental data. The results demonstrate
that our method effectively classifies structures, reducing computational complexity and
improving accuracy compared to conventional techniques. This advancement opens up new
possibilities for real-time analysis of complex plasma systems in various research.

1. Introduction

Ionized gases that contain free-moving electrons and ions are known as plasmas. They exhibit a density of
positive and negative charge carriers that is approximately equal, which is one of the defining characteristics
of plasmas [1]. Complex plasmas are a specific type of plasma that, in addition to electrons, ions, and neutral
gas atoms, contain microparticles such as dust. In low-temperature plasmas, the high mobility of electrons
causes these microparticles to acquire a negative charge, thereby introducing a new, strongly coupled
component to the plasma.

A particularly noteworthy phenomenon in complex plasmas is the formation of ordered structures,
commonly referred to as plasma crystals. These structures emerge from the strong interactions between the
negatively charged microparticles. The fundamental interaction between these microparticles is described by
the Yukawa potential, which accounts for the repulsive force between the charged particles and the shielding
effect of the surrounding plasma. However, the Yukawa potential alone does not fully explain the stabilization
of these structures, particularly in direct current (DC) discharges. The wake potential, which arises due to the
relative motion of ions past the microparticles, introduces an anisotropic and often attractive component to
the interaction, further stabilizing crystalline structures (such as face-centered cubic (fcc), hexagonal
close-packed (hcp), and body-centered cubic (bcc)) observed within complex plasmas [2, 3].

To study these phenomena, experiments are conducted using the PK-4 (‘Plasmakristall-Experiment 4’)
setup, which is specifically designed for observing complex plasma behavior in a DC discharge environment.
This setup involves injecting microparticles into a plasma created within a U-shaped glass tube filled with a
noble gas like argon or neon. The microparticles are observed using high-resolution cameras and illuminated
by a laser, allowing for detailed analysis of their arrangement and dynamics within the plasma.

Given the complexity of the structures formed in these plasmas, advanced analytical methods are
required to accurately classify and understand them. Conventional methods have focused on identifying
symmetries within the crystalline structures [4–7]. However, recent advancements in machine learning,

© 2024 The Author(s). Published by IOP Publishing Ltd
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Figure 1. Three-dimensional view of the Wigner–Seitz cells of the fcc, bcc, and hcp structures.

Figure 2. Experimental data generated on the engineering model (EM) of PK-4 in the JLU laboratory (for more details see
chapter 4). The red circle marks an exemplary area in which potentially ordered structures can be found. In two dimensions, this
can be assumed due to the hexagonal structure.

particularly in the analysis of three-dimensional point clouds, have opened new possibilities for more
sophisticated and accurate analysis.

This study introduces WignerNet, a novel methodology that uses PointNet [8], a deep learning
architecture developed for processing 3D point clouds. Unlike conventional methods that rely on feature
vectors derived from mathematical operations, WignerNet directly utilizes the three-dimensional point
cloud of the Wigner–Seitz cells, providing a more direct and potentially more accurate classification of the
observed structures. The Wigner–Seitz cell represents a special primitive cell of a crystal lattice, defined by a
unique construction rule (see figure 1). The following section 2 will provide a detailed explanation of the
WignerNet method, discussing its development, underlying principles, and application to the analysis of
complex plasma structures. By integrating this advanced machine learning approach, we aim to enhance the
accuracy of our analysis of complex plasmas without the need for extensive computational operations. In
section 3, we provide a detailed exposition of the MCS method and offer a comparative analysis with our
proposed WignerNet approach. Subsequently, in section 4, we apply the WignerNet method to analyze
experimental data from the Pk-4 experiment, specifically investigating the presence of crystalline structures.
Additionally, we present a comprehensive description of the experimental setup used in this study.

2. WignerNet

It is challenging to discern the underlying structures merely by examining the two-dimensional image data
(see figure 2).

To conduct an accurate analysis of potentially crystalline structures, it is essential to examine them in
three-dimensional space. To obtain a three-dimensional representation of the particle cloud, a scan is
conducted along the Y-axis of the PK-4 setup. The laser and camera are mounted on a motorized stage and
move at a speed of 0.5mm s−1 along the Y-axis, while the camera captures images at a frame rate of 60 fps.
This procedure involves multiple recordings of each particle, with the frequency dependent on the camera
frame rate and the speed of the motorized stage. Through the tracking of particle positions across the images,
it is possible to ascertain which positions correspond to each individual particle.
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Figure 3. Constructed Wigner–Seitz cell in artificial bcc domain.

Particle localization was performed using a U-net-based method [9, 10], and the resulting position data
were tracked through the image sequence using trackpy [11]. The y-positions of each particle track are
determined by the current position of the motorized stage, while the x and z positions are obtained from the
2D coordinates in the images. Consequently, the three-dimensional positions are calculated by averaging the
x-, y-, and z-coordinates of each unique particle track. This methodology enables the reconstruction of the
positions of all dust particles as a three-dimensional point cloud.

However, several challenges arise in this process. The particles are never in a state of complete rest, which
results in noisy and often challenging-to-analyze data. Therefore, the method used should be universally
applicable and avoid hard-coded parameters such as cutoff radii. There are several methods available for
describing crystalline structures, some of which are grounded in mathematical principles. Dietz et al’s work
has shown robustness against noisy data by merging various techniques into a vector for classification via a
multi-layer perceptron [12]. Our approach is notably influenced by their methodology.

Defining the neighborhood of each particle is essential for analyzing a particle cloud. In order to define
the neighborhood, we initially utilize the corresponding Delaunay neighborhood, and subsequently employ
Voronoi cells. This approach is more adaptable to local structure, which is particularly important for
mixed-phase systems [12]. The structures are described according to established methodologies based on
Voronoi cells, which are calculated using the SCIPY [13] implementation of QHull [14]. Given the
three-dimensional nature of structural data, it is important to maintain this property during analysis.
Therefore, we propose using the three-dimensional Wigner–Seitz cell for structure classification (see
figure 3). Utilizing the structure of this cell should yield clear classification results.

A neural network will be utilized for the purpose of classifying the structures. In order to ensure the
model’s robustness, it is essential to consider the effects of rotation, translation, and scale when representing
ordered structures. Accordingly, we propose a translation-, rotation-, and scale-invariant method utilizing
the three-dimensional Wigner–Seitz cell. For such applications, the network architecture designated as
PointNet [8], as developed by researchers at Stanford University, has already demonstrated considerable
promise. Consequently, we intend to prepare the three-dimensional structure of the Wigner–Seitz cell in a
manner that will facilitate its direct integration with a PointNet architecture. In order to ensure uniformity in
the description of the Wigner–Seitz cells, they are represented as point clouds, each consisting of 1000 points
(see figure 4). Subsequently, the aforementioned uniform point clouds can be transferred directly to the
PointNet architecture, which allows for the classification of the cells according to their crystal structures,
specifically whether they are fcc, bcc, or hcp.

Analogous to Dietz et al we choose to only identify the crystalline structure of the particle, not whether
the particle is in a solid or disordered state. To achieve this, we filter the disordered particles out by using a
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Figure 4. Point cloud of the bcc Wigner–Seitz cell used as input for the WignerNet.

modified scalar product of the bond-orientational order parameter [15, 16] defined for a Minkowski
structure metric (MSM) [17]. This method is robust to uncertainties in particle positions of up to 14% of the
nearest neighbor distance, e.g. due to oscillations in the scan direction [17]. For a particle i, the order
parameters are calculated as follows:

q
′
lm =

∑

f∈F(i)

A( f)

A
Y6m

(
rij
)
. (1)

Here, Y6m are the spherical harmonics with l = 6, and the sum runs over all Voronoi neighbors. The
connecting vector of the two neighboring particles i and j is rij. The surface of the Voronoi cell A is defined by
the sum over the corresponding facet areas A=

∑
f∈F(i)A( f). Then, the complex vector is normalized over

all possible ordersm given by

q̃
′
6m(i) =

q
′
6m(i)

(∑6
m=−6 |q

′
6m(i)|2

)1/2
. (2)

For i the product is averaged over all neighbors j

S(i) =
1

N

N∑

j=1

6∑

m=−6

q̃
′
6m(i)q̃

′∗
6m( j), (3)

where S(i) is the scalar product of the MSM, N is the number of neighbors and q̃
′∗
6m( j) is complex conjugated.

