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Abstract

3D printing has altered manufacturing by enabling the production of complex objects. The
emerging field of printed electronics makes it possible to integrate functional parts with embed-
ded electronics. The full potential of combining 3D printing and printed electronics is unlocked
by 5-axis printing. This technique allows circuits to be routed along the surfaces of complex ob-
jects. This thesis presents a method to reliably print electronics, correct upcoming errors during
printing, and generate a digital twin of the printed object, all achieved on low-cost hardware.

5-axis printing on low-cost printers is challenging due to misalignments in the rotary axes.
This challenge is amplified for printed electronics that require a constant distance to the surface
and continuous deposition along the path. To address this issue, this work presents a software
pipeline that measures the misalignments of the printer’s rotary axes and incorporates them into
a URDF based model of the printer. An IK solver uses this model to generate compensated
toolpaths that account for these deviations. To achieve continuous deposition, surface normals
extracted from the underlying object are incrementally adapted along the path. This enables
reliable deposition of printed electronic wires onto arbitrary surfaces using imprecise low-cost
hardware.

Even with a well calibrated system, errors can still occur during printing, and printed elec-
tronics are highly sensitive to these faults. A small imperfection in a wire can make the circuit
nonfunctional and cause failure of the entire object. This work presents a method for in itu error
detection and repair to address this problem. A neural network segments the wires in images
captured during the printing process. By comparing the segmented wires with the intended
toolpath, defects are identified. From the identified defects, repair toolpaths are generated to fix
them. This results in more reliable electronics with known circuit properties.

For structural objects, reliability of the printing process is also crucial, especially in critical
industries such as medical or aerospace. The first step toward quality control and certification
is the creation of a digital twin of the printed object. Each printed layer is reconstructed by
segmentation with a neural network using two inputs: an image of the current layer and an image
of the previous layer. By stacking these individual layer segmentations, a 3D reconstruction
of the printed object is created. The reconstruction archives high precision with a resolution
of 12 µm per pixel and a mean geometric deviation of 61.5 µm. This digital twin is accurate
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enough to enable future quality inspection, adjust printing parameters, and serve as a basis for
certification.

In conclusion, the methods proposed in this thesis enable 5-axis printing of objects with
embedded electronics on low-cost hardware, ensure the reliability of the printed electronics, and
generate accurate reconstructions of structural objects.
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Kurzfassung

3D-Druck hat die Fertigung grundlegend verändert, da er die Herstellung komplexer Objekte
ermöglicht. Das aufstrebende Gebiet der gedruckten Elektronik erlaubt die Integration funktio-
naler Bauteile mit eingebetteter Elektronik. Das volle Potenzial der Kombination aus 3D-Druck
und gedruckter Elektronik wird erst durch 5-Achsen-Druck erschlossen, weil diese Technik das
Verlegen von Schaltkreisen entlang der Oberflächen komplexer Objekte ermöglicht. Diese Dis-
sertation stellt Methoden vor, um Elektronik zuverlässig zu drucken, während des Drucks auf-
tretende Fehler zu korrigieren und einen digitalen Zwilling des gedruckten Objekts zu erstellen
- alles auf kostengünstiger Hardware.

5-Achsen-Druck auf kostengünstigen Druckern ist aufgrund von Fehlstellungen der Rotati-
onsachsen herausfordernd. Diese Problematik verschärft sich bei gedruckter Elektronik, da sie
einen konstanten Abstand zur Oberfläche sowie einen kontinuierlichen Materialauftrag entlang
des Pfades erfordert. Um dieses Problem zu lösen, präsentiert diese Arbeit eine Softwarelösung,
die die Fehlstellungen der Rotationsachsen des Druckers präzise misst. Auf Basis dieserMessun-
gen wird ein URDF-basiertes Modell des Druckers erstellt. Ein Inverse-Kinematik-Solver nutzt
diesesModell, um kompensierteWerkzeugwege zu generieren, die die erkannten Abweichungen
ausgleichen. Für einen Materialauftrag mit gleichmäßiger Geschwindigkeit werden die Oberflä-
chennormalen des zugrunde liegenden Objekts extrahiert und entlang des Pfades schrittweise
angepasst. Dies ermöglicht den zuverlässigen Auftrag gedruckter elektronischer Leitungen auf
beliebigen Oberflächen auf unpräziser, kostengünstiger Hardware.

Auch bei einem gut kalibrierten System können während des Drucks Fehler auftreten. Ge-
druckte Elektronik ist für solche Abweichungen besonders anfällig. Bereits eine kleine Unre-
gelmäßigkeit in einer Leitung kann die gesamte Schaltung funktionslos machen und damit das
Objekt unbrauchbar werden lassen. Zur Lösung dieses Problems stellt diese Arbeit eine In-situ
Methode zur Fehlererkennung und -reparatur vor. Hierfür segmentiert ein neuronales Netzwerk
die Leitungen in Bildern, die während des Druckvorgangs aufgenommen werden. Der Vergleich
der segmentierten Leitungen mit dem vorgesehenen Werkzeugpfad identifiziert Defekte. Die
identifizierten Defekte werden anschließend mithilfe eines generierten Reparaturpfads behoben.
Diese Technik führt dazu, dass zuverlässigere Elektronik mit bekannten Schaltungseigenschaf-
ten gedruckt werden kann.
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Auch bei strukturellen Objekten ist die Zuverlässigkeit des Druckprozesses von entschei-
dender Bedeutung, insbesondere für Anwendungen in kritischen Branchen wie Medizin oder
Luft- und Raumfahrt. Ein erster Schritt hin zu Qualitätskontrolle und Zertifizierung ist die Er-
stellung eines digitalen Zwillings des gedruckten Objekts. Diese Arbeit stellt eine Methode vor,
jede gedruckte Schicht zu rekonstruieren, indem ein neuronales Netzwerk jede einzelne Schicht
segmentiert. Als Eingangsdaten dienen dabei neben dem Bild der aktuellen Schicht auch die
Aufnahme der vorherigen Schicht. Durch das Stapeln der segmentierten Einzelschichten entsteht
eine 3D-Rekonstruktion des gedruckten Objekts. Die Rekonstruktion erreicht eine hohe Präzisi-
on mit einer Auflösung von 12 µm pro Pixel und einer mittleren geometrischen Abweichung von
61.5 µm. Der digitale Zwilling ist hinreichend genau, um zukünftige Qualitätsinspektionen zu
ermöglichen, Druckparameter anzupassen und als Grundlage für eine Zertifizierung zu dienen.

Zusammenfassend ermöglichen die in dieser Dissertation vorgestellten Methoden den kos-
tengünstigen 5-Achsen-Druck von Objekten mit eingebetteter Elektronik, sichern die Zuverläs-
sigkeit der gedruckten Elektronik und erlauben eine präzise Rekonstruktion von Strukturteilen.
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Chapter 1

Introduction

3D printing, also known as Additive Manufacturing (AM), is a technology that has revolution-
ized the way objects are designed and manufactured. The first concept of 3D printing was de-
veloped by Hideo Kodama in 1981 [1] where he created objects from a resin by hardening layers
of resin with Ultraviolet (UV) light and stacking them onto each other in a specifically designed
machine. Later, Scott Crump invented the Fused Deposition Modeling (FDM) process [2] in
which a thermoplastic filament is extruded through a nozzle and deposited layer by layer to cre-
ate a solid object. Both of these early 3D printing processes where patented and commercialized
in the late 1980s and early 1990s and were mostly used in industrial applications due to their
high cost.

The expiration of these patents, especially the FDM patent, marked a major turning point in
the accessibility of 3D printing technology. The Replicating Rapid-prototyper (RepRap) project
introduced self-replicating 3D printers that couldmanufacturemost of their own components [3].
This led to a drastic decrease in costs and triggered rapid growth and innovation across the 3D
printing and Additive Manufacturing industry. Multiple companies began developing their own
3D printers based on the RepRap project and made them widely available to the public. Through
this trend, other technologies like Stereolithography (SLA) also became more affordable and
accessible for consumers.

Today, 3D printing has fundamentally altered manufacturing by enabling the production of
complex geometries, highly customized features, and more resource efficient processes [4]. It
has moved from niche prototyping to mainstream manufacturing, driven by falling equipment
costs, broader material capabilities, and growing demand for product personalization. The tech-
nology is widely adopted across industries, including aerospace, automotive, healthcare, and
consumer products [5]. For example, SpaceX reduced the weight of its Raptor 3 engine by 7%
while increasing thrust by 21% using 3D-printed metal parts [W1]. The primary advantage over
traditional manufacturing is its flexibility. Designers can iterate rapidly (rapid prototyping) and
create geometries that are not achievable with other manufacturing methods [6]. From an eco-
nomic perspective, 3D printing is preferable to conventional manufacturing in scenarios that
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CHAPTER 1. INTRODUCTION

combine low production volumes, highly complex part geometries, and highly customized de-
signs [7]. The global 3D printing market was valued at 22 billion USD in 2024, with annual
growth of about 10-20% over the last decade [8].

Early research and development in 3D printing focused primarily on structural performance
and aesthetic quality. As the technology matured, researchers began to explore functional ap-
plications, particularly the direct integration of electronics into printed parts. This shift en-
ables electronics to be embedded within complex 3D geometries, resulting in functional ob-
jects. While the first printed electronics were relatively simple and limited in capability [9],
ongoing research has pushed these boundaries. Today, a wide range of processes and materials
is available for printing electronics [10], enabling single-piece, fully integrated devices without
the constraints of traditional PCB integration.

The layer-based printing on 3-axis machines limits both design freedom and achievable me-
chanical properties. To overcome these limitations, Curved Layer Fused Deposition Model-
ing (CLFDM) was introduced [11] and has been shown to increase strength [12] and reduce sur-
face roughness [13]. To further expand this freedom, additional axes were added to printers to
print cylindrical objects [14], to print with a 6 Degrees of Freedom (DOF) robotic arm [15], or to
print segments in arbitrary orientations [16]. For printed electronics, this greater freedom is es-
pecially beneficial because it allows wires to follow the object’s surfaces and contours, resulting
in a more compact design [17].

Transitioning from conventional 3-axis systems to advanced 5-axis printers makes path plan-
ning significantly more complex. Calibration methods must also be adapted to achieve the ac-
curacy required for multi-axis printing. With integrated electronics, these challenges intensify.
Because the electronics are embedded, conventional post-production inspection and repair are
not feasible. As a result, robust in-process error detection and correction become essential for
reliability, since defects in printed conductive paths can render an entire device faulty. For
structural parts, an additional challenge is the growing demand for methods that can reconstruct,
inspect, and validate the internal structure immediately after fabrication. This would help bridge
the gap between the digital design and its physical realization, especially for safety-critical parts,
such as those used in aerospace or medical applications.

1.1 Aim of this Thesis

To overcome the challenges outlined above, this thesis aims to develop and validate an inte-
grated toolchain that enables reliable, support efficient 5-axis printing of objects with embedded
electronics on low-cost platforms, complemented by in-process defect detection/correction and
layer-wise digital twin reconstruction for quality assurance. The main objectives are:
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1.2. RESEARCH QUESTION AND CONTRIBUTION

Calibration Develop and validate a machine specific calibration methodology that measures
geometric and kinematic errors and converts them into a compensation model for accurate
5-axis motion.

Path Planning Create a framework for conformal printed electronics that generates continuous,
surface following toolpaths with correct tool orientation and integrates compensation and
machine constraints.

Wire Detection Design and evaluate an in situ, vision based monitoring system that detects and
localizes printed conductive structures across materials, geometries, and machine setups.

Error Detection and Correction Develop real-time methods to detect common defects (e.g.,
connection breaks and shorts) during printing, and implement autonomous strategies to
repair these defects, resulting in a working circuit.

Layer Segmentation Investigate generalizable imaging and segmentation methods that reliably
capture the actual printed structure of each printed layer.

Object Reconstruction Develop a accurate 3D reconstructionmethod that creates a digital twin
of the printed object from the segmented layers, enabling detailed quality inspection and
traceability.

Because Fused Filament Fabrication (FFF) is the most widely used technology on low-cost
printers, hardware development concentrates on FFF-based systems, with additional validation
on an industrial 5-axis platform (Neotech PJ15X). Reliability is demonstrated through experi-
ments and case studies that cover multiple geometries, materials, imaging setups, and printer
configurations.

1.2 Research Question and Contribution
The objective of this thesis is to advance the state of the art in 3D printing of objects with
integrated electronics on multi-axis systems by addressing key challenges in calibration, path
planning, in-process defect detection and correction, and layer-wise reconstruction for quality
assurance. This leads to the following research questions, which are addressed in this disserta-
tion:

Path Planning for 5-Axis Printing How can toolpaths be derived from arbitrary 3D geome-
tries that ensure continuous, surface-conformal deposition while respecting machine kine-
matics? How can calibration data be robustly modeled and integrated into a path planning
framework to enable accurate, reliable 5-axis 3D printing of geometrically complex ob-
jects with embedded electronics?
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CHAPTER 1. INTRODUCTION

In Situ Error Correction of Printed Electronics What reliable vision based methods can de-
tect and localize conductive wires during printing? How can errors such as connection
breaks and short circuits be identified in real time, and which autonomous repair strate-
gies can be executed to correct them?

Layer Segmentation and Object Reconstruction How can the actual printed structure be cap-
tured layer by layer? How can this information be used to create a high-fidelity digital twin
of the printed object for quality inspection and certification?

1.3 Publications
Most of the content in this thesis has already been published in research papers. These publica-
tions are listed below with a short summary of their content.

1.3.1 Core Publications
This section lists the core publications that are directly related to this thesis.

Daniel Ahlers. ”In-Situ Verification of 3D-Printed Electronics Using Deep Convolutional
Neural Networks”. In:Proceedings of the 32nd Annual International Solid Freeform Fabrica-
tion Symposium, 2021 [18]

This work introduces a vision based method that detects and localizes printed conductive
wires during the printing process. A neural network is trained to segment the wires in images
captured in situ. The resulting segmentation is then compared with the intended toolpath to
identify errors such as connection breaks, shorts, and unreached points. Chapter 5 is partly
based on this publication.

Daniel Ahlers, Florens Wasserfall, Johannes Hörber, and Jianwei Zhang. “Automatic in-situ
error correction for 3D printed electronics”. In:Additive Manufacturing Letters 7, 2023 [19]

This work builds on the previous publication by introducing in situ detection and correction
of errors in printed electronics. From the detected errors, a repair toolpath for connection breaks
is generated and then executed to repair the defect. The approach is evaluated on an industrial
3D printer across various test cases. Chapter 5 is partly based on this publication.

Daniel Ahlers, Tom Schmolzi, German Junca, Jianwei Zhang, and Florens Wasserfall. “Cal-
ibration and compensation of 5-axis 3D-printers for printed electronics”. In:Additive Manu-
facturing Letters 12, 2025 [20]
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1.3. PUBLICATIONS

This work presents a calibration and compensation approach for 5-axis 3D printers to im-
prove accuracy. It introduces a touch-probe based calibration procedure, and stores the mea-
sured parameters in a Unified Robot Description Format (URDF) based compensation model.
This model is then integrated into a path-planning framework to generate accurate toolpaths and
is evaluated on a low-cost 5-axis printer. Chapter 4 is based on this publication.
Daniel Ahlers, Niklas Fiedler, Florens Wasserfall, and Jianwei Zhang. “Camera Based In
Situ Layer Segmentation and Object Reconstruction for Digital Twins in FFF 3D Printing”.
Submitted to: Journal of Intelligent Manufacturing, 2025 [21]

This work is currently under review. It presents an approach for creating a digital twin of a
printed object from images captured during the printing process. For each printed layer, a neural
network segments the images to identify the regions that were actually deposited in this layer. By
stacking these segmented layers, a 3D reconstruction of the printed object is generated forming
a digital twin. The reconstruction approach is evaluated on its ability to generalize to unseen
objects, its capability to preserve fine details, and its geometric accuracy. Chapter 6 is based on
this publication.

1.3.2 Other Publications

The publications listed below are only marginally related to this thesis, or were published before
the thesis period started.

Florens Wasserfall, Daniel Ahlers, Norman Hendrich, Jianwei Zhang, ”3D-Printable Elec-
tronics - Integration of SMD Placement and Wiring into the Slicing Process for FDM Fab-
rication”, In:Proceedings of the 27th International Solid Freeform Fabrication Symposium,
2016 [22]

This work presents an approach for integrating printed wires and Surface Mounted Device
(SMD) components into the slicing process of FFF printers. It introduces a software toolchain
that models the circuit schematic, generates the corresponding wire deposition tool paths, and
inserts the required pick-and-place commands into the resulting G-code.

Daniel Ahlers, Florens Wasserfall, Norman Hendrich, Jianwei Zhang, ”3D Printing of Non-
planar Layers for Smooth Surface Generation”, In: 15th IEEE Conference on Automation Sci-
ence and Engineering (CASE), 2019 [23]

This work presents a path-planning approach for printing smooth surfaces with three-axis
printers. It automatically generates nonplanar layers on top of the given object while avoiding
collisions.
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Florens Wasserfall, Daniel Ahlers, Norman Hendrich, ”Optical In-Situ Verification of 3D-
Printed Electronic Circuits”, In: 15th IEEE Conference on Automation Science and Engineer-
ing (CASE), 2019 [24]

This work presents an Support Vector Machine (SVM)-based method for detecting wires in
images captured during the printing process. The SVM classifies pixels by their color in the
Hue Saturation Value (HSV) color space. A sliding-window detector is applied along the wire
to identify missing material. This work is the predecessor of [18].

Florens Wasserfall, Norman Hendrich, Daniel Ahlers, Jianwei Zhang, ”Topology-Aware
Routing of 3D-Printed Circuits”, In:Additive Manufacturing Journal 36, 2020 [25]

This work introduces an automated wire-routing method for 3D-printed electronics. Con-
nections are extracted from the circuit schematic and routed through the object using an A*
algorithm that follows the object’s overall layer structure. The object’s toolpath is then adapted
to automatically create cavities around the routed wires.

Daniel Ahlers, Florens Wasserfall, Norman Hendrich, Arne Büngener, Jan-Tarek Butt, Jian-
wei Zhang, ”Automated In-Situ Placing of Metal Components Into 3D Printed FFF Objects”,
In: IEEE/ASME Transactions on Mechatronics 26, 2021 [26]

This work presents a method for automatically inserting metal components into 3D-printed
objects during the printing process. A low-cost FFF printer is extended with a magnetic pick-
and-place unit and a camera system, enabling the placement of nuts and other small components
into automatically generated cavities during printing.

1.4 Structure of the Thesis
The remainder of this thesis is structured as follows:

Chapter 2 This chapter introduces the fundamental concepts of this thesis. It first reviews 3D
printing, outlining the main technologies and processes, explains the FFF workflow from
the design phase through toolpath generation to the actual printing, and describes the basic
components of a typical FFF printer. Then, it introduces printed electronics, summarizing
the main processes for applying conductive traces onto a substrate and the common path-
planning approaches used for printed electronics. Finally, it describes the neural network
architectures used in this thesis.

Chapter 3 This chapter describes the hardware developed and used in this thesis. It first cov-
ers the two modified E3D ToolChanger printers used in most experiments, detailing the
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toolheads and the mechanical, electrical, and software modifications that enable printed
electronics, five-axis printing, and in situ monitoring. It then briefly introduces the indus-
trial Neotech PJ15X printer used in selected experiments.

Chapter 4 This chapter presents a novel path-planning framework for 5-axis printing of objects
with embedded electronics. It begins by introducing a calibration procedure that measures
and models inaccuracies in 5-axis printers. Then it explains how this model is integrated
into the path-planning framework to compensate for these inaccuracies. It also presents
methods for generating surface-conformal toolpaths that ensure continuous deposition on
5-axis printers. Finally, it evaluates the framework on a low-cost 5-axis printer across
various test cases.