If the product S(i) is less than 0.55, a particle is considered solid [12]. For particles identified as being in the
solid state, Wigner–Seitz point clouds are generated from the dust particle positions. These point clouds are
then input into the PointNet for further analysis.

The use of PointNet in our approach offers a significant advantage with respect to direct processing of
point clouds. In comparison to other methods, it eliminates the need for pre-processing steps, including
those involving voxel or graph conversion. Unlike convolutional neural networks (CNNs) and graph neural
networks (GNNs), PointNet can handle unstructured data in the form of point clouds, preserving the full
spatial structure without any loss of information.

One of PointNet’s key strengths is its permutation invariance, meaning the order of points does not affect
the output, which is crucial for processing point clouds where point order can vary. PointNet captures both
global features of the entire point cloud and local features of individual points through multiple
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Figure 5. Architecture of the WignerNet model.

transformations and pooling layers. This enables the analysis of structural information at multiple scales.
Unlike CNNs, which struggle with local information, or GNNs, which struggle to capture global
relationships despite their strength in analyzing local structural details, PointNet provides a balanced
solution. Additionally, PointNet is more computationally efficient and scalable compared to alternative
approaches [18]. Its ability to work with raw data without extensive preprocessing simplifies both the
training process and practical application, making it particularly advantageous for managing large datasets.

2.1. Neural network architecture
The network depicted in figure 5 is a architecture, designed for classifying point clouds. We implemented the
network in tensorflow [19]. Convolutional layers are responsible for identifying local features in the input
data. This network employs two convolutional layers with ReLU activation functions, followed by batch
normalization layers to stabilize training. The max-pooling layer reduces the dimensionality of feature maps
by extracting maximum values within small windows, thereby reducing computational costs and enhancing
spatial invariance. The global max-pooling layer extracts global features from the feature maps and reduces
dimensionality to a vector. The dense layers, comprising fully connected layers, further process extracted
features and conduct classification. In this network, three dense layers with ReLU activation functions, batch
normalization, and dropout for regularization are utilized. The output layer consists of three neurons with a
softmax activation function, computing probabilities for each class in the classification task. This network is
well-suited for point cloud classification because it employs convolutional and pooling layers to extract local
and global features, followed by fully connected layers for feature combination and classification.
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Figure 6. Excerpts of the artificial data at different noise levels.

Convolutional layers enable capturing spatial structures in point clouds, while pooling layers provide
invariance to shifts and distortions. As a result, the network can not only distinguish between fcc, bcc and
hcp structures, but also identify them at different noise levels.

2.2. TrainingWignerNet with noisy data
Given the inherent challenges and labor-intensive nature of labeling real image data, the creation of artificial
data that adequately represents crystalline structures is a preferable alternative. This process should
incorporate noise and drift movements of individual particles. To address noise in the artificial data,
Gaussian noise is initially added to the dataset. This Gaussian-distributed shift mimics the Brownian motion
of the particles. The standard deviation σ of the Gaussian noise is increased from 0.01 a to 0.2 a with a step
size of 0.01 a, where a is the average distance of the nearest neighbors. Consequently, domains are generated
for each structure within a specified volume for each noise level. Figure 6 illustrates exemplary excerpts of the
artificial data.

The artificially generated particle positions are used to calculate the scalar product of the MSM S(i) for
each dust particle within a given lattice. This metric determines whether a particle is in a solid state
(S(i)< 0.55) or in a liquid state. For particles classified as solid, Wigner–Seitz point clouds are generated
based on the dust particle positions. These point clouds are then labeled according to the underlying lattice
structure. Using these labeled Wigner–Seitz cell point clouds, the WignerNet is trained to recognize hcp, fcc,
and bcc lattice structures.

The optimal results were achieved with approximately 6000 training and 4000 test data points. During
training, the Adam optimizer with a learning rate of α= 0.0001 was employed, and the loss was computed
using categorical cross-entropy,

Loss(Ti,Pi) =−
C∑

i=1

Ti · log(Pi) , (4)

with Ti and Pi being the truth and predicted value of each structure, C being the number of classes.

2.3. Evaluation
The trend of the individual crystal structures resulting from S(i)< 0.55 is shown in the figure 7. Obviously,
the number of structures gradually decreases with increasing noise. At a noise level of 10%, about 64% of the
hcp,≈84% of the fcc, and≈88% of the bcc structures are still present [12]. To test and validate the network,
additional data sets are generated analogous to the training data set. To avoid overfitting the network to the
training data, each dataset is generated with a random shape factor for the Gaussian noise. This ensures that
the data is scale- and rotation-invariant for each noise level.

The predictions of the Wigner network show only a few misclassified particles (≈4.6%) for up to 20%
noise (see figure 7). Over the entire noise range, the misclassifications do not exceed≈4.6%.

3. Comparison to mixed crystal signature (MCS)

We will now outline the MCS analysis procedure for comparison with our own approach. They use several
proven methods and generalize them in a fixed neighborhood to create such a feature vector, which they call
‘crystal signature.’ A crucial aspect of this analysis is the definition of the neighborhood. In this study, the
neighborhood is determined using Delaunay triangulation [12]. First, the distances between all neighbors,
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Figure 7. This figure shows the occurrence of each crystal structure and the number of false predictions made by WignerNet at
each given noise level. It should be noted that the number of detected structures is normalized to 100% in the undisturbed case, as
referenced in [12].

denoted as j and k, are computed. These distances are then normalized by a characteristic length d0. This is
the average distance between a particle and its six nearest neighbors. Given the variable number of neighbors,
N, for each particle, and the total number of distances, N/2(N− 1), it is convenient to create a histogram of
all djk values. This histogram is divided into a given number of equidistant bins, in this caseNbins = 12, which
serves as the feature space. Furthermore, the analysis also considers the bond angles between neighboring
particles [20]. These bond angles, which characterize a particle i along with a pair of its neighbors j and k, are
calculated using the prescribed formula:

cos
[
θjk (i)

]
=

(
ri − rj

)
· (ri − rk)

∥ri − rj∥∥ri − rk∥
(for j ̸= k) . (5)

Since a clear distinction between fcc and hcp is difficult, the MSM of Mickel et al is included in the
analysis [12, 21]:

q
′
lm =

∑

f∈F(i)

A( f)

A
Ylm

(
θf,ϕf

)
, (6)

q
′
l =

√√√√ 4π

2l+ 1

l∑

m=−l

| q′
lm |2. (7)

The parameter q
′
l is the second order rotational invariant and is calculated for l = 4,6. The calculation of

the q4 and q6 bond-orientational order parameters provides valuable insight into the local structure and
symmetry of the particles [20]. These parameters are of great importance in the differentiation of the various
forms of local order. While structures of cubic symmetry exhibit a notable correlation with q4, structures of
icosahedrally symmetric nature are predominantly observed for q6 [20]. The azimuthal angle is denoted by
θf and the polar angle by ϕf . The spherical harmonics Y lm are weighted by the Voronoi facet area A(f) for all
facets f ∈ F(i). The surface area of the Voronoi cell facet separating the two neighboring spheres
corresponding to a given bond is given by the sum of the areas of all the facets, which is denoted by
A=

∑
f∈F(i)A( f). This quantity is then defined as the total surface area of the Voronoi cell boundary F(i) of

sphere i. They also compute the third-order rotational invariant w
′
l based on the MSM:

w
′
l (i) =

l∑

m1,m2,m3
m1+m2+m3=0

(
l l l

m1 m2 m3

)
× q

′
lm1 (i)q

′
lm2 (i)q

′
lm3 (i)

q
′
l (i)

3 . (8)
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Figure 8. This figure shows the performance of both methods in the classification of hcp, fcc and bcc at a certain noise level. The
misclassified structures were compared with each other.

The Wigner 3-j symbol is represented by the expression in large brackets. To further distinguish between
fcc and hcp structures, a method based on Minkowski tensors is used, which can accurately quantify the
shape of a convex surface. Differentiating the isotropic cells of fcc and hcp requires a fourth-order
translational and scale-invariant tensor:

(
W0,4

1

)
αβγδ

=
∑

f

A( f)

A
nαnβnγnδ. (9)

The Cartesian components of the triangulated facet normals are denoted by nα for α= 1,2,3. The facet
normals are weighted by the facet area A(f ). Writing the tensor as a symmetric 6×6 matrix in Voigt notation
allows them to compute the eigenvalues. The eigenvalues (ζ1, . . . ,ζ6) are rotation invariant and are included
in the crystal signature. Overall, the MCS consists of 31 dimensions, which allows for a reliable classification
of different crystalline structures [12]. These signatures are then passed to a multi-layer perceptron for
classification.

3.1. Comparison results
The results of applying each network to the same set of artificial data are illustrated in figure 8. The observed
trend in the occurrence of structures across different noise levels is consistent, as both methods classify the
structures as solid when S(i)< 0.55. The artificial dataset consists of labeled structures (in total 8691 fcc,
8502 hcp and 9149 bcc structures) generated for noise levels from 0 to 20. If the result of the method differs
from the true label, it is considered to be false.

While the analysis of the Wigner network seems to deliver robust results across the entire noise range, the
accuracy of the MCS method appears to be more significantly affected by noise levels, showing an 11%
misclassification rate at a 10% noise level. In contrast, the Wigner network maintains a lower
misclassification rate of around 3% under the same conditions. The robustness of the Wigner network to
noise is particularly noteworthy. While the MCS method’s error rate increases markedly with higher noise
levels, the Wigner network remains largely unaffected. This indicates that the Wigner network’s analysis is
relatively insensitive to noise, allowing for reliable performance regardless of the prevailing noise conditions.
Additionally, an examination of the correctly classified structures across the noise range shows that the
Wigner network consistently recognizes all three structures more reliably than the MCS method (see
figure 9).

If the corresponding confusion matrix (see figure 10) is also included in the comparison of the two
methods, it becomes clear that the Wigner network classifies the structures in principle more solidly than the
MCS method. The most significant deviations in the WignerNet analysis occur in the classification of the fcc
structure, which is most often confused with the hcp structure. This confusion also appears to be the primary
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Figure 9.Mean fraction of correctly detected structures at given noise level. Starting at a noise level of 17, solid fcc and hcp
structures can no longer be analyzed, with only a few bcc structures remaining solid up to a noise level of 20.

Figure 10. Comparison of confusion matrices for WignerNet and MCS. The base data set is the artificial data for a noise level of 0
to 20.

source of error in the MCS analysis. This misclassification may stem from the fact that both structures share
a coordination number of 12, meaning each particle has 12 nearest neighbors, whereas the bcc structure has
a coordination number of 8. As a result, the fcc and hcp structures are more likely to be confused, especially
in the presence of noise.

These findings suggest that the Wigner network is a superior method for particle classification in noisy
environments, providing more accurate and consistent results compared to traditional methods like MCS.
The ability of theWigner network to maintain high accuracy despite noise interference highlights its potential
for robust applications in various scientific and industrial contexts where noise is an inevitable factor.

4. Analyzing experimental data

Having established WignerNets effectiveness with artificial data, we proceeded to evaluate its performance
using real data from the PK-4 (‘Plasmakristall-Experiment 4’) setup. The Plasma and Space Physics research
group of the JLU Giessen has both an engineering model (EM) of PK-4, which has been converted for use
under zero gravity conditions on parabolic flights, and the science reference model (SRM) No. 1, which is
identical to the flight model on the ISS.

The image data of the microparticles were recorded using the engineering model of PK-4 in the
laboratory at Justus Liebig University (see figure 11). The primary difference between this model and the
flight model is the use of a new xiQ camera, which offers higher resolution and an increased frames per
second.

The setup is specifically designed for the study of complex plasma in a direct current (DC) discharge that
occurs in an elongated, U-shaped glass tube. This tube is filled with neon at pressures between 40 and 100 Pa.
The gas inlet is regulated by a flow controller at one end, while a vacuum pump at the opposite end
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Figure 11. This is a sketch of the PK-4 experimental setup provided by the Thoma research group of the JLU Giessen. The sketch
illustrates the trapping of microparticles within the field of view: 1 - ignition of the dc plasma, 2 - microparticle injection, 3 -
microparticles arrival into the PO camera FoV, and 4 - microparticle trapping in the field of view through polarity-switching
mode.

maintains the desired pressure level within the system [22]. Electrodes positioned at both ends of the tube
generate a high-voltage electric field, which ionizes the neon gas, thereby creating a low-temperature plasma.

For the formation of complex plasma, monodisperse microparticles of melamine formaldehyde (MF),
each with a diameter of 3.4µm, are introduced into the plasma via particle injector D5 ( see figure 11).

The setup is equipped with two particle observation cameras, capable of moving both longitudinally and
radially within the plasma chamber, corresponding to the x and y axes, respectively (as illustrated in
figure 11). These include a CCD camera (Particle Observation 2 or PO2) with a resolution of 1600× 1200
pixels and a CMOS camera (xiQ) offering a higher resolution of 2048× 2048 pixels. In this study, only
images from the xiQ camera were utilized. The xiQ camera was chosen for its higher resolution, which is
crucial for capturing detailed particle images, thereby ensuring the accuracy of the classification process. To
visualize the microparticles, a “particle observation laser” (PO laser) emitting green light at a wavelength of
532 nm is employed. The laser light scatters off the microparticles and is subsequently captured by the
cameras. A more detailed description of the PK-4 experiment can be found in [23].

To stop the movement of the particles within the camera’s field of view, the DC field was switched at
frequencies of 500Hz and 1000Hz (see table 1). Before scanning, the particle cloud was stopped in the field
of view for 3min to allow the particle structures to transition into the crystalline phase. Images were
captured at a frame rate of 60 fps, with a scan speed of 0.5mm s−1. The plasma chamber was scanned from
10.5mm to 18mm along the Y-axis. The electrode current was always I = 1mA.

The positions of dust particles in three-dimensional space are reconstructed from scan data using trackpy
[11] (for more details see section 2). These reconstructed positions are then used to compute the scalar
product of the MSM S(i) for each dust particle, determining whether a particle is in a solid crystalline state
(S(i)< 0.55) or a liquid state. For particles identified as solid, Wigner–Seitz point clouds are generated.
These point clouds are subsequently fed into the WignerNet to classify their structure.

Table 2 indicates that the proportion of ordered structures in a scan is highest at a pressure of 1mBar,
while it is lowest at a pressure of 0.4mBar. Notably, the composition of these ordered structures changes with
increasing pressure. At lower pressures, bcc and hcp structures predominantly prevail, whereas with
increasing pressure, the relative proportion of both fcc and hcp structures rises, while the relative proportion
of bcc structures decreases. In addition, figure 12 shows that the ordered structures form distinct clusters.
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Table 1. Experimental settings with a particle size of 3.4µm. All experiments were conducted in neon.

No. p [mBar] Frequency [Hz]

1 0.4 500
2 0.6 500
3 0.8 500
4 1 500
5 0.4 1000
6 0.6 1000
7 0.8 1000
8 1 1000

Table 2. The number of structures detected in a particle cloud, consisting of the listed number of particles, identified using WignerNet
for each experiment.

No. Particles fcc hcp bcc Solid

1 14 639 0 8 38 0.31%
2 25 995 2 12 204 0.84%
3 13 080 433 42 155 4.82.%
4 549 220 67 387 12.27%
5 18 449 5 6 40 0.28%
6 4412 7 10 148 1.91%
7 2806 13 43 260 6.63%
8 5011 24 35 380 9.39%

Figure 12. In this figure, the reconstructed three-dimensional positions of the particles from the fourth experimental scan (a) are
compared with the analysis results obtained using WignerNet (b). Only particles that are considered solid are taken into account
in the analysis (b).

The bcc structures are predominantly located at the periphery of the cloud, while the fcc structures are
predominantly formed at the center of the cloud. This suggests that bcc structures are more likely to occur at
higher dust densities, while fcc structures are more common at lower dust densities. The hcp structure, on
the other hand, appears to be present over a wider range of dust densities. This observation should be
verified in further experiments.

In addition, time-resolved studies of structural order during polarity switching experiments on PK-4
could certainly be of interest in the future. It would probably be advantageous to observe particle clouds of
similar size over a longer period of time at a given pressure.