Chapter 5 This chapter focuses on in situ error detection and correction for 3D-printed elec-
tronics. It begins by presenting a vision based method that uses a neural network to detect
and localize printed conductive wires during printing. It then explains how errors such
as connection breaks and short circuits are identified in real time, and how autonomous
repair strategies are executed to correct them. Finally, it evaluates the approach on a range
of test cases.

Chapter 6 This chapter introduces a method for creating a digital twin of a printed object with-
out the need for expensive hardware. It captures an image of each printed layer and uses
a neural network to segment these images, identifying the regions actually deposited in
each layer. Then, the resulting sequence of segmented layers is reconstructed into a 3D
model of the printed object. The performance and accuracy of both segmentation and
reconstruction are evaluated in multiple experiments.

Chapter 7 This chapter summarizes the main findings of this thesis, highlights its key contri-
butions, and suggests directions for future research.
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Chapter 2

Basics

2.1 3D Printing

The first 3D printing process was described by Hideo Kodama in 1981 [1]. He created objects
from a resin by hardening layers of resin with UV light and stacking them onto each other in
a specifically designed machine. In 1986 Charles Hull developed a process that uses a laser to
cure the resin into a solid object. This process is known as SLA [27]. The first commercial 3D
printer with this technique was released in 1987 by 3D Systems [W2].

In 1989 Scott Crump came up with the FDM process where a thermoplastic filament is
extruded through a nozzle and deposited layer by layer to create a solid object [2]. The first
FDM 3D printer was released in 1992 by Stratasys [W3]. The term FFF describes the same
process and is often used to avoid the trademarked term FDM by Stratasys. All of these early
3D printers were expensive and used mostly in industry applications.

The expiration of the patent on the FDM process in 2009 paved the way for the development
of affordable 3D printers. Following this, the RepRap project introduced self-replicating 3D
printers that could manufacture most of their own components [3]. This democratization of 3D
printing technology resulted in a dramatic decrease in costs, which triggered rapid growth and
innovation throughout the entire 3D printing and Additive Manufacturing industry. Multiple
companies started to develop their own 3D printers based on the RepRap project and made them
easily available for everyone. Through this trend, other technologies like SLA also became more
affordable and available for consumers.

Today, 3D printing is a widely used technology in various industries, including aerospace,
automotive, healthcare, and consumer products [5]. 3D printing offers several advantages: it
enables rapid prototyping and design iteration, supports the creation of complex geometries
and customization that are difficult or impossible with traditional manufacturing, and reduces
material waste compared to subtractive methods. However, there are also notable limitations:
the range of available materials and their mechanical properties is more restricted than with
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CHAPTER 2. BASICS

conventional manufacturing, surface finish and dimensional accuracy may be lower, and printing
speed and scalability can be limiting factors for mass production.

2.1.1 3D Printing Technologies

Through the rise of 3D printing and additive manufacturing, new applications and technolo-
gies were developed. The various 3D printing technologies are systematically categorized by
the International Organization for Standardization (ISO) in the ISO/ASTM 52900:2021 stan-
dard [28]. This classification provides a clear framework for understanding the major additive
manufacturing processes. The following subsections describe each technology according to this
standard.

Material Extrusion (MEX)

MEX is the most common printing process for consumer grade 3D printers. It is what most peo-
ple have in mind when they think of 3D printing. This work primarily focuses on this process.
In MEX, material is extruded through a nozzle to create a continuous line that is precisely de-
posited onto the printbed. This extruded line follows a precalculated path, forming both the outer
contours and the internal structure of a single horizontal slice of the object, known as a layer. By
stacking multiple layers on top of each other, a complete 3D printed object is constructed. The
MEX process is versatile and can utilize a wide range of materials, including thermoplastics,
biomaterials, concrete, and others. Thermoplastics are molten and extruded through a nozzle,
where they cool down and solidify to form the final object. This process is called FFF or FDM
and is further explained in Section 2.1.2. MEX also used in bio printing, where biomedical

(a) Material Extrusion (MEX) (b) Direct Energy Deposition (DED)

Figure 2.1 – In both processes the material is deposited in lines onto the printbed. While in MEX
the material is extruded through a heated nozzle, in DED the material is deposited and immediately
fused together by an energy source after deposition. [29]
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2.1. 3D PRINTING

material or cells are extruded into a gel to create 3D structures, or in concrete printing where
special concrete is pumped through a nozzle to create buildings. Although material extrusion
differs, the basic principle stays the same. The deposition of material in continuous lines, layer
by layer, often results in visible layer lines on the surface of the printed object. Additionally,
thermoplastics can deform as they cool, which may compromise the dimensional accuracy of
the final part. Because each new layer is built upon the previous one, any features that overhang
the previous layer require additional support during printing. These support structures are made
from the same material as the object or from a specialized support material designed to be easily
removed or dissolved after the print is complete. Figure 2.1a shows a schematic of the MEX
process.

Direct Energy Deposition (DED)

DED is generally similar to MEX, but in this process, the raw material is deposited and imme-
diately fused together by an energy source after deposition. Common energy sources include
lasers, electron beams, plasma arcs, or wire arcs. DED covers a wide range of specialized pro-
cesses, most of which are used for industrial metal printing. The various sub-processes are pri-
marily distinguished by the type of energy source and the method of material feed. For instance,
in Wire Arc Additive Manufacturing (WAAM), a wire is fed through a nozzle and melted by an
arc, much like in traditional arc welding. This technique is used not only to fabricate new objects
but also to repair or add material to existing components. Most DED processes result in a rough
surface finish, which typically requires postprocessing, such as CNC milling, to achieve the de-
sired smoothness and precision. However, the use of a high-energy source in these processes
enables the deposited material to fuse together exceptionally well, leading to a printed object
with high mechanical strength and strong interlayer bonding. Figure 2.1b shows a schematic of
the DED process.

Vat Photopolymerization (VPP)

The second major category of consumer 3D printers is VPP. In this process, a photosensitive
resin is selectively cured in a vat using a UV light source. To create each layer, the printbed is
lowered into the vat so that a precise layer of resin forms above the printbed. The UV light then
hardens the resin only in the areas where the object is intended to form. After the layer is cured, a
fresh layer of resin is spread on top of the previously hardened layer. Overhanging structures can
be hardened, but will sag if they are not hold up by support structures. These support structures
need to be from the same material and have to be removed after printing. VPP produces objects
with a smooth surface finish and high resolution, making it suitable for applications that require
fine detail and precision like jewelry prototyping or dental applications. There are different
processes to harden the resin. In Stereolithography (SLA), a laser is used to trace the outlines of
each layer. The laser provides higher energy compared to other methods, but it is more difficult
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(a) Vat Photopolymerization (VPP) (b) Material Jetting (MJT)

Figure 2.2 – Both processes create objects by hardening photosensitive resin layer by layer using a
UV light source. In the VPP process, the printbed is submerged in a vat of resin, and each layer is
selectively cured within the vat. In contrast, the MJT process jets resin precisely onto the printbed,
and each deposited layer is then cured. [29]

to control and more costly. In Digital Light Processing (DLP) printing, a projector is used to
expose and cure an entire layer of resin simultaneously, while in Liquid Crystal Display (LCD)
printing, a screen selectively hardens the whole layer at once. Both methods are faster and
more cost-effective than SLA, as they eliminate moving parts and simplify the layer preparation
process. However, their resolution is lower because the light source is not as precisely focused
as in SLA. Figure 2.2a shows a schematic of the VPP process.

Material Jetting (MJT)

To create an object using MJT, a photosensitive resin is deposited onto the printbed in a line-by-
line fashion through an array of nozzles. The resin is jetted precisely in the areas where the object
is intended to form, in a manner similar to inkjet printing on paper. Once the resin is deposited,
a UV light source cures the material at the locations where it has been applied. After each layer
is cured, the printbed is lowered, and a new layer of resin is jetted on top, repeating the process
until the object is complete. In this process, the printing speed is independent of the object’s
size because the entire layer is deposited in a single pass by jetting material across the printbed
with multiple nozzles. Additionally, MJT technology allows for the use of colored inks, enabling
the production of full-color prints. This process is primarily used in industry to produce parts
with high resolution, good surface finish, and precise dimensional accuracy. Because inkjet
droplets require a surface to land on, the technology is not suitable for printing overhanging
features without additional support. To address this, support structures are jetted beneath any
overhangs during printing. These supports must be made from a different material that can be
removed after the print is complete. Most printers use a wax-based support material, which
can be dissolved either by applying heat or using a suitable solvent. Special resins containing
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(a) Powder Bed Fusion (PBF) (b) Binder Jetting (BJT)

Figure 2.3 – Both processes create objects by fusing powder particles layer by layer. In PBF, a
thermal energy source selectively fuses the powder, while in BJT, a liquid binder is deposited onto
the powder to bond the particles together. [29]

suspended metal or ceramic particles are also used to produce metal or ceramic parts. After
printing, the resin is either sintered or burned out, leaving behind the desired metal or ceramic
component. Additionally, single-nozzle jetting is commonly used in the fabrication of printed
electronics, as presented in more detail in Section 2.2.1. Figure 2.2b shows a schematic of the
MJT process.

Powder Bed Fusion (PBF)

In PBF, a thin layer of powder is evenly distributed across the printbed using a spreading roller.
A thermal energy source, such as a laser or electron beam, then selectively sinters or melts the
powder particles together by scanning the surface of the layer according to the desired geome-
try. After a layer is fused, the printbed is lowered, and a fresh layer of powder is spread on top.
Throughout the printing process, the part is completely surrounded by loose powder, which pro-
vides support for overhanging features. Once printing is complete, the loose powder is removed
from the finished part and can be reused for subsequent prints. This process provides high res-
olution and produces parts with a smooth surface finish. However, the equipment required is
very costly and is almost exclusively used in industrial settings. In the Selective Laser Sinter-
ing (SLS) process, polymer powder particles are sintered together to form the final part. For
metals, the fusion is achieved either by a laser in the Laser Powder Bed Fusion (LPBF) process
or, when higher energy is required, by an electron beam in the Electron Beam Melting (EBM)
process. Figure 2.3a shows a schematic of the PBF process.

Binder Jetting (BJT)

In the BJT process, each layer of the object is formed from a thin bed of powder, similar to
the PBF process. However, instead of using heat to fuse the powder particles, a liquid binder is
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selectively deposited onto the powder layer. This binder is applied using inkjet nozzles where the
object is intended to form. In some processes the binder is mixed with coloured ink to create full
color prints. After the printing process is complete, the part is extracted from the surrounding
powder bed and any loose powder is removed. The BJT process is a cold technology because it
does not use a direct energy source to fuse the powder. The powders can be from a wide range
of materials like sand, ceramics, metals, and more. Some materials like ceramics or metals
are sintered or fused after printing in an additional process step. In this step, the whole object
shrinks since the binder is removed and the powder is sintered or fused together. BJT is mostly
used in industry for creating sand molds for casting or to create complex geometries from metal
or ceramics. Figure 2.3b shows a schematic of the BJT process.

Sheet Lamination (SHL)

SHL differs significantly from other 3D printing processes. In this method, each layer of the
object is created by cutting a prefabricated sheet of material into the desired shape. These indi-
vidual sheets are then stacked and bonded together through heat, pressure, or adhesive to form a
solid object. The sheet lamination process can use a variety of materials, including paper, metal,
polymers, or carbon fiber mats. This approach enables the fabrication of objects composed of
multiple materials, as each sheet can be made from a different material and bonded together dur-
ing the lamination process. However, sheet lamination is not widely adopted, as the machines
required are expensive and other 3D printing processes often provide superior properties. Ad-
ditionally, the cutting process generates significant material waste, which is a notable drawback
of this method. Figure 2.4 shows a schematic of the SHL process.

Sheet Lamination (SHL)

Figure 2.4 – In the SHL process, each layer of the object is formed by cutting a prefabricated sheet of
material into the desired shape. These sheets are then fused together using heat, pressure, or adhesive
to build up the final object layer by layer. [29]
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(a) (b) (c)

Figure 2.5 – The three steps of the FFF printing process: (a) design, where the 3D model is created.
(b) Toolpath generation, where the model is sliced into layers and the toolpath is generated. (c)
Printing, where the printer follows the toolpath to fabricate the object layer by layer.

2.1.2 FFF Printing Process

The 3D printing process consists of three basic steps. First is the design step, where the object’s
model is created from scratch or imported using 3D modeling software. Next is the toolpath
generation step, in which the model is sliced into layers and the printer’s toolpath is generated.
Finally, in the printing step, the printer follows the toolpath instructions to fabricate the object
layer by layer. While these steps are common to all 3D printing technologies, the specific details
of each step vary depending on the process. Since this work mainly focuses on the FFF process,
the following sections describe each step as it applies to FFF printing. Figure 2.5 illustrates the
three steps of the FFF printing process.

Design

The first step in the printing process is creating the object to be printed. The user must define
the desired model specifications and determine whether these requirements can be achieved
using the chosen 3D printing process. During the design phase, it is important to consider
process-specific requirements. For example, ensure the model has a flat surface for the first layer,
minimize large overhangs, and avoid shallow slopes that can result in visible stair-stepping. The
orientation of the part also influences its mechanical strength, printing time, and material usage.
These factors should be carefully evaluated when designing the model.

A 3D model can be created from scratch using Computer Aided Design (CAD) software,
downloaded from large online databases such as Thingiverse [W4] or Printables [W5], or ob-
tained by scanning an object with a 3D scanner. For successful printing, the model must be a
solid surface, watertight, and free of self-intersections. FFF slicers require mesh-based mod-
els for processing which are usually provided in the STL file format. Surface-based models in

15



CHAPTER 2. BASICS

the STEP format are also supported by modern slicers, but they are converted to meshes before
slicing.

Toolpath Generation

The toolpath generation step transforms the 3D model into a set of machine instructions that the
printer can execute to fabricate the object. In 3D printing, this process is commonly known as
slicing, and the software responsible for it is referred to as a slicer. Open-source projects domi-
nate the development of FFF slicers, with CuraEngine and libslic3r being the two major slicing
engines in use. These engines serve as the core of popular slicer applications such as Cura [W6],
Prusaslicer [W7], and Orcaslicer [W8]. Figure 2.6 shows the interface of the PrusaSlicer soft-
ware.

To generate the toolpath, the mesh model is first loaded into the slicer software. The slicer
cuts the model into horizontal slices, known as layers. This approach is used for almost all 3D
printers, except for advanced path planning techniques such as nonplanar printing and multi-axis
printing, which are discussed in Chapter 4. For each layer, the slicer generates the toolpath by
first identifying the outer contour of the layer and then offsetting this outline inward to create a
shell toolpath. Typically, the shell consists of 2-3 lines that form the perimeter of the layer. The
remaining interior area is filled with an infill pattern or filled solid. Infill patterns are designed to
save material, reduce print time and weight, while still maintaining structural strength. Regions
that are a top or bottom surface are filled solid to ensure a smooth, flat finish on the outside of
the object.

Figure 2.6 – The interface of the PrusaSlicer software, showing a sliced model with the generated
toolpath. In the right panel, various presets can be selected. The individual settings can be adjusted
through the tabs on the top side.
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If a layer contains areas that overhang the layer below too much, the slicer automatically gen-
erates support structures underneath these areas to prevent sagging or collapse during printing.
After all paths are generated, the slicer organizes them in an optimal order for printing. Each
path is divided into segments, with each segment typically represented as a straight line. The
slicer then calculates the volume and coordinates for each segment. Finally, these coordinates
and instructions are translated into machine-readable commands called G-code.

G-code is a control language commonly used for machine tools in Computer Aided Manu-
facturing (CAM) processes such as Computer Numerical Control (CNC) milling, laser cutting,
and 3D printing. It consists of a human-readable list of commands that instruct the printer on
how to operate. Each command is represented by a letter followed by a number, along with op-
tional parameters that specify details for that command. There are various dialects of G-code,
tailored for different types of printers. Commands beginning with ”G” are general instructions,
such as movements, while those starting with ”M” are miscellaneous instructions, like setting
temperatures. For example, the command G1 X100 Y100 Z0 F1000 directs the print head to
move to the coordinates X100, Y100, Z0 at a speed of 1000mm/min. Because G-code is highly
machine-specific, it must be generated to match the requirements and capabilities of each par-
ticular printer model.

Printing

To begin printing, the generated G-code file is loaded into the printer. The printer processes
the G-code sequentially, executing each command in the order it appears. The typical workflow
starts with the printer homing its axes to establish a known reference position. Next, the printer
heats the hotend and printbed to the temperatures specified for the chosen material.

Printing begins with the first layer, which is deposited directly onto the printbed by following
the movement instructions in the G-code. The slicer has already calculated the precise amount
of material required for each line. Subsequent layers are then printed on top of the previous ones,
gradually building up the object until completion.

A typical print job consists of several hundred thousand individual commands. The printer
operates without active feedback, relying solely on the instructions provided. After homing,
it maintains its position by counting the steps sent to the stepper motors, without verifying its
actual location.

2.1.3 FFF Printers
FFF printers have transitioned from costly industrial equipment to accessible consumer grade
devices. Today, they represent the most prevalent type of 3D printer available to consumers.
Every FFF printer consists of a motion system, which controls the movement of the print head,
and an extrusion system, which is responsible for depositing the printing material. Figure 2.7
shows a schematic of a typical FFF printer.
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Figure 2.7 – Schematic of a typical Prusa i3 style FFF printer. The motion system with the frame,
the motors and the rails moves the printhead in the X and Z direction, while the printbed moves in
the Y direction. The extrusion system with the hotend, the extruder, and the heatbed are responsible
for melting and depositing the filament onto the printbed.

Motion System

The motion system in a 3D printer controls the movement of the print head and printbed within
three dimensional space. Typically, this system is composed of three orthogonal linear axes:
X , Y , and Z. While alternative configurations such as delta or polar exist, they are relatively
uncommon. This thesis primarily examines cartesian motion systems, which use three linear
axes and, in some cases, additional rotary axes.

Each axis in the motion system is powered by a stepper motor. Stepper motors are commonly
used because they offer high torque, are inexpensive, and are straightforward to control. While
some printers use DC motors with encoders, these are uncommon. The X and Y axes typically
use belts to convert the rotational motion of the stepper motors into precise linear movement.
For the Z axis, a leadscrew is usually used, as it allows the stepper motor to reliably support the
weight of the printbed or printhead against gravity. There are two common configurations for
the motion system in 3D printers. In the first configuration, the printhead moves along the X

and Z axes while the printbed moves along the Y axis. This setup is typical for printers such as
the Prusa i3 series [W9] and the printer described in Section 3.3. In the second configuration,
the printhead moves in the X and Y directions, and the printbed moves vertically along the Z
axis, as seen in the Bambulabs X1 Series [W10] and the printer described in Section 3.1. For
printers withXY moving printheads, a CoreXY [W11] mechanism is often used. In this design,
the belts cross each other and no motor is mounted on a moving axis, which reduces the moving
mass. This reduction in mass improves print quality and enables higher printing speeds.

In all of these configurations, the printhead can be positioned at any location within a rect-
angular build volume, which typically measures 200-300mm along each axis. The movement
of the stepper motors are driven by a microcontroller-based control board. The control board
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sends pulses to the stepper motor drivers, enabling precise control of the printhead’s position.
The control board communicates with a computer, usually via USB or SD card. More recent
control boards also support direct connections through Wi-Fi or Ethernet, allowing the printer
to be operated via a web interface or directly from the slicer software.

Extrusion System

The extrusion system is the core component of the printer responsible for melting and depositing
filament onto the printbed. Filament consists of a long strand of plastic wound on a spool, typi-
cally made from thermoplastics such as Polylactic Acid (PLA), Acrylonitrile Butadiene Styrene
(ABS), Polyethylene Terephthalate Glycol (PETG), or Thermoplastic Polyurethane (TPU), with
a standard diameter of 1.75mm. The filament is pushed by a feeder motor into the hotend where
it is heated and melted. The hotend is a metal block with a nozzle at its tip, heated by a heater
cartridge. A thermistor is attached to the hotend to monitor its temperature. The control board
continuously regulates the hotend temperature to maintain the value specified by the slicer. The
nozzle itself has a conical shape with a small opening at the tip, allowing it to produce thin lines
of extruded material. A nozzle diameter of 0.4mm is commonly used, but nozzle sizes can range
from 0.1mm to 1mm. The width of the extruded line can be adjusted by varying the amount of
material extruded through the nozzle. Typically, lines with widths ranging from 50% to 200%
of the nozzle diameter are considered printable.