4.1. Limitation of the network
In order to evaluate the applicability of the model to real experimental data, it is important to consider its
limitations, particularly in the processing and analysis of camera images. The neural network identifies
two-dimensional particle positions from these images, so the quality of the input data—affected by noise,
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illumination, and resolution—is critical. Once these positions are determined, they are correlated to
reconstruct the three-dimensional particle positions. This reconstruction can introduce errors, but in our
PK-4 experiments, the distance between particles is sufficiently large (at least ten times their diameter),
which in turn minimizes the impact of these errors on the structure classification.

The initial image processing employs a U-Net to binarize images, enhancing the detection of particle
positions by reducing noise interference [9]. Although some noise is inevitable, prior research has shown that
varying the signal-to-noise ratio has a minimal impact on particle detection accuracy [9, 24].

Given the sensitivity of crystalline structure formation to changes in plasma conditions, we meticulously
aligned the artificial training data with the actual experimental environment. As a result, the model
demonstrated consistent classification performance in real experiments, confirming its reliability under
varying experimental conditions.

5. Conclusion

In summary, this paper introduces a novel machine learning approach for detecting and classifying ordered
particle formations in complex plasmas using a PointNet [8] architecture. This method significantly
enhances the accuracy of ordered structure classification compared to previous techniques and demonstrates
greater resilience to data noise. Notably, the method showed superior performance in noisy environments (at
a 10% noise level), where the Wigner network maintained a misclassification rate of around 3%, compared
to 11% for conventional methods like MCS. This robustness makes it particularly valuable for applications in
various scientific and industrial contexts where noise is prevalent.

Additionally, the method enables a global evaluation of a particle cloud without the need for extensive
calculations of additional factors. The analysis algorithm generates point clouds in the form of Wigner–Seitz
cells, which are then classified using the established PointNet architecture. The use of artificially generated
training data, with variations in scale, rotation, and noise levels, proved effective for robust network training.
The ability to classify structures such as fcc, bcc, and hcp accurately even under varying noise conditions
further highlights the method’s robustness.

Moreover, this approach was applied to real experimental data from the PK-4 setup, demonstrating its
practical applicability. Future analyses, particularly those utilizing advanced setups like COMPACT [25] with
stereoscopic cameras, could achieve even higher precision in time-resolved three-dimensional particle
positions [26]. This would allow for more detailed studies on the dynamics of ordered structures in complex
plasmas, potentially refining existing theoretical models.

This advancement offers new possibilities for evaluating ordered structures and has the potential to refine
previous findings in this field. For example, time-resolved studies of ordered structures at a specific pressure
could be conducted, and spatial analysis of the clusters formed by these structures could yield valuable
insights.
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Abstract
The formation and classification of crystalline structures in complex plasmas is an interesting
topic in plasma physics, particularly under dynamic conditions such as microgravity. While pre-
vious work has largely focused on well-ordered cubic structures, the identification of more com-
plex symmetries remains challenging, especially in noisy experimental data. In this study, we
present an SE(3)-equivariant graph neural network capable of classifying a broad range of plasma
crystal symmetries, including face-centered cubic, hexagonal close-packed, body-centered cubic,
face-centered orthorhombic, body-centered orthorhombic, and body-centered tetragonal. SE(3)
denotes the Special Euclidean group in three dimensions, comprising all rotations and translations.
SE(3) Transformers use attention-based, equivariant message passing on graphs so that learned
features (scalars, vectors, higher-order tensors) respect 3D symmetry. This property is crucial for
classifying crystals because orientation and translation should not change the predicted class. Our
model combines equivariant message passing with Voronoi-based shape descriptors to capture
both local geometric features and global symmetries. It is trained on synthetic datasets and val-
idated against experimental data from PK-4 under laboratory and microgravity conditions. The
network significantly outperforms previous approaches such as WignerNet_PointNet, particularly
on non-cubic structures. Time-resolved analysis reveals how crystal formation depends sensitively
on external parameters such as gas pressure and polarity-switching frequency. Under micrograv-
ity, crystalline phases appear less frequently, which we attribute to reduced particle compression
and altered spatial confinement. Overall, the results highlight the effectiveness of symmetry-aware
machine learning models in capturing structural complexity in physical systems. The method
enables accurate classification of ordered structures and provides a powerful tool for investigating
phase behavior in complex plasmas.

1. Introduction

Plasmas, which consist of freely moving electrons and ions, are ionized gases and an interesting medium
for studying interactions in strongly coupled systems. When dust-sized micro-particles are introduced
into these plasmas, they become negatively charged by capturing electrons and form so-called com-
plex plasmas [1]. In such systems, the micro-particles interact through a combination of repulsive
forces, described by the Yukawa potential, and attractive forces arising from ion flow-induced wake
effects. These interactions can lead to the arrangement of the particles into ordered crystalline struc-
tures, commonly referred to as Coulomb or plasma crystals [2–6]. Previous studies on plasma crystals
have focused primarily on the identification of known crystalline structures such as face-centered cubic
(fcc), body-centered cubic (bcc) and hexagonal close-packed (hcp) [7–9]. Additionally, face-centered

© 2025 The Author(s). Published by IOP Publishing Ltd
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orthorhombic (fco) structures have been observed by Takahashi and Totsuji [10], particularly in cyl-
indrical DC discharge plasmas. However, other potentially relevant configurations, such as body-centered
orthorhombic (bco) and body-centered tetragonal (bct), have not been explicitly investigated in these
experiments. This raises the question of whether such structures might also form under certain con-
ditions and how they could be identified within experimental data. Inspired by the observations of
Takahashi and Totsuji [10] and by studies focused on the detection of various crystalline structures [11,
12], our study introduces a machine learning approach capable of identifying and classifying a wider
range of crystalline structures. By extending the training data with structures such as fco, bco and bct,
we aim to train an advanced neural network to classify fco, bco and bct in addition to fcc,bcc and hcp,
thus extending the possibilities of structural analysis in complex plasmas. The advanced model is based
on the SE(3) transformer architecture [13–16], which offers a fundamental advantage over networks used
in our previous work [17], such as PointNet [18] or PointNet++ [19]. In contrast to PointNet-based
methods, the SE(3) transformer works directly with graphical representations of Wigner–Seitz cells and
can therefore work more efficiently and stable in the case of invariants. This is because the SE(3) trans-
former is fundamentally equivariant, which is particularly advantageous for structures such as bco, bct
and fco, as their edge length ratios can vary considerably [13, 16].

The PK-4 facility [20], designed to study complex plasmas in cylindrical DC discharges under both
terrestrial and microgravity conditions, serves as the main source of experimental data for this study. To
further investigate the formation and evolution of plasma crystals, we performed experiments to observe
their behavior under normal gravitational conditions in a laboratory setting. By analyzing the time-
dependent evolution of these structures, we gained insight into their stability and transition dynamics.
Moreover, to examine plasma crystal formation in microgravity, we conducted experiments as part of a
parabolic flight campaign. The aim of these experiments was to investigate how the absence of gravita-
tional forces affects the self-organization of dust particles into crystalline structures.

By applying the advanced neural network to synthetic and experimental data sets from PK-4 exper-
iments, we confirm that we can detect not only known structures such as fcc, bcc and hcp, but also
structures such as fco, bco and bct. With this work, we aim to extend the range of crystalline structures
that can be detected in complex plasmas and gain deeper insights into the formation mechanisms of
plasma crystals. This approach paves the way for further potential investigations in the context of com-
plex plasmas.

2. Method

To accurately analyze crystalline structures, it is important to reconstruct their three-dimensional
arrangement as precisely as possible. In the PK-4 setup, this is achieved by scanning the particle cloud
along the Y-axis with a laser and camera system mounted on a motorized stage. The stage moves at a
speed of 0.5 mm s−1, while the camera captures images at 60 fps. This process ensures that each particle
is captured multiple times. By linking the particle positions in sequential images, the three-dimensional
coordinates of each individual particle can be reconstructed. For particle localization, we applied a U-
Net-based method [17, 21], and the trajectories were tracked through the image sequence using an adap-
ted self-organizing map [22]. The Y-coordinates of the particles were assigned based on the stage’s posi-
tion during the scan, while the X and Z positions were extracted from the two-dimensional image data.
These coordinates can be combined to generate a three-dimensional point cloud, which serves as the
basis for further structural analyses.