The first layer of material is deposited onto a flat surface known as the printbed. The printbed
is typically heated to improve the adhesion of the material and to minimize warping during
printing. Before starting a print, the printbed must be carefully leveled to ensure the first layer
is laid down evenly. If the bed is not level, some areas of the first layer may be pressed down
too much, which can cause nozzle clogs, while other areas may not adhere properly, resulting in
print failures. To further support proper adhesion, the printbed is often coated with a material
such as Polyetherimide (PEI). These coatings also make it easier to remove the finished print,
as they lose their adhesive properties once cooled.

2.2 Printed Electronics
3D printed objects are usually passive objects. They can be used as prototypes, tools, or decora-
tive objects, but they are not able to interact with their environment. To enable objects to interact
with their environment, electronic components must be incorporated directly into the object it-
self. Traditionally, this is achieved by embedding prefabricated Printed Circuit Boards (PCBs)
into the object.

The concept of printed electronics is to combine the electronics fabrication directly within
the 3D printing process. This is a revolutionary advancement in 3D printing and electron-
ics, allowing complex 3D structures with embedded electronics. Electronic wires are printed
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(a) (b)

Figure 2.8 – (a) A Cubesat with integrated printed electronics. [31] (b) A fully 3D printed egg-
shaped timer with integrated electronics. [32]

with conductive material onto the substrate and electronic components like sensors, resistors, or
Integrated Circuits (IC) are added. The goal is to create a fully functional object with integrated
electronics in one process without the need for assembly. This allows for new device architec-
tures that are lighter, flexible, compact, or not possible with traditional manufacturing methods.
Also, it allows shorter time to markets for new products, have a shorter assembly time, and the
process is capable for mass product customization without expensive tooling [30]. MacDonald
et al. [17] showed that a benchmark circuit designed by the National Aeronautics and Space Ad-
ministration (NASA) Johnson Space Center (JSC) can be printed with a volume reduction of
27% compared with traditional manufacturing methods. The first 3D printed electronic circuits
where created by printing mold for a circuit and injected a metal that melts at 70° with a syringe
into the 1.2mm wide cavities to create a small mobile robot [9].

3D printed electronics are also used to add functionality to traditional fabricated objects by
printing just the electronics onto them. This approach saves time compared to traditional assem-
bly and enables features such as eliminating separate PCBs, additional wiring, and integrating
sensors directly onto the object’s surface. However, these circuits and components are limited
to the surface of the object and remain visible unless covered in a subsequent manufacturing or
assembly step.

3D printed electronics enable a wide range of applications by integrating electronic func-
tionality directly into objects. For example, Gutierrez et al. [31] and Shemelya et al. [33] demon-
strated that complex circuits and sensors can be fabricated directly onto the structure of a Cube-
sat, improving its functionality while keeping weight and size to a minimum (Figure 2.8a).
Ankenbrand et al. [32] developed a fully printed egg-shaped timer with integrated electronics
produced in a single manufacturing process (Figure 2.8b). De Nava et al. [34] created a 3D
printed magnetic flux sensor. Hossain et al. [35] incorporated sensors into a combustion engine
using 3D printed electronics. Glasschröder et al. [36] integrated strain gauges into robotic grip-
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pers to measure the force applied to objects. Most of these applications incorporate traditional
electronic components into 3D printed objects, but it is also possible to print the components
themselves directly. For example, researchers have demonstrated 3D printed transistors [37],
capacitors [38], and RFID tags [39]. 3D printed electronics can also be used to fabricate sensors
directly onto objects, such as multi-axial force sensors [40], pressure sensors [41], and tactile
sensors [42]. Yang et al. [43] developed a 3D printed solar cell with integrated electronics. It
is also feasible to print batteries [44], including batteries designed to serve as structural compo-
nents [45]. These examples illustrate the broad range of applications and capabilities enabled by
3D printed electronics technology.

There are several challenges in printed electronics that must be overcome for 3D printed
electronics to become a viable alternative to traditional electronics. One major challenge is the
limited selection of printable materials. Conductive inks are commonly used to print circuit
traces, but these inks are expensive and have a negative environmental impact. Additionally,
most conductive inks require a post-printing sintering process to achieve electrical conductivity.
Many low-resistance inks need to be sintered at high temperatures, which is incompatible with
most 3D printed substrate materials. Inks that can be sintered at lower temperatures generally
have higher resistivity.

Another challenge is the tradeoff between scalability and resolution in most printing pro-
cesses. Processes that achieve high resolution tend to operate slowly, resulting in low through-
put and making them unsuitable for mass production. Conversely, processes designed for higher
speed and throughput typically produce lower resolution prints, which are inadequate for creating
fine traces. As a result, there is a dilemma: high-resolution processes are limited in scalability,
while scalable processes cannot achieve the fine detail required for certain applications.

A major challenge is ensuring the reliability of printed electronics. Printed electronics tend
to be more prone to failure compared to traditional electronics. The manufacturing process must
be carefully controlled and tested to guarantee consistent product quality. Additionally, when
electronics are embedded within objects, they become much more difficult to inspect and are
nearly impossible to repair. As a result, quality control must be integrated into the production
process itself to detect and address issues as they arise.

Lastly, the cost effectiveness of printed electronics compared to traditional electronics re-
mains a significant challenge. Traditional electronics manufacturing is a mature industry char-
acterized by high levels of automation and throughput. In contrast, the automation of 3D printed
electronics is still in its early stages, and the process cannot yet match traditional methods in
terms of cost, production speed, or reliability. Even with ongoing advancements, 3D printed
electronics are currently not competitive with conventional fabrication for large-scale produc-
tion. As a result, their use is best suited to specialized applications where the unique capabilities
of 3D printed electronics or a high degree of customization are required.
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2.2.1 Processes for 3D Printed Electronics

There is a wide range of processes for applying conductive material onto a substrate. These
processes are primarily distinguished by the method used to deposit the conductive traces. Each
process has its own specific capabilities, is suited to particular applications, and is typically
combined with different 3D printing techniques for fabricating the substrate.

Direct Writing

In direct writing, a conductive material is directly deposited onto a substrate to form a conductive
trace. This can be done with a motorized syringe [47], a worm drive based extruder [48] or a
pressure based extrusion system [18]. The conductive material is deposited directly onto the
surface using a needle or nozzle. Typically, this material is a conductive paste or ink composed
of silver nanoparticles suspended in a solvent, or carbon nanotubes. In earlier approaches, low
melting point metals were used to form the traces [9]. Because the material is applied directly
to the surface, it is essential to maintain a precise distance between the nozzle and the substrate.
The surface tension of the conductive material helps bridging small gaps, but it makes it difficult
to produce fine lines. This can result in the formation of blobs, whichmay cause electrical shorts.
The direct writing process can be integrated into MEX printers [47]. Lopez et al. [49] integrated
a direct writing system into an SLA printer by using a syringe to dispense conductive material
directly into the resin bath, then hardening it with a laser. Figure 2.9a shows a schematic of the
direct writing process.

(a) (b)

Figure 2.9 – (a) In the direct writing process, a conductive material is deposited directly onto the
substrate using a nozzle. (b) In the inkjet printing process, an inkjet printhead uses either a piezo-
electric crystal or a heater to generate pressure, which propels droplets of ink onto the substrate. [46]
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Inkjet Printing

Anothermethod for applying conductive silver nanoparticle ink is contactless inkjet printing [50].
In this process, an inkjet printhead uses either a piezoelectric crystal or a tiny resistor that heats
up to generate pressure, which propels controlled droplets of ink onto the substrate, similar to the
operation of a standard paper inkjet printer. These droplets are deposited sequentially in a line,
forming a conductive trace with a consistent width. The inkjet printhead enables the creation of
fine lines. Because the process is contactless, it can be used to print on surfaces where the exact
distance to the nozzle may vary slightly. However, since the ink droplets lack substantial surface
tension, bridging small gaps during printing is challenging. Figure 2.9b shows a schematic of
the inkjet printing process.

Aerosol Jet

For even finer lines, the aerosol jet printing process can be used [51] . Aerosol jet printing creates
an aerosol mist of ink by atomizing the ink into fine droplets, which are then carried by a gas
stream through a deposition nozzle. This focused stream of aerosol is directed onto a substrate,
to create a fine line of ink. Often, multiple passes are needed to build up the desired thickness
and conductivity of a printed trace. Because Aerosol Jet printing produces extremely fine lines
as small as 25 µm, the process is highly sensitive to the surface quality of the substrate. Any
surface roughness or gaps can negatively affect the printed traces. Therefore, it is essential that
the substrate surface is very flat and smooth. For this reason, Aerosol Jet printing is typically
combined with 3D printing processes that produce smooth surfaces, such as PBF [52], or with
prefabricated objects produced by VPP printing. Figure 2.10a shows a schematic of the aerosol
jet printing process.

Wire Embedding

Another approach for creating conductive traces is to embed prefabricated wires directly into the
3D printed object. This method results in traces with significantly lower resistance and greater
mechanical strength compared to other techniques. The improved conductivity is particularly
advantageous for power distribution within the object, as it exceeds the performance of other
printed electronics processes. One approach to embed the wires is to insert the wires after print-
ing by heating themwith an electric current and pressing them into the underlying substrate [53].
Alternatively, the substrate itself can be heated using a laser or ultrasonic energy source, and the
cold wire is then pressed into the softened material [54]. Another method is to embed the wire
during the printing process by integrating a wire embedding system into the FFF printer head,
allowing the wire to be surrounded by the printed material as the object is built [55]. To connect
prefabricated wires within a 3D printed object, the wires must be automatically cut to the correct
length when connecting components [53], or at interconnects and intersections [55]. A common
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(a) (b)

Figure 2.10 – (a) In the aerosol jet printing process, an aerosol mist of ink is generated and directed
onto the substrate to create fine lines. (b) In the wire embedding process, a prefabricated wire is
inserted into the substrate to create conductive traces. [46]

challenge in wire embedding is the precise placement of the wire, as wires tend to take the short-
est path and may deviate from the intended route, especially around corners. This issue can be
addressed by applying a geometric correction model that compensates for the wire’s diameter
and position during the embedding process [56]. Figure 2.10b shows a schematic of the wire
embedding process.

Conductive Filament

For FFF printers, conductive filament is available for printing conductive traces. This method
is inexpensive and does not require any specialized equipment, as the filament can be extruded
using a standard FFF printer nozzle. However, the resulting traces have much lower conductivity
compared to those produced by other processes. Conductive filaments are produced by blending
conductive particles, such as carbon black or graphene, into a thermoplastic base material. Fila-
ments containing carbon black filler typically achieve a resistivity of approximately 0.1Ωm[57].
Lower resistivity can be obtained by using filaments made from low-melting-point metal alloys,
such as Sn70Bi30 or Sn66Bi30Ag4, which have resistivities of 257 nΩm and 230 nΩm, respec-
tively [58]. However, printing with metal alloy filaments is challenging and often unreliable.

Laser Direct Structuring

Laser direct structuring is a process that is close to traditional PCB manufacturing. In this
method, an object is made from a special plastic that can be activated by a laser. The laser
selectively activates specific regions of the material, and an electroless plating process is then
used to deposit copper onto these activated areas wile the rest of the surface remains uncoated.
This approach enables the creation of complex circuits with high resolution. Since the metal
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plating occurs as a separate step after activation, this process is limited to producing circuits
only on the surface of objects.

2.2.2 Toolpath Generation

All of the processes described above require specialized toolpath generation to control the printer.
Typically, the toolpath for a printed wire consists of a line that is deposited onto the substrate.
This approach is similar to the toolpath generation used in MEX printers, but it involves addi-
tional constraints and requirements that vary depending on the specific process.

When integrating SMD components into a 3D printed object, the toolpath generation must
also account for their placement and incorporation. Additionally, the design of electronic cir-
cuits, typically performed in Electronic Computer-Aided Design (ECAD) software, must be in-
cluded in the process [59]. Krebs et al. [60] used the commercial tool NEXTRA, a 3D CAD
system that combines mechanical and electrical CAD, to design electronics on non-flat surfaces.
This tool enables routing of electronic traces on the surface of 3D objects, but does not provide
path planning or printing functionalities. MacDonald et al. [17] used standard PCB ECAD soft-
ware to design circuits, then wrapped the board layout around simple surfaces such as a die [17].
Swensen et al. [61] processed ECAD board layout files with a Matlab script to generate hollow
channels, which were later filled with low-temperature molten conductive alloy. Autodesk de-
veloped specialized software called Project Wire [W12], which integrated ECAD design with
printer toolpath generation. This software enabled the placement of components, generation of
cavities, and routing of wires both through and on the object. However, ProjectWire was discon-
tinued after a few years and is no longer available. In parallel, Wasserfall et al. [47] extended the
Slic3r FFF slicing software to add toolpath generation for 3D printed electronics. Their software
imports the netlist from ECAD tools and generates the printers toolpath, including component
placement, cavity generation [22], and topology-aware automatic wire routing [25]. A similar
approach was developed by Bailey et al. [62], who created a SolidWorks plugin combined with
a Cura plugin. The SolidWorks plugin imports ECAD schematics and generates cavities and
traces, while the Cura plugin produces the printers toolpath. The commercial software Mo-
tion 3D, developed by Neotech AMT [W13], is used to create toolpaths for 5-axis printing of
electronic circuits [32]. Based on the Pictures CAD/CAM software [W14], it enables toolpath
generation for 5-axis printing of electronic wires using different processes and supports compo-
nent placement. Figure 2.11 shows a screenshot of the Motion 3D software. This tool allows
the generation of toolpaths for 5-axis printing of electronic wires, but without the integration of
components, cavities, or routing.

Several software solutions exist for generating toolpaths for 3D printed electronics, each of-
fering distinct advantages and disadvantages. An ideal software would support importing or
designing ECAD schematics, generating printer toolpaths, and integrating component place-
ment, cavity creation, and wire routing. It should also be capable of producing toolpaths for
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Figure 2.11 – A screenshot of the toolpath planning software Motion 3D by Neotech AMT, which
is used to generate toolpaths for 5-axis printing of electronic circuits. [W13]

various processes and printers, including both 3-axis and 5-axis motion systems. At present, no
software solution exists that fulfills all these requirements. As a result, toolpath generation for
3D printed electronics continues to be an active area of research.

2.2.3 Classification of 3D Printed Electronics
The Fachverband Elektronikdesign und -fertigung e.V. (FED) proposes a classification system
for 3D printed electronics organized by the degree of electronic integration within the printed
object [63]. This system provides a common framework to categorize approaches and techniques
in 3D printed electronics. The classes are hierarchical-each builds on the previous one-and
describe integration levels rather than specific processes or materials. The classes are defined as
follows:

Class 1 In this class, conductive traces are printed onto the surface of a prefabricated, planar
substrate. The resulting circuit is two-dimensional, comparable to traditional PCB-style
layouts produced on materials such as metal, fabric, or plastic. Figure 2.12a illustrates a
class 1 printed circuit on a flat metal substrate.

Class 2 This class involves creating a circuit on an existing three-dimensional object. The cir-
cuit can be folded or wrapped around the object, yet its layout remains mainly planar. If
components are added, they are placed only on the object’s surface. Figure 2.12b illus-
trates a circuit wrapped around a cylindrical object.
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(a) (b) (c) (d)

Figure 2.12 – The four realized classes of 3D printed electronics as defined by the FED. (a) A planar
printed class 1 circuit on a substrate. (b) A class 2 circuit wrapped around a cylinder. (c) Schematic
of a class 3 layer-based printing process for a 3D circuit. (d) A fully printed class 4 light bulb with
integrated SMD components. Class 5 has not yet been realized in the literature. [63]

Class 3 In this class, the substrate and the conductive traces are printed together in a single
process. This enables true 3D circuits with freeform wire paths that can extend in any
direction. Complex internal structures can be fabricated, allowing electronics to be in-
tegrated within the object’s volume. Figure 2.12c shows a schematic of a layer-based
printing process for a class 3 circuit.

Class 4 This class extends the integration to include additional SMD components within the
printed object. These components are automatically placed during the process and are
contacted by the printed conductive traces. This enables highly complex circuits in min-
imal space. Figure 2.12d shows an example of a fully printed light bulb with integrated
electronics.

Class 5 This class incorporates 4D printing capabilities into the object, allowing it to change
shape or material properties over time or in response to external stimuli such as heat or
mechanical force. Such behavior may be achieved through printed mechanical features
that enable the object to adapt or transform after fabrication. While 4D printing is an active
research area, its combination with integrated electronics has not yet been demonstrated
in the literature.

2.3 Segmentation Networks
In the segmentation tasks presented in Chapter 5 and Chapter 6, neural networks [64] are em-
ployed to segment the images. These networks are specifically trained to perform semantic
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segmentation, which involves assigning a class label to every pixel in an image. This approach
is widely used in computer vision to analyze images at the pixel level.

2.3.1 U-Net

The U-Net architecture is a widely used Convolutional Neural Network (CNN) model for se-
mantic segmentation. Originally introduced by Ronneberger et al. [65] for biomedical image
segmentation, it has become popular in many domains because of its effectiveness and adapt-
ability. U-Net features a symmetric encoder-decoder structure: the encoder extracts features
from the input image, while the decoder reconstructs the segmentation map using these features.
The architecture proposed in the original paper is illustrated in Figure 2.13.

The encoder in the U-Net architecture is composed of several steps, each containing two
convolutional layers with a Rectified Linear Unit (ReLU) activation function, followed by a
max-pooling layer. With each step, the spatial resolution of the feature maps is halved, while
the number of feature maps is doubled. This design enables the network to learn both fine de-
tails and broader contextual information. A key feature of U-Net is the use of skip connections:
the output from each encoder layer is concatenated with the corresponding decoder layer. These
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Figure 2.13 – U-Net architecture for semantic segmentation. The encoder extracts the features from
the input image, and the decoder reconstructs the segmentation map from the features. [65]
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skip connections help preserve spatial information that might otherwise be lost during the down-
sampling process. At the deepest part of the network, known as the bottleneck, the convolutions
have the lowest spatial resolution and the highest number of feature maps. After the bottleneck,
the decoder begins to reconstruct the segmentation map by upsampling the feature maps back
to the original image size. The decoder consists of a series of transposed convolutional layers,
each of which doubles the spatial resolution and halves the number of feature maps. After each
upsampling step, the feature maps from the encoder are concatenated with those from the de-
coder, and the combined maps are processed by two convolutional layers with a ReLU activation
function. This process is repeated until the feature maps reaches the original image size. Finally,
a 1x1 convolutional layer is applied to produce the segmentation map, with the number of output
channels corresponding to the number of classes.

The U-Net architecture is suitable for both single-class and multi-class segmentation tasks,
meaning that each pixel in the segmentation map is assigned a probability for every class. To
generate the final segmentation map, a softmax activation function is applied to the output of
the last layer, so each pixel is classified according to the highest probability among the available
classes. U-Net models are commonly used in applications such as medical imaging, remote
sensing, and other fields where accurate pixel-level segmentation is required.

2.3.2 U-Net++

The U-Net++ architecture, introduced by Zhou et al. [66], builds upon the original U-Net design
to improve segmentation accuracy while managing model complexity. Figure 2.14 illustrates
the U-Net++ architecture as presented by the original authors.

The U-Net++ architecture enhances the original U-Net by introducing nested dense skip con-
nections, each containing additional convolutions. After every encoder block, an upsampling
path is created that connects to the skip connection of the corresponding upper block. These
skip connections are concatenated with the feature maps from the encoder block as well as all
previous skip connections, resulting in a densely connected structure. This design improves
feature reuse and improves the flow of information between the encoder and decoder. The ar-
chitecture of the individual blocks remains unchanged from U-Net. On the final upsampling
path, each iteration is concatenated with all previous skip connections, enabling more precise
segmentation along object boundaries and helping to bridge the semantic gap between the en-
coder and decoder. However, this dense connectivity increases the number of parameters and
computational requirements compared to the original U-Net. The original authors also proposed
a deep supervision strategy, in which the network is trained with multiple outputs at different
stages of the decoder, as indicated by the red connections in Figure 2.14. Deep supervision was
not used in this work.
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Figure 2.14 – U-Net++ architecture for semantic segmentation. The nested skip connections help to
bridge the semantic gap between the encoder and decoder. [66]

2.3.3 DeepLabV3+

DeepLabV3+ is an architecture for semantic segmentation proposed by Chen et al. [67] from
Google Research. It is based on previous DeepLab models and introduces several enhancements
to improve segmentation performance. DeepLabV3+ is initially designed for semantic segmen-
tation tasks in scene understanding and object detection. Figure 2.15 shows the DeepLabV3+
architecture as proposed by the original authors. The architecture is separated into two main
components: the encoder and decoder. The encoder takes the input image and extracts the fea-
tures using a backbone network like ResNet [68] or Xception [69]. These backbone networks are
great for understanding where things are in the image and preserving details. Afterwards, the
Atrous Spatial Pyramid Pooling (ASPP) module is applied where Atrous Convolutions with dif-
ferent dilation rates are used to capture multi-scale contextual information. The different scales
are concatenated and passed through a 1x1 convolutional layer. This stage allows the network
to understand what things are in the image without losing spatial resolution due to downsam-
pling. On the decoder side, the output of the backbone is fed through a 1x1 convolutional layer
to reduce the number of channels. The output of the Atrous Convolutions is upsampled by a
factor of 4 to match the output size of the backbone network. Both outputs are concatenated
and processed with a 3x3 convolutional layer and are upsampled to the original image size to
get the final segmentation map. The DeepLabV3+ architecture is designed to handle objects at
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Figure 2.15 – DeepLabV3+ architecture for semantic segmentation. The DCNN backbone extracts
features from the input image, the Atrous Spatial Pyramid Pooling extracts multi-scale contextual
information, and the decoder reconstructs the segmentation map. [67]

multiple scales and complex scenes. It is particularly effective in scenarios where objects vary
significantly in size and shape, making it suitable for applications such as autonomous driving
and urban scene understanding.

2.3.4 DenseNet

The DenseNet architecture is a convolutional neural network originally introduced for image
classification by Huang et al. [71], and later adapted for semantic segmentation by Jegou et
al. [70]. Its overall structure closely resembles the U-Net architecture, but it differs in the de-
sign of its convolutional blocks. Figure 2.16 illustrates the DenseNet architecture as presented
by the original authors. The convolutional blocks in DenseNet are known as dense blocks and
consist of multiple convolutional layers. In each dense block, every layer receives as input the
concatenated feature maps from all previous layers within that block. This means that each layer
outputs a fixed number of feature maps, and the outputs of all layers in the dense block are con-
catenated together. On the encoder side, the output of each dense block is concatenated with its
input. To reduce the spatial resolution in the encoder, each dense block is followed by a transi-
tion layer, which consists of a 1x1 convolutional layer and a 2x2 average pooling layer. Unlike
U-Net, DenseNet does not double the number of feature maps at each step. Instead, the number
of feature maps increases by a fixed amount with each layer, resulting in a gradual growth in
the number of feature maps as the network goes deeper. The bottleneck of the network is also
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(a) (b)

Figure 2.16 – (a) DenseNet architecture for semantic segmentation. The encoder extracts features
from the input image, and the decoder reconstructs the segmentationmap. (b)TheDenseNet building
blocks. Each layer in a dense block receives the same input as the previous layer by concatenating
the feature maps after each convolution. [70]

implemented as a dense block and is followed by the decoder. In the decoder, the input is upsam-
pled to increase the spatial resolution and concatenated with the corresponding skip connection
from the encoder. The feature maps are then processed by a dense block, followed by another
upsampling transition layer. In the decoder, the number of feature maps decreases because, un-
like in the encoder, the input is not concatenated with the output of the dense block. At the end
of the network, a 1x1 convolutional layer is applied to produce the final segmentation map, with
the number of output channels corresponding to the number of classes in the segmentation task.
The DenseNet architecture is designed to improve feature reuse and reduce the total number of
parameters in the network. While DenseNets often require fewer parameters than a U-Net of
similar depth, their more complex structure and extensive use of concatenations result in higher
memory requirements compared to U-Net.
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Chapter 3

Hardware

During the research for this thesis, two different 3D printers were modified and used. Both
are based on the E3D ToolChanger platform and were extensively adapted to meet the project
requirements. The first system is a three-axis motion platform intended for planar electronics
printing and in-process monitoring. It was used in the studies presented in Chapter 5 and also
in Chapter 6. The final results of Chapter 5 were additionally evaluated on the commercial
Neotech PJ15X printer from project partner Neotech AMT GmbH during the KamEl project.
That machine is a fully additive 3D electronics printer with a five-axis motion system. The
second modified E3D ToolChanger is a five-axis motion platform designed for printing 3D con-
formal electronics and plastics. It was employed in the research described in Chapter 4. The
following sections describe the individual hardware platforms used in the projects in more de-
tail.

3.1 Three Axis E3D ToolChanger

The E3D ToolChanger [W15] is a modular 3D printer platform built for multi-tool operation.
It is designed for easy adaptation, making it well suited for research and development in 3D
printing. The platform relies on open-source hardware and software, enabling customization
and modification. Its key advantage is the integrated tool changing system, which can switch
between up to four interchangeable toolheads. These tools are parked at the back of the printer
and are individually picked up via a kinematic coupling mechanism. This coupling provides an
accuracy of smaller than 1 µm during every tool change. E3D supplies an FFF toolhead in both
Bowden and direct drive variants. For creating additional tools, mounting plates are provided so
custom tools can be attached to the printer. The tool pickup head includes a fixed switch used
for homing the Z axis and leveling the print bed. Because this switch is covered when a tool
mounting plate is engaged, it can only be used with no tool mounted. The printer is shown in
Figure 3.1 with four different tools mounted.
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Figure 3.1 – The modified three-axis E3D ToolChanger features a tool pickup head that is capable of
holding multiple tools. The four tools, an FFF toolhead, a pick-and-place tool, a depth camera, and
an RGB camera, are parked at the rear of the printer. The component tray and the calibration camera
are mounted on the right side of the printer.

3.1.1 Motion System

The E3D ToolChanger uses a Cartesian three-axis motion platform with CoreXY kinematics.
All axes are driven by stepper motors with 200 steps per revolution (1.8°per step) and run on
linear rails. With 6.25 full steps per mm and 256 microsteps between each full step, the theo-
retical resolution is below 1 µm. In practice, the motion system has a repeatability and accuracy
of ~10 µm. The Z axis is driven by a leadscrew and guided on a linear rail. The heated printbed
is mounted on the Z axis and has a size of 300 × 200mm. This results in a build volume of
300 × 200 × 300mm with an overall axis travel of 363 × 280 × 325mm, leaving space for addi-
tional tools and sensors with full access to the print bed. Excluding the motors integrated into
the tools, the E3D ToolChanger has four stepper motors. The first two move the X and Y axes,
the third drives the Z axis, and the fourth locks the tool in place. Most tools have an additional
stepper motor to drive the tool itself, depending on the tool. Additional stepper motors were
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added for the pick and place hardware and for the calibration camera height adjustment. This is
described in more detail in Section 3.1.3.

3.1.2 Control Board

The entire printer is managed by a Duet 3 [W16] control board. The Duet 3 is a 32-bit controller
intended for both 3D printers and CNC machines. It uses an ARM Cortex-M7 microcontroller
and a CAN bus architecture to communicate with expansion boards and other peripherals. The
base Duet 3 board provides six stepper motor drivers. Because the proposed machine needs
more, two Duet 3HC expansion boards are added, supplying six additional drivers plus extra
I/O. These I/O ports connect endstops, sensors, heaters, fans, and other peripherals. The entire
system is operated via a web interface that enables straightforward configuration andmonitoring.
Simple scripts can be defined to automate tasks and control printer functions. Figure 3.2 shows
a schematic of the control board and its connections to the various printer components.

A Raspberry Pi running OctoPrint [W17] manages the printing process. The slicer’s gener-
ated G-code file is uploaded to OctoPrint, which then sends the individual G-code commands via
the serial connection to the Duet 3 control board. OctoPrint also supports installing additional
plugins to extend its functionality. In this research, two plugins are used to extend the printer’s
functionality.

Figure 3.2 – Schematic of the control board and the connected OctoPrint. The OctoPrint (left)
sends G-code commands to the Duet 3 via a serial connection and manages the camera. The Duet
3 mainboard (right) controls the stepper motors via dedicated motor drivers, endstops, heaters, fans,
and sensors.
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The OctoPNP [W18] plugin implements the pick and place workflow [47]. It monitors the
G-code stream sent to the printer and pauses it whenever a component must be placed. At that
point, the plugin takes control of the printer to execute the placement routine. During this routine
it performs the required motion sequences and captures images of the component. It analyzes
these images to determine the component’s center and rotational orientation, then places the
component onto the printed part.

The OctoCameraDocumentation [W19] plugin is used to document the printing process [24].
It monitors the G-code and, when a layer is finished, triggers image capture. To cover the entire
layer, it takes multiple images and stitches them together to create a single complete image of
the printed layer. This process is described in more detail in Section 5.2.

3.1.3 Toolheads and Accessories
Besides the standard FFF toolhead, several additional custom toolheads and accessories were
designed and built for the E3D ToolChanger. These comprise a conductive printhead for wire
deposition, a pick and place tool, an in-process monitoring camera, a depth camera for printed
layer measurement, and further supporting accessories. The following sections describe each of
these toolheads and accessories in more detail.

FFF Printhead

The FFF printhead is the standard toolhead supplied by E3D. It is based on the E3D Hemera
extruder, a compact, lightweight direct-drive unit with a dual gear mechanism that grips the
filament from both sides. In this direct drive design, the stepper motor that moves the filament
forward is mounted directly on the printhead. The filament path is kept very short to reduce
the risk of jams and to improve retraction performance. This configuration supports printing
with a wide range of materials, including flexible filaments. The hotend uses a standard 0.4mm
nozzle with a cartridge heater and a thermistor for temperature measurement. The heatbreak is
integrated directly into the extruder drive assembly. This integration reduces the required space
and results in a more compact overall design. The system uses 1.75mm filament and supports a
maximum nozzle temperature of 300 °C.

Conductive Printhead

To print conductive traces, a dedicated conductive printhead was developed for mounting on the
E3D ToolChanger. This printhead uses a direct writing process, dispensing conductive ink via a
pressure-driven system. Pressure is supplied by a small compressor and adjusted manually using
a pressure regulator. Ink flow is controlled by a solenoid valve, which switches the pressure on
and off. Both the compressor and valve are operated by the Duet 3 control board through G-code
commands.
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(a) (b) (c)

Figure 3.3 – Three toolheads for the E3D ToolChanger: (a) The standard FFF printhead, (b) the con-
ductive printhead for printing conductive traces, and (c) the pick and place tool for placing electronic
components.

The ink is contained in a single-use barrel with a plunger, which is pushed by the generated
pressure. The barrel has a Luer-Lock connection, allowing various off-the-shelf nozzles to be at-
tached, including single-use plastic nozzles of different diameters or small metal tips commonly
used in medical applications.

Conductive traces are printed by moving the tool over the substrate while activating the
solenoid valve to apply pressure. Ink is dispensed in a fixed amount determined by the nozzle
tip size, applied pressure, and ink viscosity. The width and height of the printed wire can be
adjusted by changing the nozzle size, pressure, or tool speed. For consistent results, pressure
and speed must be manually fine-tuned for each nozzle and ink type before printing.

Pick and Place System

To integrate electrical components into the printed parts, we developed a pick and place tool that
can bemounted on the E3DToolChanger, together with a component tray to hold the components
during the printing process. The system uses a vacuum nozzle to pick up components from the
tray and place them on the printed part. The nozzle has a spring-loaded tip and can freely rotate
360° around the Z axis using a hollow shaft stepper motor. Vacuum generation is provided by
a small pump and a solenoid valve, similar to the conductive printhead. The component tray
is mounted on the right side of the printer and moves up and down along the Z axis to allow
component pickup. The tray is interchangeable and is currently equipped with multiple strips
of reeled SMD components. To place a component, the printer first picks up the pick and place
tool and moves to the component tray. The component tray then rises, pressing the component
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onto the vacuum nozzle. Vacuum captures the component, after which the tray lowers again.
Using the calibration camera (described in Section 3.1.3), the component is oriented correctly.
Finally, the printer moves the tool to the printed part and places the component.

Camera

A camera system was developed to be mounted on the E3D ToolChanger for in-process docu-
mentation and monitoring of the printed parts. Images of the printed object can be captured at
any time during the printing process. The system is also used to assist in calibration of the other
printer components and to locate components on the component tray. All versions are based on
Raspberry Pi camera modules connected via the Camera Serial Interface (CSI) to a dedicated
Raspberry Pi. Communication is performed over the network with the main Raspberry Pi that
controls the printer. Image streaming was first provided by mjpg-streamer through a web inter-
face. Later, this was replaced by a custom image server that can supply calibrated images via the
web interface. Multiple revisions of the camera system are described in the following sections.

Raspberry Pi Camera The first generation camera is the Raspberry Pi camera module (Fig-
ure 3.4a). It is a compact board-level unit with a resolution of 2592 × 1944 pixels. After re-
moving the locking glue, the lens focus point was adjusted to be only 7 cm from the lens. This
allowed it to capture detailed images of the printed objects. The camera is mounted directly on
the tool pickup head, so it moves with every tool and can be used without a tool change. It is
held in a small 3D printed mount that secures both the board and the lens. For improved lighting,
a Light Emitting Diode (LED) module with a white diffuser was mounted around the camera.
Because the inexpensive lens showed strong optical distortion, the cameras Intrinsic parameters

(a) (b) (c) (d)

Figure 3.4 – Four imaging tools for the E3D ToolChanger: (a) first-generation Raspberry Pi camera
module, (b)Raspberry Pi HQ camerawith standard lens, (c)Raspberry Pi HQ camerawith telecentric
lens, and (d) Intel RealSense D405 depth camera.
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were calibrated and compensated using OpenCV (described in more detail later in this section).
Even after calibration, significant residual distortion remained and only the central part of the
image was reliably usable. The images were therefore cropped to 1000 × 1000 pixels for analy-
sis. The field of view was 18 × 18mm with a resolution of 18 µm per pixel. This camera was
used for the initial experiments described in Chapter 5 and was later replaced by the Raspberry
Pi HQ camera due to its lower effective resolution and heavy distortion.

Raspberry Pi HQ Camera The second generation camera uses the Raspberry Pi HQ camera
module (Figure 3.4b). Because this module is larger, it cannot be mounted on the tool pickup
head and is instead installed on a dedicated tool that the tool changer must pick up before captur-
ing images. It provides a resolution of 4056 × 3040 pixels and has a CS mount for interchange-
able lenses. A Basler C125-0818-5M lens with an 8mm focal length is mounted using a distance
ring to shift the focus point to 5 cm from the lens. This close focus results in a field of view of
40 × 30mm and a resolution of 10 µm per pixel. For illumination, a ring of 16 addressable LEDs
is mounted around the lens. The improved sensor and lens produce significantly better images
with reduced distortion. However, a noticeable fisheye effect remains. Distortion was compen-
sated with OpenCV, producing cropped 2000 × 2000 pixel images (images had to be square at
that development stage). The resulting images are of high quality, but residual distortion still
causes offsets of up to 15 pixels (150 µm) at the edges when stitching multiple images. Accurate
measurement in the images is not possible because objects that are only slightly out of focus
appear smaller or larger, and the distortion is not constant across the image. This camera was
used for the final experiments in Chapter 5 and the initial experiments in Chapter 6 and was later
replaced by the Telecentric Raspberry Pi HQ camera.

Telecentric Raspberry Pi HQ Camera The telecentric camera is not a completely new cam-
era, but the Raspberry Pi HQ camera fitted with a different lens (Figure 3.4c). Therefore, the
image sensor specifications remain unchanged from the previous setup. The lens used is the
telecentric TC12024 from Opto Engineering. Telecentric lenses are designed to maintain con-
stant magnification across the entire field of view and eliminate perspective distortion. They
are intended for high-precision applications and are well suited for dimensional measurement
in images. The selected lens is comparatively large and heavy, measuring 120mm in length
and weighing 342 g. Because of its size, both the camera tool and its parking position had to
be redesigned. The lens has a working distance of 67.2mm, which is roughly twice that of the
Basler lens. Combined with the lens length, this increases the required Z travel when switching
to the camera and reduces the available Z height for printing. With a magnification of 0.255,
the resulting field of view is 24 × 18mm at a resolution of 6 µm per pixel. A supplied test pro-
tocol indicates that lens distortion is below 2 pixels (12 µm) across the entire image. The very
low distortion and absence of the previous fisheye effect make it possible to use the full image
without correction or cropping. Measurements are accurate over the complete image area, not
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only near the center. The camera is equipped with a 24-LED addressable ring around the lens
similar to the previous camera. It is used for the experiments described in Chapter 6.

Intrinsic Calibration All camera setups exhibit inaccuracies and systematic errors in the cam-
era’s optics. These include lens distortions (e.g., fisheye effect), the optical center of the camera,
and the focal length. These factors can be compensated for up to a certain point using OpenCV.
Calibration is performed by employing a known pattern, such as a checkerboard or circular pat-
tern, and capturing multiple images of this pattern from different orientations and angles. Be-
cause the pattern is known, the calibration parameters can be calculated by detecting the key
points in the pattern and matching them to their real-world coordinates. These parameters are
then used to correct the images captured by the camera.

Most checkerboards are quite large since most camera applications have a much larger field
of view. An off-the-shelf checkerboard fitting the camera’s field of view was not available, so
a custom one was designed and manufactured. Because a standard chessboard pattern is diffi-
cult to produce at this scale, a circular dot pattern was chosen instead. The first attempt was to
print the pattern with a laser or inkjet printer on photo paper so the ink would not be absorbed.
However, due to low printer resolution, the pattern edges were not sharp and the circles were not
perfectly round (Figure 3.5a). A symmetric circular pattern was then produced using a 1mm
drill on a CNC milling machine. Holes were drilled into a 2mm white acrylic plate. Placing
this plate over a black background failed because chips and dirt inside the holes were visible.
Filling the holes with black silicone created an uneven surface and reflections. Pre-painting the
plate and drilling holes in the painted acrylic led to an uneven surface and hole edges lacking
sharpness (Figure 3.5b). The final solution was to fill the holes with black carbon infused paste
(Figure 3.5c). This produced a smooth surface with sharp edges and low reflections. The result-
ing pattern enabled the algorithm to detect it reliably and perform the calibration (Figure 3.5d).
Using the resulting calibration matrix, the image server corrected images during acquisition.

(a) (b) (c) (d)

Figure 3.5 – Three different methods for manufacturing the calibration pattern: (a) printing on photo
paper, (b) drilling into a pre-painted acrylic plate, (c) filling drilled holes with black toothpaste, and
(d) the resulting image after detection of the calibration pattern.
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Because fisheye compensation introduces black pixel regions along the image borders, the cor-
rected images must be cropped before further processing. Nevertheless, they are far more usable
for image analysis than the original raw images.