A major challenge in this process is the remaining motion of the particles, which introduces noise
into the data and complicates the analysis. To solve this problem, the particle neighborhoods are first
defined using Delaunay triangulation, followed by the calculation of Voronoi cells. This dual approach
provides a robust representation of local structures and is particularly beneficial for analyzing systems
with coexisting crystalline and amorphous regions [23].

The structural analysis relies on Voronoi cells, calculated using the SCIPY [24] implementation of
QHull [25]. Maintaining the three-dimensional characteristic of the data is crucial for accurate classifica-
tion, so we use Wigner–Seitz cells as the basis for structure identification (see figure 1). A Wigner–Seitz
cell denotes the region of space that is closer to a given particle than to any other. Visually, it corres-
ponds to the Voronoi cell of that particle within the crystal lattice. The shape of a Wigner–Seitz cell is
highly characteristic of a particular crystal structure and allows for a clear distinction from other struc-
tures. This representation provides a geometric framework for a detailed analysis of the crystalline struc-
ture using a graph neural network.
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Figure 1. Three-dimensional view of the Wigner–Seitz cells of the bcc, bco, bct, fcc, fco, and hcp structures.

In this study, we improve the methodology by replacing the previous PointNet architecture [17]
with the more advanced SE(3) transformer [13], which we have implemented in PyTorch [26]. In con-
trast to the PointNet-based approach [17], which requires point cloud representations with 1000 points
per Wigner–Seitz cell, the SE(3) transformer directly processes the Voronoi graphs derived from the
neighborhood determination. This significantly reduces computational effort while retaining the essen-
tial geometric information. A key advantage of the SE(3) transformer is its equivariance. This ensures
that structural variations caused by differences in unit cell parameters do not affect classification per-
formance. This is particularly important for structures such as bco, bct, and fco, where edge length
ratios vary dynamically. The network operates using SE(3)-equivariant message-passing layers, which
propagate and aggregate structural information efficiently while maintaining geometric consistency across
transformations.

Following the approach of Dietz et al [8], we limit our analysis to identifying the crystalline struc-
ture of particles. To exclude disordered particles, we apply a modified scalar product of the bond-
orientational order parameter [27, 28], adapted to the Minkowski structure metric (MSM) [29]. This
method is robust against positional uncertainties of up to 14% of the nearest neighbor distance, effect-
ively accounting for oscillations during the scanning process [29]. By integrating the SE(3) transformer
into our analysis pipeline, we introduce a highly efficient and accurate classification network that
expands the detection and classification capabilities for ordered structures in the context of complex
plasmas.

2.1. Equivariant graph neural network framework
Our neural network builds on the crystal edge graph attention neural network (CEGANN) proposed by
Banik et al [14], which was originally developed for crystal classification in atomistic simulations. In this
framework, crystalline structures are represented as graphs in which the nodes correspond to particles
and the edges describe their local neighborhoods. Information is exchanged between nodes through an
attention-based message passing mechanism, so that each particle updates its representation based on
both its own properties and those of its neighbors. The symmetry-awareness of this network is essen-
tial for the classification of experimental plasma crystal data, where orientations are arbitrary and noisy.
In our adaptation of the CEGANN framework, each particle is described by a combination of scalar
features, such as Voronoi cell volume and surface area, and directional features derived from the relat-
ive positions of neighboring particles. During message passing, these features are iteratively aggregated
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Figure 2. This is a schematic representation of the neural networks architecture.

across the graph, allowing the model to capture both local geometric details and global lattice symmet-
ries. Intuitively, this process enables the network to learn how crystalline order emerges from the inter-
actions between particles in their immediate environment. While this general framework provides robust
symmetry-aware message passing, our model extends it with a global structural signature that captures
complementary information beyond local neighborhoods.

2.2. Model architecture
While we adopt the general design principles of CEGANN [14], our model introduces an important
extension in the form of a global signature vector (see figure 2).

This signature is derived from Voronoi-based structural descriptors, including MSMs, higher-order
anisotropy measures, and coordination numbers. These descriptors are invariant under rotation and
translation and thus provide complementary information to the local, equivariant message passing. By
combining both perspectives, the model achieves a more robust discrimination between structurally sim-
ilar phases such as fco and bco. To enrich the model with global geometric context, we integrate a signa-
ture derived from a Voronoi-based structural analysis [30]. This signature includes geometric descriptors
based on the MSM and higher-order shape metrics. For each particle, a local Voronoi cell is constructed.
The total surface area A of the cell is computed as the sum of its facet areas:

A=
∑

f∈F(i)

A( f) . (1)

This quantity is then defined as the total surface area of the Voronoi cell boundary F(i) of sphere i.
The MSM of Mickel et al [23, 31] is calculated as follows:

q
′
lm =

∑

f∈F(i)

A( f)

A
Ylm

(
θf,ϕf

)
, q

′
l =

√√√√ 4π

2l+ 1

l∑

m=−l

|q′
lm|2. (2)
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The parameter q
′
l is the second order rotational invariant and is calculated for l= 4,6. Following

Steinhardt et al [32], we evaluate ql for l= 4,6, as these bond-orientational invariants are the most
effective for distinguishing different types of local order. We also compute the third-order rotational
invariant w

′
l based on the MSM [33]:

w ′
l (i) =

∑

m1,m2,m3
m1+m2+m3=0

(
l l l
m1 m2 m3

)
q ′
lm1

(i) q ′
lm2

(i) q ′
lm3

(i)
(
q ′
l (i)

)3 , (3)

where the indices m1,m2,m3 are subscripts on qlm ′ and the parenthetical term is the Wigner 3j sym-
bol. Another component of the signature is given by the six eigenvalues ζ1, . . . , ζ6 of a fourth-order
Minkowski tensor, which quantify the anisotropy and asymmetry of the local cell shape [34]. In addi-
tion, the coordination number N, defined as the number of nearest neighbors, is included as a further
descriptor. These global descriptors are invariant under rotation and translation [34].

The architecture itself consists of several equivariant graph convolutional layers, which update
particle features while preserving geometric consistency. The resulting node embeddings are pooled to
obtain a graph-level representation of the structure. This representation is then concatenated with the
global signature vector and processed through a multilayer perceptron with normalization, dropout, and
a final softmax classifier. The architecture is implemented using PyTorch Geometric [26] with the e3nn
library [35] to ensure SE(3)-equivariance. In this way, the network integrates local, symmetry-preserving
interactions with global geometric context, enabling accurate classification of crystalline structures in
complex plasmas even under noisy and dynamic experimental conditions. In the following, we describe
the dataset generation and training strategy that enable the network to generalize to experimental
conditions.

2.3. Training of the SE(3)-transformer model
To train the SE(3) transformer, we created a synthetic data set with crystalline structures, which allows
a controlled variation of the noise levels and thus ensures reproducibility. The dataset covers the six
crystalline symmetries fcc, hcp, bcc, fco, bco, and bct, each generated algorithmically by filling a three-
dimensional volume with particles arranged according to the respective lattice geometry.

To emulate experimental conditions, Gaussian noise was added to the particle coordinates to simulate
Brownian motion. The noise amplitude was varied from 0.01a to 0.2a in steps of 0.01a, where a denotes
the average nearest-neighbor distance. For anisotropic lattices (fco, bco, bct), the lattice constants a, b
and c were randomly varied to increase structural diversity. Each structure was also subjected to trans-
formations, such as scaling and rotation, to introduce geometric variability and improve the generaliza-
tion of the model. For each noise level, 80 different realizations were generated for these lattice types.

We focus exclusively on identifying the crystal structure of individual particles, without explicitly dis-
tinguishing between solid and disordered states. To exclude disordered particles, as described by Dietz
et al [30], we use a modified scalar product of BOOPs [27, 28], which can also be defined analogously
for MSM [29]:

S(i) =
1

N

N∑

j=1

6∑

m=−6

q̃
′
6m (i) q̃

′∗
6m ( j) (4)

q̃
′
6m (i) =

q
′
6m (i)(∑6

m=−6|q
′
6m (i)|2

)1/2
. (5)

The number of neighbors is denoted by N, and the scalar product is averaged over all neighbors j. This
procedure enables us to define a single threshold for each particle i to determine whether it is in the
solid or the disordered phase. In our case, we classify a particle as solid if S(i)⩾ 0.55, which provides
the most reliable distinction. Wigner–Seitz graphs were constructed from these solid particles.

In total, the dataset comprised approximately 82,356 training samples, 16 791 validation samples,
and 16 941 test samples. Due to SE(3)-equivariance, rotation augmentation is not necessary for con-
vergence. However, we apply mild rotations during validation and testing to probe invariance beyond
the training conditions. All data were converted to graph representations compatible with PyTorch
Geometric.

The SE(3)-Transformer was trained using the AdamW optimizer with a weight decay of λ= 10−3 to
avoid overfitting. The initial learning rate was set to α0 = 0.0005 and reduced by a factor of 0.5 every 50
epochs:

5



Mach. Learn.: Sci. Technol. 6 (2025) 045016 N Dormagen et al

αepoch = α0 · 0.5⌊epoch/50⌋. (6)

In addition, a ReduceLROnPlateau [26] scheduler was used to dynamically adapt the learning rate, redu-
cing it by a factor of 0.5 if the validation loss plateaued for five consecutive epochs. To further mitigate
overfitting, early stopping with a patience of 20 epochs was employed, and the model checkpoint with
the lowest validation loss was kept. Training was carried out using the PyTorch [26] implementation of
negative log-likelihood (NLL) loss function:

LNLL =−
C∑

i=1

yi log ŷi, (7)

where yi is the true one-hot encoded class label, ŷi the predicted class probability, and C the number
of lattice classes. Gradient clipping with a maximum norm of 5 was applied to avoid exploding gradi-
ents. Additionally, dropout regularization was employed before the final classification layer to enhance
generalization.

2.4. Model performance
To evaluate the effectiveness of our proposed model, we conducted a systematic comparison against
both graph-based methods and widely used atomic descriptors in computational materials science. For
clarity, we will refer to our network consisting of CEGANN + Signature as PlasmaCrystalNet from
here on out. SE(3)-equivariant networks, as implemented in e3nn, have proven effective for model-
ing atomic structures. However, a broad class of descriptors has also been successful for crystal classi-
fication. These include the Smooth Overlap of Atomic Positions (SOAPs), Atom-Centered Symmetry
Functions (ACSFs) [36], and many-body tensor representations such as the Local Many-Body Tensor
Representation (LMBTR) and the global MBTR [37]. Incorporating these methods into our comparison
provides a comprehensive assessment of how our model performs relative to established descriptors. For
this purpose, we considered the following approaches:

• SE(3)-equivariant GNN with Voronoi-based signature (PlasmaCrystalNet);
• CEGANN [14];
• WignerNet_PointNet [9];
• SOAP [38];
• LMBTR [38];
• MBTR [37, 38];
• ACSF [36, 38].

All descriptor-based methods were implemented using the DScribe library [38] and trained on the same
dataset as the SE(3)-equivariant models. Performance was evaluated using F1 scores. The results are
summarized in figure 3.

GNN models demonstrate superior performance in low-noise scenarios across the entire noise range.
PlasmaCrystalNet maintains a Macro-F1 value of at least 0.9 even in the mid-noise regime, making it
the most robust option overall. CEGANN also starts close to unity, but it exhibits a pronounced col-
lapse once the noise level approaches ∼16–18. Among the descriptors, SOAP smoothly degrades and
ultimately overtakes CEGANN at high noise levels. Meanwhile, LMBTR and ACSF steadily decline from
approximately 0.7–0.8 toward ∼0.45. MBTR remains low and almost flat around ∼0.35 across all noise
levels. WignerNet_PointNet performs well at low noise (∼0.8) but shows the strongest decay, reaching
very low F1 in the highest-noise range.

PlasmaCrystalNet likely benefits from geometry-aware aggregation that keeps neighborhood inform-
ation stable under small coordinate perturbations, whereas CEGANN appears to rely more on fine local
features whose topology becomes unreliable at high noise, triggering the late collapse.

As shown in figure 4, there are two regimes in the F1-latency plot that are separated by nearly
two orders of magnitude in runtime. Descriptor-based methods (MBTR, ACSF, LMBTR, SOAP) oper-
ate in the tens of microseconds, while PlasmaCrystalNet, CEGANN and WignerNet_PointNet cluster
around ∼1 ms. Considering both F1-score and latency, PlasmaCrystalNet offers the best trade-off (F1
≈ 0.99 at ∼1 ms); CEGANN is comparably fast yet marginally less accurate. Among methods oper-
ating in the tens of microseconds, SOAP stands out with markedly higher F1 while maintaining sim-
ilar latency to LMBTR/ACSF. WignerNet_PointNet sits mid-latency but underperforms both SOAP and
CEGANN/PlasmaCrystalNet. These findings demonstrate that our PlasmaCrystalNet, enriched with a
global signature, is more robust and generalizes better than the baseline CEGANN and conventional
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Figure 3.Macro-F1 score as a function of noise level for seven models.

Figure 4. F1-latency trade-off for all methods. Each marker reports macro-F1 (y-axis) versus per-sample prediction time (x-axis;
per Wigner–Seitz cell) on a log10 scale.

atomic descriptors. The model achieves accurate discrimination of structurally complex crystalline phases
by combining local, symmetry-preserving message passing with invariant global shape descriptors. This
extends the applicability of equivariant graph neural networks to noisy experimental plasma data, which
is past the limits of other descriptors.
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Table 1. Experimental settings with measurements conducted at pressures of 40, 60, 80, and 100 Pa, at frequencies of 500 Hz and
1000 Hz. Measurements were taken in 1 min intervals over a 5 min period. All experiments were conducted in neon.

No. Pressure (Pa) Frequency (Hz) Measurement intervals (min)

1 40 500 0, 1, 2, 3, 4, 5
2 60 500 0, 1, 2, 3, 4, 5
3 80 500 0, 1, 2, 3, 4, 5
4 100 500 0, 1, 2, 3, 4, 5
5 40 1000 0, 1, 2, 3, 4, 5
6 60 1000 0, 1, 2, 3, 4, 5
7 80 1000 0, 1, 2, 3, 4, 5
8 100 1000 0, 1, 2, 3, 4, 5

3. Experimental setup

The experiments were carried out with the engineering model (EM) of the PK-4 system, whose design
and operation have already been described in detail in [20] and in our previous work [9].

The EM is largely identical to the Science Reference Model used on the ISS and was employed both
for laboratory studies and for experiments during a parabolic flight campaign. For the present study,
the main difference compared to the Science Reference Model is the use of a high-resolution xiQ cam-
era (2048× 2048 pixels, up to 90 fps) instead of the CCD camera, which enabled a more precise analysis
of particle structures. In addition, we performed systematic time-resolved measurements under normal
gravity as well as under microgravity conditions during the 44th DLR parabolic flight campaign. The
microparticles were illuminated with a 532nm laser. The images were captured at a frame rate of 60 fps
and a scanning speed of 0.5 mm s−1. In each experiment, the plasma chamber was scanned systematic-
ally along the Y-axis, covering a range from 10.5 mm to 18 mm. Further technical information on the
gas flow, electrode configuration, and optical diagnostics can be found in [20, 39] and [9].

3.1. Laboratory experiments
In addition to microgravity experiments, extensive investigations were conducted under normal gravity
conditions in the laboratory at JLU Giessen using the EM of PK-4. To analyze the temporal evolution
of plasma crystals, we performed time-resolved measurements, scanning the microparticle cloud every
minute over a period of five minutes under various plasma conditions. Specifically, we examined the
evolution of plasma crystals at pressures ranging from 40 Pa to 100 Pa, conducting measurements at each
pressure for both 500Hz and 1000Hz polarity-switching frequencies. The discharge current was main-
tained at 1mA, and neon was used as working gas. For the formation of complex plasma, monodisperse
melamine-formaldehyde (MF) microparticles with a diameter of 3.4µm were injected into the plasma.
After ignition of the discharge, particles were injected after 20 s and measurements were started once
the cloud was centered in the camera field of view. Each dataset corresponds to image sections contain-
ing approximately 4000–8000 particles. Between changes of plasma parameters, a 3 min pause ensured
stabilization of gas flow and wall temperature. The measurement conditions are summarized in table 1.
To investigate the influence of external parameters on the formation of crystalline structures in complex
plasmas, a systematic comparison was performed by varying the gas pressure (40–100Pa) and the DC
polarity-switching frequencies (500Hz and 1000Hz) (see table 1). The results show clear trends in the
arrangement of ordered structures under different environmental conditions (see tables 2 and 3).