Dynamic LED Ring The first camera used simple Light Emitting Diode (LED) lighting that
could only be switched on or off. For further experiments, adjustable brightness, directional
illumination, and different colors were required. This enables experiments with shadows cast by
the printed part and the use of color to emphasize different features. The new lighting system is
based on aNeoPixel LED ring with 16 or 24 addressable RGBWLEDs (depending on the camera
lens). Each LED package contains a red, green, blue, and white LED plus a built-in controller
chip that sets each color independently with 256 brightness levels. An Arduino Nano controls
the LED ring and is connected to the Duet 3 control board via a PulseWidthModulation (PWM)
signal. Different light patterns are selected through this PWMsignal. The patterns are hardcoded
on theArduino and include: full white at 100%, full white at 25%, illumination only from the left,
right, top, or bottom, and a pattern with red, green, and blue light spaced 120° apart. Figure 3.6
shows three different light patterns and the resulting images. The LED ring is mounted around
the camera lens using a 3D printed holder and a lens hood that prevents direct glare from the
LEDs into the camera.

(a) (b) (c)

Figure 3.6 – Three different light patterns of the dynamic LED ring for the E3D ToolChanger camera
(top) and the resulting images (bottom): (a) full white at 100%, (b) illumination only from the left,
and (c) red, green, and blue light spaced 120° apart.
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Calibration Camera

The calibration camera uses the same cameramodule and LED ring as the first generation camera
tool. It is employed to calibrate the X and Y positions of the different tools and to assist with
aligning SMD components after they are picked up. The camera is mounted upside down on the
right side of the printer’s frame and can move up and down along the Z axis via an additional
stepper motor. This vertical motion shifts the focus point to match tools of different heights or
the height of a picked SMD component. The camera is also used to calibrate the individual tools
relative to one another. Calibration is performed by capturing images of each tool and measuring
the distance between the tool’s tip and the center of the image.

Depth Camera

The Intel RealSense D405 is a compact depth camera that determines depth using stereoscopic
vision. In stereoscopic vision, two cameras capture images from slightly different viewpoints.
The camera matches corresponding points in the two images and computes the disparity (dif-
ference in pixel positions). Using this disparity together with the known distance between the
cameras, depth is obtained by triangulation. The resulting depth data is then filtered to reduce
noise, handle occlusions, and improve the accuracy of the depth map. The D405 has a specified
operating distance of 7 to 50 cm, but in practice it exhibits issues below about 8 cm. It provides
images at 1280 × 720 pixels with a depth resolution of 0.1mm. It outputs both depth and RGB
images with a field of view of 165 × 92mm, resulting in 150 µm per pixel. Figure 3.4d shows
the depth camera mounted on a tool-plate with additional LED lighting.

3.2 Five Axis E3D ToolChanger
The second printer used in this thesis is the five-axis E3D ToolChanger. It is based on the same
platform as the three-axis E3D ToolChanger and uses similar controller hardware. Figure 3.7
shows the five-axis E3D ToolChanger. The base Cartesian motion system is unchanged from
the three-axis version. However, the original printbed and mounting plate were removed and
replaced with a T-slot aluminum plate supported by three wedges attached to the former printbed
holder. On this plate, two rotary axes are mounted that allow the build platform to tilt in two
directions. These additional axes are referred to as the A and B axes, where the A axis rotates
around theX axis and theB axis rotates around the Z axis. TheA axis is mounted to the Z axis
with ball bearings on both sides for stability and is driven by a stepper motor via a belt drive with
a 1:3 reduction. This reduction is required because the A axis must hold up the weight of the
axis against gravity during printing. TheB axis is mounted on theA axis, and the build platform
is attached directly to the stepper motor shaft. Both axes are driven by Nema 17 stepper motors
with 400 steps per revolution (0.9° per step). All rotary axis components are 3D printed from
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Figure 3.7 – The modified five-axis E3D ToolChanger with the A and B axes mounted on the Z

axis and the X and Y axis moving the tool pickup head. The four tools are parked at the back of the
printer. The built in camera is used for tool calibration.

ABS plastic, which tends to warp and shrink during printing, resulting in some inaccuracies in
the printed parts. Figure 3.8 shows a CAD model of the A and B axes.

The five axis printer uses the same Duet 3 control board as the three axis E3D ToolChanger.
Each rotational axis is driven by a Duet 1HCL expansion board that controls its stepper motor.
This board supports magnetic encoder based position feedback. A magnetic encoder is mounted
on the rotation shaft of the A axis and on the motor shaft of the B axis. It supplies position
feedback to the control board with a resolution of 0.17° and is used to home the axes. The
expansion board software also supports closed loop position control, but this feature has not
worked properly so far.
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Figure 3.8 – A CAD model of the A and B axes mounted on the Z axis. The A axis rotates around
the X axis, and the B axis rotates around the Z axis. The build platform (blue) is mounted directly
on the motor shaft of the B axis.

3.2.1 Toolheads and Accessories
The five axis E3D ToolChanger employs two specially designed FFF toolheads optimized for
printing with the 5-axis motion system (Figure 3.9a). It also uses the printhead for conductive
material described in Section 3.1.3 (Figure 3.9b). A dedicated touch probe tool is mounted on
the tool changer to measure axis deviations and calibrate the printer (Figure 3.9c). For tool
calibration, a calibration camera similar to that described in Section 3.1.3 is mounted near the
A axis.

FFF Printhead

The FFF toolhead has a deliberately slim, elongated design to minimize the risk of collisions
with the printed part. It is built around the E3D Hemera extruder and equipped with an E3D
Revo hotend. The installed nozzle is a Revo belt nozzle, specified for printing angles of up to
45°. The part cooling fan is mounted high on the toolhead and guides airflow through a long
duct down towards the nozzle.

Touch Probe

A dedicated touch probe tool is used to calibrate the rotary axes and the Z axis. The CNC-Step
3D-Finder [W20] is a commercial probe that detects surface contact in the ±X , ±Y , and +Z

directions. It includes a 25mm stylus with a 2mm ruby ball tip and is spring loaded. When the
ball touches a surface the stylus retracts and the contact is registered. The required actuating
force is 0.5-1.0N inX and Y , and 2.5N in Z. The deflection needed to trigger the probe differs
betweenXY and Z, with Z typically requiring greater travel. Its specified repeatability is 1 µm.
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(a) (b) (c)

Figure 3.9 – Three toolheads for the five-axis E3D ToolChanger: (a) the FFF printhead designed to
minimize collisions (two are installed), (b) the conductive printhead for printing conductive traces,
and (c) the touch probe tool for calibrating the rotary axes.

On deflection the internal contact opens so the probe functions electrically as a simple switch to
the controller. When the controller registers a change in the signal, it stops moving and records
the current position. Because the probe is normally held in a CNC spindle, it has an 8mm
shank. A 3D printed clamp mount adapts this shank to a ToolChanger plate. The probe must be
collected by the tool changer before use. Its position relative to the machine is calibrated with
the calibration camera.

3.3 Neotech PJ15X

Some of the experiments described in Chapter 5were evaluated on aNeotech PJ15X printer. This
printer is installed in the laboratory of the ZIM-KamEl project partner Neotech AMT GmbH.
The PJ15X is an industry-grade commercial 3D printer designed for fully additive printing of
electronics and other functional applications, combining additive manufacturing with a 5-axis
motion system. It is a benchtop machine with a build volume of 400 × 300 × 140mm. Similar
to the Five Axis E3D ToolChanger, the PJ15X uses a CartesianXY Z motion system with addi-
tional A and B rotational axes. In this machine, the tool mounting plate moves along the Z and
X axes while the AB rotation unit moves along the Y axis. The motion system is specified with
a repeatability of ±10 µm in XY Z and 0.002° in AB. The printer is controlled by specialized
proprietary software and a printer controller running on an industrial PC. It is modular in design
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Figure 3.10 – The Neotech PJ15X printer with the rotating A and B axes mounted on the Y axis.
the substrate camera and the Piezoelectric Printhead are mounted on the Z axis which moves along
the X axis.

and can be extended with different tools and accessories. Figure 3.10 shows the printer setup
with the Piezoelectric Printhead and the substrate camera mounted.

3.3.1 Toolheads and Accessories

Neotech AMTGmbH offers modular printing systems that can be configured with different tools
according to application and customer requirements. Each tool can be selected as needed and
mounted individually on the machine. The system architecture emphasizes flexibility, allowing
straightforward integration of additional or updated tool technologies. Because the machine
lacks an automatic tool changer, tools must be installed manually and then remain on the printer
during operation. This becomes problematic during 5-axis printing, as unused tools can collide
with the printed part. Therefore, for a specific task usually only the required tools are mounted.
In the experiments described in Chapter 5, the Piezoelectric Printhead and the camera system
were used, so only these two tools were mounted on the printer.
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Piezoelectric Printhead

The Piezoelectric Printhead is a inkjet based device for printing conductive traces. It ejects the
ink droplets using a piezoelectric actuation principle. The ink is held in a replaceable Luer-Lock
cartridge that screws onto the printhead. From the cartridge the ink flows into a small internal
fluid chamber feeding a precision ceramic nozzle. Inside the printhead a piezoelectric stack
drives a plunger that pressurizes this chamber to expel a droplet through the ceramic nozzle.
Applying a voltage pulse to the stack moves the plunger and the generated pressure creates the
emitted droplet. Adjusting the pulse amplitude (voltage) and duration controls the stack motion,
and thereby the plunger stroke and speed. The printhead is specified to deposit 350 µm wide
traces using a polymer-based conductive silver ink that is low-temperature sintered.

Substrate Camera

The camera system is used for in-process monitoring and documentation of the printed parts,
and also for precise substrate alignment. The camera is a monochrome Basler acA2440-20gm
featuring a global shutter and a network interface. It provides a native sensor resolution of
2448 × 2048 pixels and is fitted with the telecentric lens TC5M-10-65C. Because this lens has a
magnification of 1.0, the field of view equals the sensor dimensions of 8.45 × 7.07mm, giving
the whole setup an effective resolution of 3.45 µm per pixel. Illumination is provided by two
complementary sources: a coaxial light input mounted inline with the lens and an external ring
light surrounding the lens barrel. The coaxial light directs light straight through the lens so it
follows the same optical path as the captured image, suppressing shadows and reducing specular
glare, which improves uniformity and overall image quality. A drawback is that this very even
lighting can reduce edge contrast on the substrate surface, making boundaries harder to distin-
guish. In contrast, the ring light projects light obliquely from the side, intentionally creating mild
shadows and controlled reflections. The camera is fully controlled by the Neotech software, and
image acquisition can be triggered via G-code commands at arbitrary machine positions and
orientations during the printing process.
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Chapter 4

Path Planning for 5-Axis Printing

Multi-axis printing has recently received increased attention because it addresses the limitations
of 3-axis printing. It enables printing from arbitrary directions onto an object’s surface. This
improves direction dependent properties of printed parts, reduces the need of support structures,
and enables printing of objects with complex geometries. For printed electronics, printing wires
along the surface enables connections along the Z axis and allows components to be placed in
arbitrary orientations. These capabilities are not possible on conventional 3-axis printers.

A 5-axis printer is a printer augmented with additional rotary axes that enables tilting and
rotating the printbed. This added degree of freedom requires adapted path planning, since the
toolpath not only contains cartesian positions but also orientations for every point. Path plan-
ning thus becomes more complex because there are often multiple valid solutions (axis con-
figurations) for the same point, potential collisions with the object strongly affect the planning
decisions, and the order of printing becomes important.

5-axis printers are significantly more complex than comparable 3-axis machines. Precise
calibration is essential because the machine must know the exact positions and orientations of
the rotary axes and the intersection point between them. Because of the leverage of the rotary
axes, even small misalignments produce large errors at the tool position. Ideally, the rotary axes
would be parallel to the main axes, perpendicular to each other, and intersect in a single point.
In reality, these ideal conditions are never fully achieved. The A and B axes are not perfectly
aligned, and they often do not intersect in a single point. This is usually mitigated by using more
expensive motion systems that can be finely aligned. However, that conflicts with the goal of
low-cost 5-axis printing.

The approach in this chapter starts by measuring the position and orientation of the ro-
tary axes together with their intersection point. Using these measurements, a kinematic model
of the printer is constructed that records the deviations in a Unified Robot Description For-
mat (URDF) [W21] description of the machine. This model is then applied for toolpath com-
pensation by a specialized analytical Inverse Kinematics (IK) solver that computes the rotary axis
angles from the measured offsets. For generating the toolpath on the model, the surface normals
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are extracted from the object directly beneath the path. The extracted normals are then adapted
to ensure a continuous surface velocity. With the compensation and the adapted toolpath, the
printer can follow the surface of the object even when the rotary axed show large deviations from
their ideal positions.

This chapter is based the work on the closed source Aion-5X software [W22] by Neotech
AMT GmbH and Kronos Mechatronics GmbH and on the publication:

• Daniel Ahlers, Tom Schmolzi, German Junca, Jianwei Zhang, and Florens Wasserfall.
“Calibration and compensation of 5-axis 3D-printers for printed electronics”. In:Additive
Manufacturing Letters 12 (2025). doi: 10.1016/j.addlet.2024.100265 [20]

4.1 State of the Art
Today’s path planning in 3D printing is mostly based on planar slicing, where the object is sliced
into horizontal layers [72]. Modern slicers like Cura [W6], PrusaSlicer [W7], or OrcaSlicer [W8]
still use planar slicing to generate the toolpath. The process has been refined in recent years with
features like adaptive layer heights [73] and dynamic line widths to fill layers faster and more ac-
curately [74]. Although the process is well established and works for most objects, it has several
limitations. The most obvious limitation is that only horizontal layers can be printed. Planar 3D
printing is effectively a 2.5D process where the layers are planar and the third dimension is only
used for layer changes. This limits the geometries that can be printed. Overhangs need to be
held up by support structures that have to be be removed after printing. This is time consuming
and can leave marks on the object. Another issue is the stair-stepping effect where the layer
lines remain visible on the object. This can be reduced by using a thinner layer height, but that
increases the print time.

To overcome these limitations, Curved Layer Fused Deposition Modeling (CLFDM) was
introduced by Singamneni et al. [11], where the layers are no longer planar but curved and the
third dimension is used to form the layer curvature. This reduces surface roughness and produces
a more uniform appearance [13]. Because the layers are not flat, the process is often referred to
as nonplanar slicing. Later, the approach was extended by combining curved and planar layers in
a mixed-layer strategy [75]. The authors showed that the mechanical properties of printed parts
can be improved by using nonplanar layers [12]. The first toolpaths for nonplanar layers were
generated with scripts that followmathematical functions to create the curved layers. To generate
nonplanar toolpaths for arbitrary objects, a projection-based approach was integrated into a 2.5D
slicer [23]. In the projection-based approach, each layer that should be printed nonplanar is first
projected onto a plane parallel to the build plate. Then the layer’s toolpath is generated on that
plane and finally projected back onto the original layer, forming a nonplanar toolpath. Shan et
al. [76] proposed an isothermal-surface-based algorithm to generate nonplanar layers. As not
all surfaces are printable on a three-axis machine, Ottonello et al. [77] proposed a method to
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Figure 4.1 – Printing a bunny with a 6 DOF robotic arm using deformed layers to avoid support
structures. [79].

automatically select printable surfaces. A major issue in nonplanar printing with 3-axis printers
is that the nozzle is not oriented orthogonally to the surface. This causes slight collisions with
the surface and creates artifacts [78]. This issue can be reduced by using a multi-axis printer that
can tilt the nozzle relative to the surface.

Printers with more than three axes are often referred to as multi-axis printers. These printers
can tilt the nozzle or the printbed to print on nonplanar surfaces while keeping the nozzle oriented
orthogonally to the surface. This is a major advantage for nonplanar printing because the nozzle
does not collide with the surface. However, the process is more complex since the toolpath
must be generated for the additional axes and collisions are much more likely. Furthermore,
these printers require much higher accuracy and calibration because errors are amplified by the
additional axes.

Early feasibility studies on multi-axis printing were conducted by Rieger et al. [15], using a
6 Degrees of Freedom (DOF) robotic arm with a mounted printhead to print curved layers. The
authors identified challenges such as determining process-specific kinematic parameters, de-
veloping new slicing and path generation algorithms, handling singularities and self-collisions,
assessing the feasibility of non-standard build directions, and related issues. Later, Dai et al. [79]
proposed multi-axis printing strategy that avoids the need for support structures by deforming
the toolpath of the object (Figure 4.1). Besides 6 DOF robotic arms, delta-style printers with a
moving printbed were also used for multi-axis printing [80]. The authors showed that surface
quality can be improved by aligning the toolpath with the surface normal.

A strategy to avoid collisions in multi-axis printing is cylindrical slicing. In this method, a
central core tube is either placed on the build plate or first printed there, and the object is then
built concentrically around this tube. Toolpath generation proceeds by virtually unwrapping each
cylindrical layer into a planar strip, generating the path in that plane, and then wrapping it back
onto the cylinder. Because the layer is only transformed in one (circumferential) dimension,
this introduces no toolpath distortion. Cylindrical printing reduces the need for support struc-
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Figure 4.2 – Printing a decomposed bunny with three cutting planes using a 5-axis printer. [83].

tures and decreases the number of layers, thereby reducing manufacturing time and material
waste [14]. Another approach to avoid collisions is spherical slicing, where the object is divided
into concentric spherical layers. Here, toolpath generation is more difficult than in cylindrical
slicing because spherical layers cannot be unwrapped and rewrapped without distortion [81].
To eliminate this distortion, a dedicated slicing algorithm was proposed that directly generates
spherical layers and corresponding toolpaths for multi-axis printing [82].

For tube-like structures, a helical printing strategy was proposed in which the object is pro-
duced along a continuous helical path [84]. In this approach, the toolpath is generated by tracing
a single helix that follows the geometry of the part. This method is commonly applied to vase-
like structures, allowing the entire object to be fabricated as one uninterrupted path. Later, Bhatt
et al. [85] proposed combining a 3 DOF build platformwith a 3 DOF extrusion tool (total 6 DOF)
to build thin shell asymmetric parts without using support structures.

These approaches are limited to specific geometries and are therefore not suitable for ar-
bitrary objects. One way to print arbitrary objects with multi-axis printers is to decompose
the object into subsections that can each be printed with planar layers. Wang et al. [16] pro-
posed a pipeline that decomposes the object into subsections with different printing directions.
The pipeline determines the assembly (printing) order and chains the individual segment tool-
paths together, resulting in a continuous toolpath that can be printed with a multi-axis printer.
As calculating the optimal cutting planes is quite challenging, heuristic methods are used to
approximate an optimal decomposition [83] (Figure 4.2). Compared to planar printing, these
decomposition-based approaches reduce the need for support structures, improve the surface
quality of the printed parts [86], and can significantly improve the mechanical strength [87].

Decomposing objects into planar printable regions is an effective way to fabricate arbitrary
objects with multi-axis printers. However, the process is complex, and the resulting object is
not produced in a single continuous path. To address these limitations, curved layers were pro-
posed, in which the object is printed with nonplanar layers that follow its surface. Fang et al. [88]
proposed a field-based optimization framework to generate such curved layers and correspond-
ing toolpaths for multi-axis printing. They showed that filament alignment can be optimized
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(a) (b) (c) (d)

Figure 4.3 – Printing curved layers along the main stress directions using a 5-axis printer. (a) The
simulated stress distribution in the object. (b) Curved layers aligned with the stress directions. (c)
Printing of the object. (d) Comparison of a planar print (top) and the optimized curved print (bottom)
which can withstand a double the load. [88]

along directions with large stresses and that printing can be performed without collisions (Fig-
ure 4.3). Later, Li et al. [89] proposed a lattice infill structure generation algorithm that ensures
self-supporting conditions for both the infill and the boundary surface of the part. They also pro-
posed a printing sequence optimization algorithm to determine a collision-free order of printing.
Zhang et al. [90] introduced a quaternion-based formulation to generate curved layers with lo-
cal collision avoidance. They demonstrated that the toolpath can be optimized for support-free
printing, strength reinforcement, or surface quality depending on the requirements of the printed
part.

A major issue in planar printing is the anisotropic strength of printed parts. The tensile
strength of a part can be increased by up to 167% by optimizing the printing direction [91]. For
parts requiring increased strength and stiffness, fibers can be incorporated into the design. These
parts greatly benefit from multi-directional nonplanar surfaces, which allow fibers to be aligned
with the stress directions [92]. Fang et al. [93] proposed a pipeline that generates optimized 3D
continuous fiber toolpaths for models with complex geometry using two 6 DOF robotic arms.
Their enhanced method calculates an optimized scalar field that produces curved layers aligned
with maximum stress directions, resulting in a 644% increase in failure load and a 240% im-
provement in stiffness compared to conventional planar printing without fiber reinforcement.

A major issue in all multi-axis approaches is the positioning accuracy of the printer. The
achievable accuracy is limited by the mechanical construction and the quality of the calibration.
In most cases, specialized 5-axis printers are more precise than 6 DOF robotic arms where errors
get multiplied by the long kinematic chain. Lopez-Arrabal et al. [94] showed that the positioning
accuracy of their 6 DOF robotic arm is limited to±350µm. For 5-axis machines, Lei et al. [95]
demonstrated that accuracy can be improved by fabricating reference objects and measuring
them to construct error models [96], allowing real-time error correction. Bohez et al. [97] used
an expensive touch probe to measure systematic errors in 5-axis NCmachining and compensated
these errors directly in the inverse kinematics equations. The R-Test was used by Weikert et
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al. [98] to measure geometric errors in 5-axis machines using three incremental probes arranged
orthogonally. Fu et al. [99] developed a model for squareness errors in multi-axis machine tools
using theDenavit-Hartenberg (DH)matrices to improve geometric error compensation. For even
higher accuracy, a laser interferometer has been used to measure geometric errors in 5-axis ma-
chines [100]. These measurements capture both position-independent and position-dependent
geometric errors. The position-independent errors are compensated by analyzing their influence
on the local frames of the rotary axes [101]. Besides the accuracy and repeatability of different
probes, their cost is also a major factor [102]. Liu et al. [103] measured their machine with a
trigger pin mounted to the nozzle to close an electric circuit. This low-cost method showed that
the accuracy of theA andB axes of their low-cost 5-axis printer is limited to 400µm. This error
is too large to print useful parts with all five axes moving. For low-cost 5-axis printers, a reliable
method to measure and compensate these errors is therefore required to enable useful parts to
be printed with all five axes moving.

4.2 Calibration and Kinematic Modeling

Accurate path planning for 5-axis printing depends on knowing the precise positions and orien-
tations of all printer axes. Calibration therefore measures the exact location and alignment of
each individual axis together with the point where the two rotary axes nearly intersect. These
measurements form the basis for constructing a kinematic model and for compensating mechan-
ical deviations during printing. The procedure is performed on the 5-axis printer described in
Section 3.2. That machine is equipped with a touch probe for calibration, two FFF extruders,
and a conductive ink dispenser. The X , Y , and Z axes are homed against endstop switches on
one side of the frame in the same manner as common 3-axis printers. During calibration, the
global zero position is reassigned to the (intended) intersection point of theA andB rotary axes.
Calibrating the A and B axes is more complex because neither their centers of rotation nor their
rotation axes are directly accessible. Therefore, their exact positions and orientations relative
to the Cartesian coordinate system must be determined. Because the B axis is mounted on the
A axis, the position and orientation of B depend directly on those of A. Figure 4.4 visualizes
the axes in 3D space, their kinematic relationship, and the minimum distance (closest approach)
between the two rotary axes.

The position of an axis refers to where that axis is located within the global Cartesian coor-
dinate system. The orientation of an axis refers to how that axis is directed relative to the global
Cartesian coordinate system. Thus, the parameters that must be measured are: A position, B
position, A orientation, and B orientation. From these parameters, the kinematic model of the
printer can be constructed and the closest approach between the two rotary axes can be calcu-
lated to define the global zero position. The initial implementation of the calibration procedure
was introduced by Tom Schmolzi in his master’s thesis [104]. The calibration procedure directly
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Z

Figure 4.4 – 3D illustration of the rotary axes A and B. The short gray segment connecting them
denotes their nearest approach. The gray line from the global origin to the B shaft indicates the
translation to the center point on the B axis.

probes the physical physical axis hardware with a touch probe mounted on the printer. There is
no additional measurement object mounted on the printers axes.

B Axis Position

To determine the precise B position, the metal shaft of the B stepper motor is probed along the
negative and positive x and y directions. The shaft is probed at the height corresponding to the
expected middle of the shaft (Z = −10). To obtain the B position, the two measurements for
X (Xp1 , Xp2) and for Y (Yp1 , Yp2) are averaged. This average gives the B position relative to the
3D probe’s tip. The global Cartesian coordinate system is then updated so that the B position is
at the origin.

Bpos =

[
Xp1 +Xp2

2
,
Yp1 + Yp2

2
, −10

]
(4.1)

A Axis Position

The next step in the calibration is to determine the position of the A axis. To do this, the top of
theB axis shaft is probed while theA axis is rotated to three angles (A0, A90, andA−90). AtA0,
the probing motion is along the Z axis, whereas atA90 andA−90 the probing motion is along the
Y axis. These three contact points lie on a circle in the Y Z plane, and the center of that circle
defines the A axis position. Since this circle is probed from the inside, the radius of the shaft
(rp) must be added to the calculated center position to obtain the actual A axis position.
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Apos =

[
0,

A90 + A−90

2
, A0 +

|A90 − A−90|
2

+ rp

]
(4.2)

A Axis Orientation

To determine the orientation of theA axis, its square crossbar is directly probed. Four points are
measured in the z direction (ZX,1, ZX,2, ZY,1, ZY,2), forming a rectangle positioned as far away
from the B axis shaft as possible. Using this initial set of four probe points, the slopes along the
X (mX) and Y (mY ) axes can be computed. To obtain the slope along the Z (mZ) axis, four
further points are probed from the positive and negative Y directions at two distinctX positions
(YX1,1, YX1,2, YX2,1, YX2,2).

mX =
ZX,1 − ZX,2

2dZX

mY =
ZY,1 − ZY,2

2dZY

mZ =
1

dY X

·
(
YX1,2 − YX1,1

2
− YX2,2 − YX2,1

2

)
Adir =

[1,mY ,mZ ]

|[1,mY ,mZ ]|

(4.3)

B Axis Orientation

Finally, the orientation of the B axis is measured by probing the shaft a second time: now both
the top and the bottom of the shaft are probed from all four sides (pZj ,i). With these eight mea-
surements, the shaft’s center positions at the top (p1) and bottom (p2) are calculated by averaging
the opposing probe points. Because the B axis is mounted on the A axis, its measured orien-
tation is influenced by the A axis orientation. Therefore the previously determined orientation
offsets of the A axis must be subtracted to obtain the correct (isolated) orientation of the B axis.
Rotations of the B axis about the Y axis can be compensated by adjusting the zero position of
the A axis. All other rotational components cannot be compensated by the motion system and
must be handled in the toolpath generation. The zero positions of all axes are set on the B axis
at the point where the A axis is closest to the B axis.

p1 =
1

4

i∑
pZ1,i

p2 =
1

4

i∑
pZ2,i

Bdir =
p2 − p1
|p2 − p1|

(4.4)
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Figure 4.5 – Axes offsets of the generated URDF model of the printer displayed in Aion-5X. The
axes alignment is deliberately bad to show the offsets as the typical offsets are too small to be visible.

Kinematic Model in URDF

Tomake later use of the measured parameters in toolpath generation and to visualize the printer’s
axes, a kinematic model of the printer is constructed. This model encodes the measured posi-
tions and orientations of the A and B axes, as well as those of the linear X , Y , and Z axes. It
additionally describes the complete kinematic chain linking all axes, the tools, and the printbed.
The model is expressed in the Unified Robot Description Format (URDF) [W21] format and
contains 3D models for visualization for every axis.

URDF is a standardized format for describing the kinematic model of a robot. It was intro-
duced by the Robot Operating System (ROS) and is widely used in robotics and simulation. The
model is composed of links and joints that define the robot’s structure. A link is a rigid body that
can be positioned in space, and a joint connects two links and allows relative motion between
them. This enables supporting different kinematic configurations across different printers. The
URDF can also include separate geometries for visualization and collision detection for each
link.

All these features are especially useful when multiple printers with different kinematic con-
figurations must be supported. Because the format is text based, it can be easily generated for
any printer and is still easily understood by humans. The generated URDF model includes all
measured parameters and offsets, as well as the general kinematic structure of the printer. This
model is later used in the path planning stage to generate the toolpath and apply the required
compensation. A URDF file including the measured offsets is provided in Listing 4.1. Fig-
ure 4.5 shows this URDF model inside the Aion-5X software. In that example, the offsets are
intentionally exaggerated to make them clearly visible.
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Listing 4.1 – URDF model of the 5-axis E3D ToolChanger with measured calibration parameters.
Note that the visual tag that contain the 3D mesh for each link are shortened here.

1 <?xml version="1.0"?>
2 <robot name="5x_e3d_toolchanger">
3 <!-- Links (visual tags shortened) -->
4 <link name="base_link">
5 <visual>...</visual>
6 </link>
7 <link name="y_link">
8 <visual>...</visual>
9 </link>

10 <link name="x_link">
11 <visual>...</visual>
12 </link>
13 <link name="z_link">
14 <visual>...</visual>
15 </link>
16 <link name="a_link">
17 <visual>...</visual>
18 </link>
19 <link name="b_link">
20 <visual>...</visual>
21 </link>
22 <link name="tool_link" is_tool_link="true" is_toolchanger="true"/>
23 <link name="workpiece_link"/>
24

25 <!-- Joints -->
26 <joint name="x_joint" type="prismatic">
27 <axis xyz="1 0 0"/>
28 <parent link="y_link"/><child link="x_link"/>
29 </joint>
30 <joint name="y_joint" type="prismatic">
31 <axis xyz="0 1 0"/>
32 <parent link="base_link"/><child link="y_link"/>
33 </joint>
34 <joint name="z_joint" type="prismatic">
35 <axis xyz="0 0 -1"/>
36 <parent link="base_link"/><child link="z_link"/>
37 </joint>
38 <joint name="a_joint" type="revolute">
39 <origin rpy="0.0 -0.0010621 0.0286015" xyz="0 -0.0001302 0"/>
40 <axis xyz="1 0 0"/>
41 <parent link="z_link"/><child link="a_link"/>
42 </joint>
43 <joint name="b_joint" type="continuous">
44 <origin rpy="0.0 0.0011657 -0.0286015" xyz="0 0.0001302 0"/>
45 <axis xyz="0 0 1"/>
46 <parent link="a_link"/><child link="b_link"/>
47 </joint>
48 <joint name="tool_joint" type="fixed">
49 <origin xyz="0.0 0.019425 0.027578" rpy="0 0 3.14159265359"/>
50 <parent link="x_link"/><child link="tool_link"/>
51 </joint>
52 <joint name="workpiece_joint" type="fixed">
53 <parent link="b_link"/><child link="workpiece_link"/>
54 </joint>
55 </robot>
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4.3 Compensated Toolpath Generation

In planar 3-axis printing, the toolpath is created by slicing the object into horizontal layers and
generating a path for each layer. Converting these paths into printer movements is straightfor-
ward, as each point’s coordinates map directly to the printer’s X , Y , and Z axes. On 5-axis
printers, the toolpath generation is more complex because the additional rotary axes must also
be controlled.

Toolpath Generation for 5-Axis Printing

In 5-axis printing, each point in the toolpath must provide not onlyX , Y , and Z coordinates, but
also an orientation that specifies how the tool is angled relative to the surface at that location.
Therefore, every point in the toolpath includes a normal vector that represents the tool’s orienta-
tion. Computing these normal vectors is not straightforward because it depends on the object’s
local surface geometry and requires special handling at edges and corners. Because the normal
vector is not directly represented by the printer’s axes, it must be converted into angles for the
rotary axes A and B. This conversion is performed by the IK solver during toolpath generation.
As some point and orientation combinations can be achieved with different A and B angles,
the IK solver must select one valid solution that produces a smooth continuous toolpath while
avoiding singularities.

Compensated Toolpath Generation

The previously measured inaccuracies of the printer that are encoded in the URDF model must
be compensated somewhere between the toolpath generation and the actual printing on the ma-
chine. Compensating positional offsets is straightforward: they can be added directly to the
coordinates, and such adjustments could even be handled by the printer firmware. By contrast,
rotary-axis compensation is more involved because it requires non-linear corrections that depend
on the IK solution. Since printer firmware typically does not support custom IK solvers, these
computations are performed in the toolpath generation software instead.

Aion-5X Software

Aion-5X [W22] is a proprietary toolpath generation system developed by Kronos Mechatronics
GmbH, provided as a C++-based plugin for the CAD software Rhino [W23]. It specializes in
generating 5-axis toolpaths for printed electronics, but can also be used for other processes such
as 5-axis FFF printing. It currently supports generating free-form lines on arbitrary surfaces
and filling closed, conformal surfaces with different patterns. One core feature is the generation
of 5-axis toolpaths that take into account the measured kinematic model of the printer. This
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enables compensated toolpaths that follow the surface of the object even on printers with large
deviations.

4.3.1 Toolpath Generation
Toolpath generation in Aion-5X begins by loading the object’s 3D model into the software. If
the model does not include wire paths, the user can draw them directly onto the object’s surface
in Rhino. Because Rhino often represents curves as splines, these paths are converted into a
sequence of straight line segments. These segments define a 3D path that closely follows the
object’s surface and are used to generate the toolpath.

Normal Extraction

For 5-axis printing, the toolpath must also include normals to orient the tool relative to the
surface. These normals are taken from the surface directly beneath each point. This is done by
finding the surface with the smallest Euclidean distance to the point. The underlying surface
may be either a mesh or a Boundary Representation (Brep). Because some points are closest to
edges or corners where multiple surfaces meet, a single point can yield more than one normal.
To handle this correctly, all normals from surfaces at approximately the same distance to the
point are collected. In practice, a small range ϵ is used to account for numerical imprecision and
to ensure all relevant normals are included.

Normal Extraction on Edges and Corners

At object edges and corners, multiple surfacesmeet, resulting inmultiple valid normals. Because
not all of them are relevant for the toolpath, special handling is required. Only normals belonging
to surfaces in the direction of the previous point are kept, as well as normals belonging to surfaces
in the direction of the next point. All other normals are discarded. For the first and last points of
the path, this yields a single normal. For interior points that lie on edges or corners, this yields
two normals. These two normals are then ordered by their angle relative to the normals of the
previous and next points to ensure they are processed in the correct order.

Printing Around Corners

There are two ways to handle the two normals on corners during toolpath generation. The first
way is to keep the printhead perpendicular to the surface while approaching the corner. Then, at
the corner, the tool stops, angled towards the surface of the incoming path, then rotates around the
corner to the normal of the outgoing path, and continues printing (Figure 4.6a). In the toolpath
generation this is done by adding an additional point to the toolpath at the corner that contains
the second normal. So the corner point is added twice to the toolpath, once with the incom-
ing normal and once with the outgoing normal. With this method, the toolpath is not printed
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(a) (b) (c)

Figure 4.6 – Two approaches to handle corners in the toolpath: (a) The tool stops at the corner
and rotates to the next normal. (b) The tool is angled along the path towards the corner point and
then tilted back towards the next normal. (c) When printing over gaps, the normals are interpolated
between the last and next valid surface normal. This allows a smooth transition between the two
normals.

in a continuous movement, and the tool has to stop at every corner. But the tool remains per-
pendicular to the surface while moving. Stopping along a path is an issue for some processes
like FFF printing, where the tool has to be continuously moving to avoid material accumulations.

In the second method, the tool is gradually angled along the incoming path toward the corner
and then tilted back along the outgoing path (Figure 4.6b). This avoids stopping at the corner
so the path can be executed as a continuous movement. Here, no additional point is added at the
corner, instead the average normal V⃗ is computed with the following formula:

V⃗ =
1

2

(
N⃗in + N⃗out

)
This averaged normal is then assigned as a single point at the corner. As a result, the tool starts
tilting toward the corner while approaching it, reaches the averaged normal at the corner, and
then tilts back toward the outgoing normal while moving away. With this approach, the tool is
not always perpendicular to the surface, which can be an issue for processes that must remain
perpendicular at all times.

Therefore, the best approach depends on the corner angle and the specific process used to
print the wire. There is also the option to combine both approaches: the tool is slightly angled
along the path toward the corner point and then stops at the corner to rotate only a small amount
before continuing along the outgoing path. With this, the motion can be kept as continuous as
possible while still ensuring that the angle between the surface and the tool remains small.
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Printing Over Gaps

Sometimes the toolpath must cross gaps where no surface exists beneath the point, so no local
normal can be extracted. To handle this while maintaining a smooth, continuous movement, the
toolpath over the gap uses normals interpolated between the last and next valid surface normal
(Figure 4.6c). This interpolation is performed along the path, with the normal at each point
determined by its distance to the two sides of the gap. When only one valid normal exists on
one side of the gap, such as when the path ends in mid-air, the last valid normal is used for the
entire gap.

4.3.2 Inverse Kinematics (IK) Compensation

An IK solver converts the desired position and orientation of each point in the toolpath into
an axis configuration that the printer can execute. The solver mathematically determines the
joint angles required to position and orient the tool at each target point along the path. Given
the desired position and orientation, it calculates the necessary angles for each axis, ensuring
accurate tool movement while avoiding singularities. The IK solver in Aion-5X is specifically
designed for 5-axis printers with non-orthogonal axes. It uses the measured axis offsets and
orientations encoded in the URDF model to compute axis configurations that reach the target
points even on printers with significant mechanical deviations.

For each point in space, the task is to orient the tool vector v so that it points directly opposite
to the tool’s downward direction. In Figure 4.7a, the small black arrow depicts the tool vector
v at a specific point in space. Accordingly, we seek the A and B axis angles that make v point
towards the +Z axis. When the axes are orthogonal, this is achieved by first rotating v around

(a) (b) (c)

Figure 4.7 – Visualization of the inverse kinematics for orienting the tool vector v: The red cone
shows all possible orientations of v when rotated around the B axis, and the green cone shows all
possible orientations of the+Z vector when rotated around the A axis. Valid IK solutions are found
at the intersection points of both cones. (a) Two intersection points: two valid solutions. (b) One
intersection point: one valid solution. (c) No intersection: no valid solution.
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the B axis until it lies in the
−→
Y Z plane, and then rotating it around the A axis until it points

towards +Z.
When the axes are not orthogonal, finding the correct angles becomes more challenging.

The possible orientations that are reachable by each axis can be visualized as cones in 3D space.
In Figure 4.7, the red cone represents all orientations reachable by rotating around the B axis,
and the green cone represents those reachable by rotating around the A axis. The intersection
points of these cones correspond to the valid solutions found by the IK solver. Depending on
the orientation of the tool vector v and the axis configuration, there can be zero, one, or two
valid solutions. In Figure 4.7a, the cones intersect at two points, which yields two possible
solutions for the tool orientation. The solver selects the one that results in the smallest change
in angle from the previous point. In Figure 4.7b, the cones are tangent at a single point, so only
one solution exists. Here the solver uses that single solution. In Figure 4.7c, the cones do not
intersect, making it impossible at that position to orient the tool vector v towards +Z.

To overcome the issue of non-solvable cases, the proposed IK solver allows small angular
tolerances. When the distance between the cones is smaller than this tolerance, the solution with
the smallest distance between the cones is used as a valid solution. This is done by calculating the
intersection of theB-cone with the plane defined by the vector

−→
AB, which is the line connecting

the A andB axes. This results in a small deviation of the tool angle from the desired orientation
which is much less problematic than a deviation in the tool position. As long as the allowed
deviation fits within the misalignment of the axes, the solver can find valid configurations for
both the A and B axes for every point in space.

The XY Z position is then computed by applying the offsets defined in the URDF model.
This ensures that the resulting path is positioned correctly with respect to the machine calibra-
tion. The result is a compensated toolpath that follows the object’s surface, enabling accurate
printing even on printers with significant mechanical deviations.