At constant switching frequency, lowering the neutral gas pressure reduces collisional damping and
enhances the directed ion drift. This does not simply destabilize the order; rather, it redistributes it:
closed-packed structures (fcc, hcp) shrink, while field-aligned anisotropic order becomes more likely. In
particular, increased fractions of bct and bco (with occasional fco) can be observed at lower pressures
(40–60 Pa), while at 100 Pa the fraction of close-packed fcc/hcp is highest. Orthorhombic/tetragonal
phases (bco/bct/fco) are therefore favored when ion–wake anisotropy is strong; conversely, at high pres-
sure they are suppressed and fcc/hcp dominate. The excitation frequency also has a significant influence.
A comparison of 500 Hz and 1000 Hz measurements under identical pressure conditions shows that at
higher polarity-switching frequency, the overall number of ordered particles is reduced and the temporal
evolution of crystalline order is weaker. The difference cannot be explained by the direct response of
the particles to the switching field, as the frequency is far above the characteristic dust response time.
Instead, higher switching frequencies affect the ion flow and the formation of ion wakes, which provide
vertical alignment and stabilize lattice order. Moreover, PK-4 discharge is known to exhibit ioniza-
tion waves with a characteristic period of ∼50µs [40], whose properties depend on pressure [41]. At
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Table 2. Structural data for all measurements at 500 Hz. Entries denote the number of particles classified as the respective structure in
that minute and condition.

Pressure (Pa) Min fcc hcp bcc fco bco bct Total

100 1 65 51 16 3 2 1 138
2 101 65 19 3 2 2 192
3 69 40 10 2 3 1 125
4 58 32 8 2 2 1 103
5 24 13 3 1 1 0 42

80 1 16 12 4 2 3 6 43
2 78 62 23 12 21 35 231
3 165 130 50 30 45 80 500
4 27 21 8 5 7 13 81
5 22 17 6 4 6 9 64

60 1 8 7 3 3 5 10 36
2 33 27 14 13 26 46 159
3 14 11 6 6 11 19 67
4 0 0 0 0 0 1 1
5 0 0 0 0 0 1 1

40 1 0 0 0 0 0 0 0
2 1 0 0 1 1 2 5
3 1 1 0 1 2 4 9
4 1 1 1 1 2 5 11
5 1 0 0 1 2 4 8

Table 3. Structural data for all measurements at 1000 Hz. Entries denote the number of particles classified as the respective structure in
that minute and condition.

Pressure (Pa) Min fcc hcp bcc fco bco bct Total

100 1 6 4 1 0 0 0 11
2 13 7 1 0 0 0 21
3 20 11 2 0 0 0 33
4 19 9 2 0 0 0 30
5 3 1 0 0 0 0 4

80 1 12 9 3 0 1 2 27
2 12 8 3 0 1 2 26
3 10 7 2 0 1 2 22
4 13 9 3 1 1 2 29
5 0 0 0 0 0 0 0

60 1 20 16 7 3 6 10 62
2 6 4 2 1 2 2 17
3 2 1 1 0 1 1 6
4 4 3 2 1 1 2 13
5 8 6 2 1 2 3 22

40 1 1 1 0 0 1 2 5
2 1 1 1 0 1 2 6
3 2 2 1 1 2 4 12
4 9 7 4 3 7 17 47
5 4 3 1 1 3 7 19

higher switching frequencies, ion wakes are suppressed and the coupling to ionization waves is altered,
which weakens long-range ordering and explains the reduced stability of bco and bct lattices observed
at 1000 Hz. A particularly robust trend at reduced pressure is the persistence of anisotropic lattices.
At reduced pressure (40–60 Pa), bct (with substantial bco) becomes the most frequent ordered state.
fco can occur but is typically less frequent. In contrast, fcc/hcp require higher pressure to form and
remain stable. Under less favorable conditions, namely low pressure, they either do not form at all or
dissolve quickly after formation. Regardless of the external parameters, most experiments show a mod-
erate increase in the number of ordered structures during the first minutes, which typically reaches a
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Figure 5. The engineering model (EM) of PK-4 installed on board the parabolic flight aircraft.

maximum after two to three minutes. Under optimal conditions, i.e. at high pressure and low polarity-
switching frequency, this growth continues steadily, while under less favorable conditions the number of
ordered structures stagnates or decreases again after the initial increase. A possible explanation for this
temporal behavior can be found in the intrinsic plasma dynamics of the PK-4 discharge. As shown by
Hartmann et al [40], the plasma column is not stationary but dominated by fast ionization waves and
associated striations. These generate strong spatio-temporal fluctuations of electric fields and particle
densities, resulting in residual drifts and variations in the kinetic temperature of the microparticles.
Consequently, even when ordered phases form initially, they can dissolve again after a few minutes as
the cloud experiences periodic perturbations from the background plasma. In addition, Mitic et al [42]
demonstrated that the long-term structural evolution in PK-4 is strongly influenced by a gradual redis-
tribution of microparticles within the cloud. This implies that the observed time dependence of crys-
talline order reflects not only collisional damping and external control parameters, but also the com-
bined effects of the oscillatory plasma dynamics and the slow rearrangement of particles within the dis-
charge. The observed structural behavior also reflects the overall dynamics of the cloud. At lower pres-
sures, the particles retain higher drift velocities and exhibit an increased kinetic temperature, both of
which hinder the formation of ordered structures. At higher pressure and lower polarity-switching fre-
quency, the cloud approaches a quasi-equilibrium state with reduced drift and lower kinetic temperature,
which promotes long-range order. These correlations suggest that the balance between collisional damp-
ing, ion-wake stabilization, and residual drift plays a central role in determining the crystalline order in
laboratory plasmas.

3.2. Microgravity experiments on parabolic flights
As part of the 44th DLR parabolic flight campaign, a series of experiments were carried out under
microgravity conditions with the support of Novespace [43] (see figure 5). Each flight consisted of
31 parabolas, providing approximately 22 s of microgravity per parabola. Due to the limited duration
of each phase, the procedures were highly automated to ensure reliable operation and efficient data
collection.

The main objective was to investigate the behavior of microparticle clouds in microgravity. The
experiments were carried out in neon at pressures of 50, 60 and 70Pa with a switching frequency of
500Hz, ensuring consistency with the laboratory studies. The discharge current was kept constant at
1mA. Monodisperse MF microparticles with a diameter of 3.4µm were injected into the plasma. Due
to time constraints, only one scan per parabola could be performed. Before each scan, the particles were
confined within the camera’s field of view and stabilized for 3 s, during which an algorithm dynamically
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Table 4. Structural data for all measurements under microgravity. Entries denote the number of particles classified as the respective
structure.

Pressure (Pa) Experiment fcc hcp bcc fco bco bct Total

70 1 0 0 0 1 2 1 4
2 0 0 0 2 4 1 7
3 1 0 2 2 7 3 15
4 0 0 0 0 0 0 0

60 1 0 0 0 0 2 0 2
2 0 0 0 0 0 0 0
3 0 0 0 0 0 0 0
4 0 0 0 1 2 0 3

50 1 0 0 0 0 0 0 0
2 0 0 0 0 0 0 0
3 0 0 0 0 0 0 0
4 0 0 0 0 0 0 0

Figure 6. Representative images comparing normal gravity (left) and microgravity (right). Under microgravity, the particle cloud
is no longer pressed into the plasma sheath but instead occupies the central region of the discharge tube.

adjusted the duty cycle of polarity switching to minimize residual drift. A particle cloud typically con-
tained 2000–4000 particles. The lower particle count compared to laboratory experiments is likely due to
the dispensers used. After each parabola, the system was flushed to remove the remaining particles and
allow for a fresh injection in the next microgravity phase. In this way, the measurements were directly
comparable to those obtained under normal gravity.

Crystalline structures were only rarely observed (see table 4). Across all parabolas, we detected 17
bco, 6 fco, 5 bct, 2 bcc, and 1 fcc structures. Despite the limited availability of data, our findings con-
sistently indicate that field-aligned anisotropic phases (bco, bct, fco) occur more often than close-packed
phases (fcc, hcp). At 70 Pa, an increase in neutral damping leads to the formation of anisotropic clusters,
while at lower pressures, no ordered structures were detected. Due to the overall low crystallization
rate, it is not possible to draw definitive conclusions on phase stability. In contrast, linear chain-like
arrangements aligned with the discharge axis were observed frequently, were remarkably stable, and
recurred across multiple parabolas. This behavior is consistent with Takahashi and Totsuji [10], who
reported that under microgravity crystalline order (fco) dissolves shortly after onset and is replaced by
one-dimensional chains stabilized by wakefield interactions and anisotropic coupling.

Another difference from laboratory conditions is the spatial distribution of particles (see figure 6).
In microgravity, the cloud is found in the center of the tube instead of being compressed into the lower
sheath; the reduced particle density lowers the effective coupling parameter Γ and thus the propensity to
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crystallize—consistent with laboratory observations where increased pressure and compression promote
crystal formation [44]. Consequently, extended crystalline domains are favored in the laboratory but are
strongly suppressed in microgravity.

Overall, ordered phases were less stable under microgravity than under laboratory conditions, while
string-like structures dominated. Notably, our graph neural network enables the identification of these
short-lived crystalline states even in such dynamic, non-stationary environments.

Increasing the number of injected particles is a plausible way to enhance the probability of crystalliz-
ation because higher density strengthens interparticle interactions and promotes compression.

4. Conclusion

We presented PlasmaCrystalNet, a graph neural network that combines SE(3)-equivariant message
passing with a global, Voronoi-based signature, enabling reliable classification of six crystalline phases in
complex plasmas with millisecond latency per Wigner–Seitz cell. Across a comprehensive benchmark, the
model maintains high macro-F1 at low to mid noise and outperforms descriptor-based methods and a
PointNet method while remaining computationally efficient for real-time analysis. Time-resolved laborat-
ory measurements show that the phase transition to crystalline order is maximized at high pressure and
a moderate polarity switching frequency. At reduced pressure, bct/bco phases become more prevalent,
consistent with stronger ion-wake anisotropy. Under microgravity, string-like arrangements dominate
and crystal structures appear only sporadically, reflecting reduced compression. Together, these results
provide a reliable method for recognizing structures in PK-4 and demonstrate how discharge control
parameters influence the formation of ordered structures.

It should be noted that this study uses 2D camera projections and minute-by-minute scans, which
may not fully capture transient rearrangements. Furthermore, statistics on parabolic flights are limited,
and the labels for rare classes are subject to greater uncertainty. Finally, the evaluation is limited to neon
and a current of 1mA. Further studies should be conducted with other gases and currents.

Enlarged datasets that cover additional noble gases, discharge currents, and microgravity campaigns
will enable phase occurrence maps and tests of string—crystal transition theories. Higher-resolution and
stereoscopic imaging, as in the COMPACT setup [45], should allow tracking structural dynamics with
improved precision [46, 47].

Computational resources for training

All neural models were trained on an in-house cluster equipped with 2× NVIDIA RTX 3080 (CUDA-
enabled) and 60GB RAM. Unless stated otherwise, experiments were executed on a single GPU; the
second GPU was used to accelerate hyper-parameter sweeps and repeated runs. The reported results
are reproducible on a single RTX 3080 without architectural changes. Importantly, the full training
pipeline also runs on an embedded NVIDIA Jetson AGX Orin. On this platform, training remains feas-
ible by using smaller micro-batch sizes; no modifications to the network architecture or loss functions
are required. As expected for embedded hardware, training time increases, but convergence behavior and
final accuracy are unaffected.

Data availability statement

The code is available on GitHub via https://github.com/plasmalyzer/PlasmaCrystalNet. All data that sup-
port the findings of this study are included within the article (and any supplementary files).
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Chapter 5

Conclusion and Outlook

This cumulative dissertation presents the systematic development of a data-driven analysis
framework for the investigation of complex plasmas in the PK-4 experiment. The three
underlying publications represent a coherent methodological advance, ranging from the
precise detection of individual particles to the classification of ideal crystal structures and
the robust analysis of anisotropic phases. Together, they establish an automated, objective,
and physically consistent framework for the characterization of strongly coupled plasmas.
In the first part of this work, a U-Net based method for particle detection was developed that
enables the reliable identification of microparticles even in highly noisy or overlapping image
regions. By reconstructing the particle cloud along the scan axis, a volumetric representation
was obtained that allows for precise determination of three dimensional positions and thus
provides a robust basis for further structural analyses.
Building on this, in the second step a neural network for classifying local crystal structures
from three dimensional particle positions was developed. For this purpose, the PointNet
[53] model was used in the form of WignerNet, such that Wigner-Seitz cells are represented
by 1, 000 uniformly distributed support points and analyzed directly as point clouds. The
method proved to be highly robust to experimental noise and outperformed established
structural descriptors such as the MCS algorithm [28]. This enabled a data-driven and
experimentally validated classification of ideal local crystal phases in complex plasmas.
In the third step, this approach was extended to more complex anisotropic crystal phases.
To this end, the PlasmaCrystalNet model was developed. It employs a symmetry-consistent
SE(3)-inspired architecture, namely CEGANN [72], which preserves rotational and transla-
tional invariance. By combining local, invariant graph features with global Voronoi based
descriptors that are invariant under rotations and translations, orthorhombic and tetragonal
phases (fco, bco, bct) could be reliably distinguished. The architecture showed a high degree
of robustness with respect to measurement noise, wake induced distortions, and structural
anisotropy and achieved F1 scores above 0.9 even at 15% positional uncertainty.
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Together, this dissertation demonstrates that the integration of modern deep learning
networks into experimental plasma physics enables largely automated, reliable, and physi-
cally consistent analysis of strongly coupled plasmas. The methods developed here provide
new insights into the stability and dynamics of crystalline structures, the role of external
parameters such as gas pressure, frequency, and electric field geometry, and the formation
of anisotropic phases under microgravity conditions. Methodologically, this work represents
a significant step toward ML models that do not simply respect physical symmetries and
invariances but explicitly incorporate them into their internal representations.
The methods developed in this work open up a wide range of perspectives for future
research in experimental and theoretical plasma physics. A particularly natural next step
is to integrate the models presented here directly into the data processing pipelines of
upcoming experiments. With efficient adjustments, the developed algorithms could be
adapted to the hardware of the PK-4 successor experiment COMPACT [44] with only
moderate modifications. In addition, the stereoscopic imaging system of the COMPACT
setup [75, 76] enables substantially higher spatial resolution and therefore more precise
structural analysis of three dimensional plasma structures. The new experimental platform
thus offers the possibility of applying the methods developed here with significantly in-
creased structural accuracy. Moreover, largely autonomous real time diagnostics become a
realistic prospect. Such capabilities would make it possible to adaptively control ongoing
experiments by continuously adjusting discharge parameters to the observed structural
changes. This opens up new experimental strategies in which machine learning is used not
only for post-processing but also for adaptive control of complex plasma systems.
Another promising approach for future research is the practical application of the methods
developed here. The integration of all analysis tools and model components into a large
language model (LLM) appears particularly promising. Such a combination would greatly
simplify the operation of the algorithms and make interaction with complex analysis more
intuitive. At the same time, an LLM could serve as an intelligent interface that automatically
selects suitable models, suggests parameters, preprocesses data, or interprets results. A
system like this would be especially valuable for use on board the ISS. An LLM-based assis-
tance system could support astronauts in real time in the evaluation of experimental data
without requiring detailed expertise in modeling or data analysis. This would significantly
improve both the efficiency and reliability of the analyses. In the long term, such a system
could contribute to the autonomous diagnosis, monitoring, and interpretation of complex
plasma phenomena, thereby further optimizing the scientific use of limited resources in space.
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Finally, it is important to highlight that the concepts developed here go far beyond plasma
physics. The combination of geometric invariances, local graph based analysis, and global
structural descriptors can be transferred to many other strongly coupled particle systems
such as granular materials or atomic clusters. The precise characterization of local and
global order also plays a central role in these systems, meaning that the methods presented
in this work enable a wide range of future applications.
Overall, this dissertation therefore represents not only a completed methodological con-
tribution, but also a conceptual framework for future developments. The combination of
modern artificial intelligence and physical modeling opens up novel ways to understand and
experimentally control complex many-particle systems and marks a substantial step toward
autonomous and data-driven experimental methodologies in laboratory and microgravity
environments.
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