4.4 Evaluation

To demonstrate the proposedmethod, the printer described in Section 3.2 is first calibrated and an
URDF model is generated. Several test objects are then printed to show that, with the proposed
calibration and active compensation, an otherwise unusable low-cost 5-axis printer can produce
useful parts. To illustrate the effect of the compensation, two identical objects are printed, one
without compensation and one with compensation. Additionally, a fully FFF-printed globe with
filled landmasses is produced, as closed surfaces are very sensitive to the distance between the
nozzle and the surface. Finally, a ”duck” with integrated electronics is printed to demonstrate
the capabilities of printing electronics with conductive paste. All volumetric objects are sliced
using PrusaSlicer [W7] and printed with theA andB axes kept fixed, because Aion-5X currently
does not support volumetric printing.
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4.4.1 Calibration Process and Results
Because the printer loses the position of each axis when powered off, the calibration processmust
be executed every time the printer is turned on. On average, running the calibration adds 167
seconds, though it can take longer because outlier measurements are repeated. Nevertheless, this
overhead is negligible compared to the printing time, which can take several hours. Calibration
sets the zero positions of the axes and outputs the offsets for the URDF model of the A and B

axes. These offsets in the URDF model only need to be updated after significant changes to the
printer, such as a crash or a mechanical modification. It might also change over time due to wear
and tear, although this has not been tested yet.

On the proposed E3D 5-axis toolchanger, the calibration results in a tilt of theA axis by 1.6◦

around theZ axis and 0.02◦ around the Y axis. TheB axis is tilted by 0.12◦ around the Y axis and
has an offset of 118 µm in the Y direction compared to theA axis. In practice, this means that the
point 50mm above the print bed with theA axis at 90◦ is 1450 µm off from the position it should
be. This huge disparity between the expected and actual position is caused by the leverage effect
of the A axis. The experiments by Tom Schmolzi [104] showed that after compensation, the
measured offset is less than 50 µm, which is a significant improvement. Without compensation,
this offset makes the printer unusable for 5-axis printing, as the tool would crash into the surface
of the object or print in mid-air.

4.4.2 Comparison to Non-Compensated Printing
Two identical objects are printed to make the effect of the compensation clear. The first object is
printedwithout compensation, assuming that the rotation axes are perfectly alignedwith themain
axes and that the A and B axes intersect exactly at the printer’s global zero point. The second
object is printed with active compensation enabled, taking into account the measured axis offsets
described above, including the offset between the A and B axes. The printed object is designed
to require simultaneous movement of both rotary axes and all three Cartesian axes. Without
compensation (Figure 4.8a), the head repeatedly collides with the surface, causing squished lines
and misalignment with the edges. At some points the nozzle pushes into the underlying material,
which only works because the nozzle is hot enough to melt away the material and the object is
hollow and can deform slightly under the crashing nozzle. With compensation (Figure 4.8b),
these problems are eliminated. The lines show only minor squishing and follow the intended
path as it was designed. The results show the effectiveness of the compensation, as the print is
now usable and the lines align with the edges.

4.4.3 Application Example: Printed Globe
To show the capabilities in real world applications, a fully 3D printed globe is created. The
printed globe consists of a blue sphere with a diameter of 45mm, representing the northern
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(a) (b)

Figure 4.8 – 5-axis simultaneous motion test prints. (a) Printed without compensation, resulting in
misaligned and squished lines due to axis errors. (b) Printed with active positioning compensation,
showing accurate alignment and improved surface quality. The ”shoulder” features require coordi-
nated movement of all axes, highlighting the effectiveness of compensation.

hemisphere of the Earth. The landmasses are printed using a surface filling strategy [81] in
green PLA, making the continents stand out clearly on the globe. Filled surfaces are highly
sensitive to the nozzle-to-surface distance because the toolpath is computed to deposit only the
material needed to fill the area directly beneath the nozzle. Unlike single lines, where excess
material can spread sideways, filled regions cannot push material outward because the area is
enclosed by the previously printed surrounding perimeter. As a result, excess material is forced
upward, creating a rough surface that follows the fill pattern. If the nozzle is too far from the
surface, too little material is deposited, leading to visible gaps and uneven areas.

The printed northern hemisphere of the Earth is shown in Figure 4.9a. The landmasses are
smooth and well-defined, demonstrating that the compensation achieves a consistent surface
finish. However, two small areas show a slight deviation in nozzle-to-surface distance. Over
North America the path is slightly too high, leading to a small gap in the surface. Over South
America it is slightly too low, producing a rough area with some excess material pushed upward.
These two regions are relatively close to each other and not on opposite sides of the globe. This
occurs because the two landmasses are printed in different orientations, one with the A axis
rotated in the negative direction and the other in the positive direction. This indicates a small
remaining discrepancy between the kinematic model and the real printer, but it is minor enough
to not significantly affect the overall print quality.

4.4.4 Application Example: Printed Electronics

To demonstrate the printer’s capabilities in printed electronics, a small ”duck” with integrated
electronics is printed. The printed object is an FED class 3 circuit. Printed electronics are very
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(a) (b)

Figure 4.9 – Application examples for compensated 5-axis printing. (a) A fully 3D printed northern
hemisphere of the Earth, showcasing the effectiveness of the compensation in achieving a smooth
surface finish. (b) Fully 3D printed ”duck” with functioning a electronic circuit on its head to pulse
the LEDs. The active compensation ensures a constant distance between the conductive paste dis-
penser and the previously printed surface.

sensitive to the distance between the nozzle and the surface, as the conductive paste must be
applied as a continuous line with a constant distance to the surface. Printing with a too large
distance between the nozzle and the surface causes the ink stream to break and create gaps in
the wire. If the distance is too small, the nozzle can collide with the surface and smear the ink.
The dispenser nozzle used is very delicate. Even small collisions can bend the nozzle tip and
prevent the material from being dispensed properly. A damaged nozzle tip must be replaced,
which requires recalibrating the tools relative to each other, as the position of the nozzle tip
varies with each replacement.

The ”duck” is a raised, 3D-printed half-sphere with an electronic circuit integrated on its top
surface. The circuit consists of amicrocontroller, two LEDs, and two resistors. Power is supplied
via a printed male USB port, which also serves as the ”duck’s” beak. The LEDs are placed as
the ”duck’s” eyes, while the resistors form the eyebrows. The microcontroller is programmed to
blink the LEDs, producing a blinking effect. The ”duck” is printed in two steps: first the FFF
part is printed, and then the conductive paste dispenser applies the wires. All wire paths were
generated in Aion-5X using surface projection and then converted into toolpaths. Although,
there are only small edges along the wire paths, they are still printed as continuous movements
by tilting the tool toward the edge point, as described in Section 4.3.1. All wires are printed
to be 0.4mm wide and 0.2mm high. The buck’s toolpath is generated in PrusaSlicer and then
manually rotated and positioned to align correctly on the surface. This was very time-consuming,
as the toolpath position needs to be calculated by hand from the kinematic model and the object.
All G-code files are combined into a single file to print the whole object in a single run that uses
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both FFF and the conductive paste dispenser. Since the printer does not support pick and place,
all components are placed manually into the fresh ink directly after printing.

The resulting printed ”duck” with the electronic components on its head is shown in Fig-
ure 4.9b. The conductive paste is applied as a continuous line without any collisions between
the nozzle and the surface. The wires are smooth and well-defined, indicating that the distance
between the nozzle and the surface was maintained correctly. To obtain a working circuit, mul-
tiple attempts were required. However, nearly all difficulties were not caused by the toolpath
generation or the printer itself. They were mainly due to human errors, such as smearing the
conductive paste when positioning the SMD components by hand. Additional retries were nec-
essary to get the positioning of the ”duck” correct, because the rotation and position offsets had
to be calculated by hand and entered into PrusaSlicer. There were also instances of stringing
caused by expired ink. As these problems are unrelated to the proposed method, they are not
considered further here. Overall, the printed ”duck” works as intended, and when power is sup-
plied via USB the microcontroller boots up and starts blinking the LEDs as programmed. This
demonstrates that, with active compensation, the inaccurate 5-axis printer can produce complex
objects with multiple processes in a single run, which was not possible before.

4.5 Conclusion

This chapter presented novel calibration methods and path planning algorithms that compensate
for the mechanical inaccuracies of low-cost 5-axis printers. The calibration process probes the
axes with a touch probe to determine the positions and orientations of the A and B axes, as well
as the offset between them. These measurements are used to construct a kinematic model of the
printer, which is then exported as a URDF model.

This URDFmodel is used by theAion-5X path planning software to generate 5-axis toolpaths
that follow object surfaces while actively compensating for the measured inaccuracies. Aion-
5X, a C++ plugin for Rhino, generates toolpaths with continuous tool motion, including around
corners. The IK solver accounts for the previously measured offsets, enabling precise multi-axis
printing on low-cost printers. The overall approach is not limited to FFF printing and can be
applied to other processes like printed electronics as well.

The effectiveness of the calibration and path planning was evaluated by printing the same
objects with and without compensation. Two test objects were used to showcase the approach:
a globe with filled landmasses and a ”duck” with integrated electronics. The results show that
these objects are printable even on the presented low-cost 5-axis printer with significant me-
chanical deviations.

Overall, the presented approach significantly improves the accuracy and usability of low-
cost 5-axis printers. It provides a method to plan and execute complex 5-axis toolpaths even
on machines that would otherwise be unusable for such tasks, because they cannot consistently
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maintain a constant distance between the nozzle and the surface during printing. This approach is
not limited to low-cost printers but can also be applied to high-end machines, further improving
their accuracy for fine structures.

4.5.1 Future Work
For future work, several improvements can be made to both the printer and the path planning
software. A more reliable printer could be built that eliminates sources of uncertainty, such
as backlash and wobble, ideally without increasing the cost. The calibration process can be
improved to better handle rough printed surfaces, because the current method relies on probing
the axes on the printed surface. This can be achieved by making the workflowmore user-friendly
and automatically updating the URDF model in the path planning software, eliminating the
need for the user to copy and paste the output into the configuration file. The Aion-5X path
planning software can be extended to support additional strategies, such as volumetric printing
and multi-directional printing. This would enable printing more complex objects without the
need to manually stitch together G-code files from different programs. Additionally, both the
software and the hardware could be extended to support pick and place operations, removing the
need for manual component placement. This would enable fully automated printing of complex
objects with integrated electronics. Finally, the effectiveness of the compensation can be further
investigated regarding the printer’s reliability and accuracy. This includes testing its impact on
high-end printers to assess whether the same approach can be applied to them. This would
provide a better understanding of the presented approach’s limitations and capabilities and of its
applicability to different printers and processes.
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Chapter 5

In Situ Error Correction of Printed
Electronics

3D printing is a rapidly growing field that includes a wide range of additive technologies and
materials. While most single-material processes are already established in industry, 3D printed
electronics is still developing to become reliable enough for industrial applications. Printed
electronics make it possible to fabricate wires and other electronic components directly onto
or into objects without a dedicated Printed Circuit Board (PCB) or additional assembly steps.
Although this approach will not replace classical PCBs, there are multiple use cases where 3D
printed electronics adds extra design freedom. Currently, 3D printed electronics is mostly used
for prototyping or novel applications, integrating sensors, antennas, and other electronic compo-
nents directly into the printed object. Reliability is a crucial factor for electronics. In structural
3D printing, small defects in the build usually have only a minor impact on the final part quality.
By contrast, printed electronics are highly sensitive to errors: a single interrupted connection
generally disables the circuit and makes the entire object unusable. Such errors can arise dur-
ing the printing process from issues such as a clogged nozzle, inconsistent material flow, or
irregularities in the underlying surface. This is a major challenge for 3D printed electronics,
because after fabrication the embedded wires are often inaccessible and, due to their integrated
nature, cannot be replaced or tested in advance. Consequently, this limited reliability remains a
significant barrier to the industrial adoption of the technology.

To address this issue, this chapter presents a novel approach for in situ error correction of
3D printed electronics. The machine acquires multiple images as the object is being printed. A
deep convolutional neural network segments the conductive wires from the plastic substrate and
the background. Subsequently, the algorithms analyze the intended G-code paths together with
the segmented wire geometry to detect errors, including connection breaks, shorts, and points
the printed wire failed to reach. The algorithms als estimate the width of each wire and can
automatically repair connection breaks by reprinting missing material. Figure 5.1 provides an
overview of the proposed process.
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Figure 5.1 – In situ error correction process overview. The object is printed after each wire is de-
posited, the camera captures images of the wire. A neural network then segments the wire, and the
segmented result is compared to the intended G-code paths to detect errors. If errors are detected, a
repair path is generated to correct them.

This chapter is based on the publications:

• Daniel Ahlers. ”In-Situ Verification of 3D-Printed Electronics Using Deep Convolutional
Neural Networks”. In:Proceedings of the 32th Annual International Solid Freeform Fab-
rication Symposium (2021). doi: 10.26153/TSW/17557 [18]

• Daniel Ahlers, Florens Wasserfall, Johannes Hörber, and Jianwei Zhang. “Automatic in-
situ error correction for 3D printed electronics”. In:Additive Manufacturing Letters 7
(2023). doi: 10.1016/j.addlet.2023.100164 [19]

5.1 State of the Art
Production errors appear in everymanufacturing process. In additivemanufacturing, these errors
occur even more frequently due to the complexity of the process and the typically more complex
geometries of the products. When electronics are integrated into the printed parts, the overall
complexity increases further. Electronics are very sensitive to errors, as even small defects can
lead to failure of the whole system. Effective error detection is crucial in PCB manufacturing
to ensure the functionality of the final product. Errors are identified using classical image pro-
cessing [105], deep learning methods [106], and X-ray inspection for internal structures [107].
Most image processing techniques rely on comparison with reference images [108] or on im-
age subtraction [109]. In recent years, deep learning approaches have been applied to detect
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(a) (b) (c)

Figure 5.2 – In situ monitoring of aerosol jet printed electronics. (a) The printed circuit. (b) The
captured image of the printed wire. (c) The reconstructed 3D topology of the printed wire. [118]

common defects arising during the etching process of PCBs. These defects are detected using
convolutional neural networks [110, 111], ResNet50 [112], YOLO variants [113, 114, 115], and
transformer-enhanced YOLO architectures [116]. The observed occurrence and characteristics
of specific defects are used to adjust production parameters. Because of the low-cost per unit,
defective PCBs are typically discarded rather than repaired.

The error detection methods used in PCB manufacturing are not directly transferable to 3D
printed electronics, primarily because of the different manufacturing processes and the three-
dimensional structure of the printed parts. Current approaches in printed electronics therefore
concentrate on preventing errors by stabilizing the printing process. Salary et al. [117] intro-
duced a method to quantify key aerosol jet printing attributes, including line width, line den-
sity, line edge quality/smoothness, overspray, line discontinuity, and internal connectivity. In
later work, they applied Shape-from-Shading to estimate the cross sectional profile of electronic
traces [118]. Figure 5.2 shows an example of the printed circuit, the captured image, and the
reconstructed 3D topology of the printed wire. Li et al. [119] implemented an in situ process
control for Aerosol Jet Printing that dynamically adjusts process parameters to improve print
quality. Zhang et al. [120] used a hybrid machine learning approach to determine the optimal
operating process window for Aerosol Jet Printing across various design spaces. Schirmer et
al. [121] presented new semi automatized and objective methods for assessing print quality us-
ing image processing and statistical techniques. Lombardi et al. [122] recorded the printed line
with an integrated camera and applied image processing to close the control loop and actively
adjust parameters during printing.

All these approaches focus solely on stabilizing the printing process and do not address error
detection and correction of the complete printed circuit. In our previous work [24], images were
taken during printing with an integrated camera. The pixels in the region where the wire is ex-
pected are classified using an SVM to segment the actual wire from the background. Afterward,
the algorithm searches for connection breaks by moving a sliding window along the wire and
reports them to the user.

Current research in the field of 3D printed electronics still mainly focuses on improving the
printing process, developing new materials, and stabilizing process parameters. Because 3D
printed electronics are sensitive to errors, error detection and correction are a crucial part of the
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workflow. Printed electronic processes are well suited for error correction, as printed parts can
often be repaired simply by printing over the defect. This must be further addressed in research
to make 3D printed electronics a reliable and cost-effective manufacturing process.

5.2 Wire Segmentation
In the proposed approach, the object is inspected in situ with an integrated camera while it is
being printed. A neural network processes the captured images and segments the conductive
wires from the background. Because the wires may be covered by future printing steps shortly
and would then not be visible anymore, each wire must be imaged immediately after it is printed.
This chapter is based on research conducted within the ZIM-KamEl project. Therefore, two
different systems were used for data acquisition. The first system is a modified FFF printer from
the University of Hamburg, described in Section 3.1. The second system is a 5-axis printer
from the project partner Neotech AMT GmbH, described in Section 3.3. Because the error
detection and correction algorithms were designed to operate on both systems, the data recording
procedures for each are presented in the following sections.

5.2.1 Layer Based Data Recording

As layer-based printed objects are built from stacked two-dimensional layers, the data recording
for this process is likewise performed on a per-layer basis. After each layer is printed, the cam-
era records the entire layer. Because of the short distance between the camera and the printed
surface, and the requirement for low distortion, the camera’s field of view is relatively small. So,
only parts of larger objects can be captured in a single image. To capture these objects entirely,

(a) (b) (c)

Figure 5.3 – The OctoCameraDocumentation plugin records multiple images of each layer and
stitches them together. (a) The user interface of the plugin. (b) The individual images taken of a
layer with the overlap between them. (c) The stitched image of the whole layer.
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multiple images of the same layer are taken and then stitched together to form one image of the
whole layer.

The layer documentation is implemented in OctoPrint [W17] as the OctoCameraDocumen-
tation plugin [W19], developed at the University of Hamburg and released as open source. At
the beginning of a print, the plugin parses the G-code file and determines the dimensions of each
layer. From this it computes the layer outline and generates a grid of image positions covering
the entire layer. Within each layer, images are scheduled in a bottom-to-top, left-to-right order.
To avoid gaps between images and to improve stitching robustness, a user-configurable overlap
can be added. The plugin calculates and stores the center coordinate of every planned image
position for later use. Image acquisition is triggered by a dedicated G-code command (M942)
inserted into the slicer’s layer change G-code. When the plugin encounters this command, it
pauses the print, switches to the camera, moves the camera sequentially to the precomputed
positions, and captures an image at each one. After all positions are recorded, the images are
stitched into a single composite representing the full layer. Figure 5.3 shows the interface, the
captured individual tiles, and the resulting stitched layer image. Because the raw images do not
align perfectly, the plugin applies a correlation based stitching algorithm that uses the overlap-
ping regions to accurately register and merge them into a seamless image of the whole layer [24].
Before the print is resumed, the printhead must be wiped to ensure consistent material flow and
remove ooze that gathered during the pause.

5.2.2 5-Axis Data Recording

The PJ15X printer from the project partner Neotech AMT GmbH is equipped with additional
rotary axes and can therefore print onto objects from arbitrary directions. This capability enables
true 3D printing of electronics on complex geometries, allowing the wires to follow the surface
contours. However, for such complex geometries the image recording process becomes more
challenging. Due to occlusions and varying surface orientations, covering the entire object’s
surface with images is no longer practical, and a different strategy is required. This challenge
is addressed by recording images per wire rather than per layer. In this approach, images are

(a) (b) (c)

Figure 5.4 – Sampling positions for 5-axis data recording on a curved surface. (a) The object with
the wire toolpath shown in blue. (b) The original non-uniform toolpath points shown in green. (c)
The re-sampled, equidistant camera recording positions projected onto the surface shown in red.
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captured immediately after each wire is printed by moving the camera along the wire’s path and
taking images. A downside of the wire based image recording is that when multiple wires are
printed close together, the same wires may be recorded multiple times with only slight offsets
between images, leading to redundant data and increased processing effort.

Because the calculation of the camera recording positions requires prior knowledge of both
the printed wire paths and the underlying surface geometry, the wire toolpath must be generated
in the CAD/CAM software before printing rather than dynamically during printing. Because
the spacing between successive toolpath points is non-uniform, special care is required when
determining the camera recording positions. Capturing images at every original toolpath point
would oversample curved sections and undersample straight segments. Therefore, the toolpath
is resampled to obtain equidistant recording positions along the wire, and the surface normal
at each position is computed to set the camera orientation correctly. Figure 5.4 illustrates the
problem of non-uniform toolpath point spacing and the solution via resampling of a wire toolpath
on a 3D surface. To later recover the exact position of every recorded image, each image receives
a unique identifier. This identifier is stored together with its 5D coordinate (X,Y, Z, A, B) in a
list that is saved along with the G-code file and the images.

5.2.3 Training Dataset Generation

Because the proposed approach relies on training a neural network to segment the wires from the
background, a suitable training dataset is required. Since the color images taken on the modified
FFF printer differ significantly in appearance from the monochrome images recorded on the 5-

(a)

(b)

Figure 5.5 – Eight example images from the printed electronics datasets. (a) Examples from the
planar-dataset showing different substrate and also SMD components. (b) Examples from the 5-
axis dataset showing different surface textures, wire appearances, and lighting conditions.
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Table 5.1 – Overview of the samples produced as a base for the 5-axis dataset. Each sample has a
different appearance and different printed structures. Both the coaxial and the ring light were used
to record the images. In total, 4200 images were captured.

ID Material Manufacturing Process Appearance Application

PET PET Film-Extrusion Transparent Sensor
PC PC Film-Extrusion Black Heating
FFFblack PC FFF Black Consumer electronics
FFFwhite PETG FFF White Consumer electronics
PA PA Injection molding Grey Automotive Interior rigid
PU PU Molding Black Automotive Interior flex
5AxisSLS PA SLS White Automation/Robotics

axis printer, two separate training datasets are created. For both datasets, the original images are
too large to be used directly as input for the neural network. Therefore, they are split into smaller
tiles of 512 × 512 pixels that serve as the network inputs. To distinguish them, the three-axis,
layer-based dataset is referred to as the planar-dataset, and the five-axis dataset is referred to as
the 5-axis dataset.

As the layer documentation feature had already been in use before the ZIM-KamEl project
and many images were available, the planar-dataset was created from previously recorded doc-
umentation images. These images were captured with a color camera and the spatial resolu-
tion was 20 µm per pixel. Each original 1000 × 1000 pixel image was divided into four tiles of
512 × 512 pixels. To enlarge the dataset, the color of the plastic substrate was modified to dif-
ferent tones using GIMP. The conductive regions were then manually labeled to generate the
ground truth. For more robust detection, the dataset was further expanded through data aug-
mentation: images were randomly flipped, rotated, and adjusted in brightness and contrast. The
final dataset consists of 5,742 image tiles and is split into 80% training and 20% validation sub-
sets. The split was performed before augmentation to ensure no overlap between training and
validation data. Figure 5.5a shows example images from the planar-dataset.

For the 5-axis dataset, images were recorded during the ZIM-KamEl project by the project
partner Neotech AMT GmbH with a spatial resolution of 3.45 µm per pixel. To obtain a broad
variety of printed wires, multiple builds were produced using different materials and applica-
tion scenarios. The dataset contains dense wire networks, isolated single wires, contact pads,
and wire geometries that include both curved and straight segments. The samples were printed
with varied process parameters, leading to differences in line appearance, including cases with
overspray. To achieve stable detection performance, the dataset spans a wide range of substrate
surface textures, which affect both image appearance and the geometry of the printed conductive
tracks. In total, 4,014 images containing conductive traces were recorded. Table 5.1 summa-
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rizes the materials and processes used to generate the samples. Because many images look quite
similar and manual annotation is time-consuming, 211 images with deliberately varied appear-
ances were selected for labeling. Given the high spatial resolution, the images can be reduced
to a height of 512 pixels without losing wire visibility. Because the images are not square, each
one is split into two tiles of 512 × 512 pixels. To increase variety in the dataset, the same data
augmentation used for the planar-dataset is applied. Additionally, the images are cropped with
varying offsets so that the wires do not always appear centered. Finally, the dataset is split into
80% training and 20% validation subsets. Figure 5.5b shows example images from the 5-axis
dataset.

5.2.4 Segmentation

The first step in the error detection process is to segment the printed wires from the back-
ground. In our previous work [24], a simple SVM was used for this task. While this approach
worked for the layer-based images, it struggled with low-contrast images and failed completely
on monochrome data. However, reliable segmentation is crucial for the presented error detec-
tion approach. Therefore, a more robust method is required. Neural networks are well suited
for image segmentation and can adapt to different substrate materials, lighting conditions, and
machine types. The neural network’s task is to classify each pixel in the image as either part of
a wire or part of the background. As multiple architectures are available, four common variants
were selected for evaluation on both datasets: U-Net, U-Net++, DenseNet, and DeepLabV3+,
as described in Section 2.3. All four are convolutional neural networks suited to segmentation
tasks and have been successfully applied in various domains. For training, all models use the
binary cross-entropy loss and the Adam optimizer with a learning rate of 0.001.

U-Net Two U-Net configurations with different depths were tested. Both configurations start
with 16 feature maps, and the number of feature maps is doubled after each downsampling step.
Each convolutional layer uses a dropout of 0.2 to improve reliability, and ReLU is used as the ac-
tivation function. The first configuration, referred to as shallow, has three down- and upsampling
layers, resulting in a 128 64 × 64 feature maps in the bottleneck and a total of 482,033 param-
eters. The second configuration, referred to as deep, has four down- and upsampling layers,
resulting in a 256 32 × 32 feature maps in the bottleneck and a total of 1,941,105 parameters.

U-Net++ The U-Net++ architecture keeps the overall structure of U-Net, but adds additional
skip connections between the intermediate downsampling and upsampling stages, which in-
creases the number of trainable parameters in the network. Accordingly, the shallow config-
uration has a total of 552,113 parameters, while the deep configuration has a total of 2,261,889
parameters.
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DenseNet The DenseNet architecture is evaluated in two configurations with different depths.
In both, a dropout of 0.2 follows every convolutional layer and ReLU is used as the activation
function. The first configuration, referred to as shallow, contains four dense blocks (with 3,
4, and 5 layers) and a 7-layer bottleneck with 320 64 × 64 feature maps, resulting in a total of
1,273,697 parameters. The second configuration, referred to as deep, contains five dense blocks
(with 3, 4, 5, and 7 layers) and a 10-layer bottleneck with 480 32 × 32 feature maps, resulting in
2,787,393 parameters.

DeepLabV3+ The DeepLabV3+ architecture is implemented as described in the original pa-
per[67]. It uses a ResNet50 backbone with a depth of 50 layers up to 1024 filters. As the back-
bone can be either trained from scratch with randomly initialized weights or with pre-trained
weights from ImageNet [123], both configurations are tested. Both versions have 11,852,353
parameters.

5.3 Error Detection
Printed electronics are highly sensitive to errors, as the involved processes can be unstable. In
addition, the substrate onto which the wires are printed is not always perfectly flat, which can
introduce further defects. Figure 5.6 shows typical errors that may arise during the printing pro-
cess. In traditional PCB manufacturing, defects are usually identified only after fabrication, and
the PCB is discarded if anything abnormal is found. This practice is wasteful and impractical for
the small batch sizes typical of 3D printed electronics. Moreover, once printed wires are covered
by plastic, they are no longer accessible for probing or electrical testing in the finished object, as
is common practice in PCB manufacturing. Afterward, the only non-destructive way to inspect
such embedded structures is the use of expensive X-ray systems. Therefore, detecting errors
during the printing process itself is crucial to ensure the functionality of printed electronics.

The error detection in this approach is based on images taken during printing and on the cor-
responding segmentation masks produced by the neural network. To obtain the intended wire

(a) (b) (c) (c)

Figure 5.6 – Common errors in printed electronics: examples from the planar-dataset (a)& (b) and
the 5-axis dataset (c)& (d). Connection breaks caused by an obstacle on the surface (a) and by
insufficient material flow (b). Shorts resulting from excess material at the end of a wire (c) and from
wires printed too close together (d).
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paths, the G-code file of the current object is parsed. All conductive path segments are extracted
from the G-code and stored for further processing. Because wires in the G-code are represented
as individual straight line segments, these segments must be grouped into connected compo-
nents that represent continuous wires. Grouping is performed by identifying segments whose
endpoints coincide with endpoints of other segments. Two endpoints are considered to be at the
same position if they lie within a defined distance threshold. This threshold is set to half the
wire width, since wires are expected to expand to this radius and thus be connected by design.
Intersections between segments are also checked to account for wires that may cross each other
or form a junction. To evaluate the segmented wires, their coordinates must be transformed into
pixel coordinates, taking into account the camera position in the machine, the image resolution,
and the measured pixels per millimeter. Once a consistent mapping between G-code coordi-
nates and image coordinates is established, the segmented wires can be evaluated. The current
implementation only supports images aligned with two of the main machine axes. Projecting
the G-code into images with arbitrary orientations is possible but not yet implemented. With
the wire segments corresponding to the current image and their segmentation represented in
pixel coordinates, the error detection can begin. Currently, three types of errors are detected:
connection breaks, shorts, and unreached points.

Connection Breaks Connection breaks are unwanted interruptions in the conductive material.
Common causes for connection breaks are:

• Clogs in the syringe or piezoelectric extruder nozzle

• Inconsistent extrusion caused by air bubbles in the material

• Non-uniform droplet formation in piezoelectric dispensers

• Thin FFF plastic strings crossing and interrupting the wire

• Cracks due to material shrinkage or mechanical stress

• Uneven surfaces causing adjacent wire segments to lose electrical contact

To detect connection breaks, the algorithm verifies whether the segmented wire forms a contin-
uous path without interruptions. First, it takes the segmented image of the whole layer or of a
single wire segment and applies an erosion to slightly shrink the wire region. The erosion helps
compensate for small inaccuracies in the segmentation mask and removes thin bridges in the
segmentation that do not exist in the actual wire. Next, the algorithm uses OpenCV to perform a
flood fill starting from the first point of the wire. Flood fill recursively fills all connected pixels
with the same color until it reaches a pixel of a different color or the image border. If a segmented
connection exists between two points, the pixels along that connection are also filled. The al-
gorithm then checks all points extracted from the G-code that are supposed to be connected to
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(a) (b) (c)

Figure 5.7 – Error detection of connection breaks and shorts. The segmented wires are shown in
grey, the filled region is filled in red, the wire paths extracted from the G-code are green, and the
tested points are marked with circles. (a) A wire without connection breaks: all points are reached
(blue circles). (b) A wire with a connection break: some points are not reached (yellow circles). (c)
A wire with a short to a neighboring wire: points of the neighboring wire are also reached (yellow
circles).

the starting point. If any such point is not filled, this indicates a connection break between the
filled region and the unfilled point. If all end points are filled, no connection break is present
in that wire, and the algorithm proceeds to the next wire. Figure 5.7a shows connection break
detection, where the wire is filled in green, and all points are reached (blue circles). Figure 5.7b
shows a connection break, where only part of the wire is filled red and some points are reached
(blue circles) while others are not (yellow circles).

Shorts Shorts are unintended connections between two or more wires that are not meant to be
electrically connected. Shorts can be caused by several factors like:

• Excessive material accumulating on the nozzle tip

• Leaking conductive material from the printhead

• Wires placed too close together

• Imprecise printhead motion

• Non-uniform droplet formation in piezoelectric dispensers

• Overspray (small unintended droplets not belonging to the wire)

To detect such shorts, the algorithm tests whether any point of the current wire is reachable via
segmented conductive pixels from another wire that should remain isolated. For this test, the
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segmentation mask of the current wire is dilated rather than eroded to compensate for small
inaccuracies and to bridge tiny gaps that in reality are connected. The algorithm then performs
a flood fill starting from a point of the current wire. After the flood fill, every point belonging
to any other wire group that should not be connected is checked to see whether it was also
filled. If at least one point from a different wire group is filled, this indicates a conductive path
between the wires and a short is reported. If no point belonging to any other wire is filled, no
short is detected for the current wire and the algorithm proceeds with the next wire. Figure 5.7c
illustrates a detected short: the current wire (filled in red) connects to the neighboring wire
because that wire is also filled (yellow circles).

Unreached Points Unreached points are locations along a wire, including its endpoints, where
the deposited material does not fully reach the intended position or the material is slightly mis-
aligned. In contrast to a connection break, there are no two disconnected segments. The wire
remains continuous but does not pass through all designated points or ends exactly at the speci-
fied endpoint. Typical causes include:

• Improperly calibrated printhead position

• Backlash in the motion system

• General positioning imprecision

• Surface tension effects in the conductive material at sharp corners

• Inconsistent material flow at the start or end of a wire

An unreached point is not necessarily a functional defect, since electrical continuity may still be
intact. However, it is a deviation from the designed path and should be reported to the user. Un-
reached points are identified during the connection break detection step by examining each point
along the intended wire path and checking whether it is classified as material in the segmentation
mask. If a point is not classified as material, it is marked as an unreached point, indicating that
no material was deposited at that exact location. This differs from a connection break, where
the connection between two segments is lost. Here, only specific points along a continuous wire
is not reached.

Wire Width Estimation The width of a wire is critical because it directly determines its resis-
tance and impedance and thus its electrical performance. These quantities in turn determine how
much current can flow through the wire and are especially important for high-frequency appli-
cations and antennas. A wire can be classified as correct by the previous tests, but if it is too thin
it may not carry the required current or may have a higher resistance than intended. Therefore,
knowing the actual width of a wire is important to ensure its functionality in the printed circuit.
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(a) (b) (c)

Figure 5.8 – The wire width estimation process. One segment of the whole segmented wire (a)
is extracted and rotated vertically (b). The number of segmented pixels is counted in each row to
determine the width along the wire segment (c).

To estimate the width of a wire, the algorithm uses both the segmented image and the G-
code path of that wire. Because wires in the G-code are described as straight line segments,
each segment is evaluated individually and the per-segment results are then merged to obtain the
complete width profile of the wire. For each segment, the corresponding region is cropped from
the segmentation mask with an additional margin so that material extending slightly beyond the
nominal path is still captured (Figure 5.8a). This margin is currently set to twice the expected
wire width but can be adjusted for processes that typically produce wider or narrower traces.
The cropped image is then rotated so that the wire segment is vertically aligned (Figure 5.8b),
and the number of segmented wire pixels is counted in each row. This yields the local wire
width along the segment (Figure 5.8c). After converting these width values to millimeters using
the known pixel size, they are compared to the nominal width specified in the G-code. Once all
segments have been processed and their measurements concatenated, the algorithm identifies
regions where the wire is too thin or too thick and reports these deviations to the user. Because
the pixel counting is performed perpendicular to the local wire direction, corners and crossings,
where this assumption breaks, are excluded and not measured.

5.4 Repair Path Generation

Because defects in printed electronics almost always result in a non-functional circuit, repairing
detected errors is essential to ensure the final object operates as intended. To address the errors
identified in the previous step, a dedicated repair path is generated that the printer can execute
to restore the affected regions.
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Not all detected errors can be repaired with the current setup. Connection breaks can be
repaired by reprinting across the gap to restore continuity between the separated segments. Un-
reached points cannot be corrected automatically because it is uncertain whether reaching that
exact location is required for functionality. Their handling therefore depends on the specific con-
text and may require user input to decide the appropriate action. Wires that are narrower than
intended can be reinforced by adding an additional pass to increase their width, although this
may result in a wire thicker than specified. Wires that are already too thick cannot be corrected
with the present machine configuration and materials, since doing so would require removing
material, something the current machine cannot perform. The same limitation applies to shorts,
which would require removing unintended conductive material to eliminate the unwanted con-
nection. Possible material removal methods would include CNC milling or laser ablation, but
these are not part of the current approach.

5.4.1 Reprinting Wires

In the current setup, the only repair action the machine can execute is reprinting missing mate-
rial. At present, only connection breaks can be reliably repaired this way. To generate a repair
toolpath for a wire with a detected connection break, the algorithm must first localize the re-
gion where material is absent. To find the start of the missing segment, it steps pixel by pixel
along the segmented wire from the first wire point until it encounters a pixel not classified as
material in the segmentation mask. This marks the beginning of the connection break. It then
continues iterating along the intended path until it reaches a pixel classified again as material,
which marks the end of the break. The segment between these two points defines the region
where material is missing and must be reprinted to restore the connection. Thus, the start and
end points of the missing material are identified and form the basis of the repair path. To ensure
a reliable reconnection, the repair path is extended slightly beyond both boundaries to create
overlap with existing material. The extracted points are then transformed back into machine
coordinates, and new G-code is generated to reprint the missing segment along this path. Other
print parameters such as speed and extrusion rate are taken from the original wire G-code and
adapted to the shorter repair path. Figure 5.9 illustrates this process for a wire with a connection
break. Because multiple breaks may occur in a single wire, the algorithm repeats the procedure
until the end of the wire is reached. The repair process is currently semi-automatic, as the user
must upload the generated repair G-code to start execution. After the repair is performed, the
error detection procedure can be run again to verify that the defects were resolved and no new
ones were introduced. If no further issues are found, printing proceeds normally, and the printed
electronics should function as intended provided no unrepairable errors remain.
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(a) (b) (c) (d)

Figure 5.9 – Repair path generation for a connection break. (a) Original image with a connection
break. (b) The segmented wire with the intended path in green. (c) The generated repair path in red.
(d) The repaired wire after reprinting the repair path.

5.5 Evaluation

To evaluate the proposed in situ error correction system, the most suitable neural network archi-
tecture for wire segmentation was first determined by comparing several architectures on both
datasets. Next, the error detection algorithms were applied to images with known defects to as-
sess their reliability. Finally, the repair path generation was examined by repairing connection
breaks and verifying the success of the repair.

5.5.1 Training Results

To identify the optimal neural network architecture for the wire segmentation task, several candi-
dateswere evaluated on both datasets. The evaluated architectures areU-Net, U-Net++, DenseNet,
and DeepLabV3+. All networks except DeepLabV3+ were trained in two depth configurations:
three (shallow) and four (deep) downsampling/upsampling blocks. DeepLabV3+ was trained
once with pre-trained ImageNet weights and once with randomly initialized weights. Because
the two datasets differ substantially, each architecture was trained separately on each dataset to
determine the best-performing model per dataset. All models were trained for 20 epochs with a
batch size of 4 using the Adam optimizer and a learning rate of 0.001. Training was executed
on two 2080 Ti GPUs with 11GB memory each. The best-performing epoch for each archi-
tecture and dataset is summarized in Table 5.2 and the training and validation Intersection over
Union (IoU) over epochs for the two best models on each dataset are shown in Figure 5.10 and
the remaining training curves are provided in Figure A.1 in the appendix.
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Table 5.2 – Best-performing epoch for all trained models on the planar and 5-axis datasets. For
each model, the training and validation Intersection over Union (IoU) are reported, and the highest
validation value for each dataset is highlighted in bold.

planar-dataset 5-axis dataset
Model train (IoU) val (IoU) train (IoU) val (IoU)

U-Net shallow 0.95 0.91 0.85 0.83
U-Net deep 0.91 0.89 0.95 0.91
U-Net++ shallow 0.95 0.91 0.82 0.76
U-Net++ deep 0.93 0.88 0.93 0.89
DenseNet shallow 0.98 0.00 0.97 0.14
DenseNet deep 0.97 0.00 0.95 0.15
DeepLabV3+ ImageNet 0.97 0.00 0.96 0.00
DeepLabV3+ random 0.97 0.00 0.96 0.00

The training results show that U-Net and U-Net++ perform well on both datasets. On the
planar-dataset, the shallow U-Net and shallow U-Net++ achieves the highest score, whereas on
the 5-axis dataset the deep U-Net perform best. Overall, shallower variants work better on the
planar-dataset, while deeper variants are advantageous on the 5-axis dataset. A plausible ex-
planation is the smaller field of view in the 5-axis dataset, which makes the wires appear wider
relative to the image andmay benefit from the increased representational capacity of deepermod-
els. It is also possible that the monochrome images in the 5-axis dataset require more complex
features to distinguish wires from the background, which deeper networks can better capture.
DenseNet and DeepLabV3+ are overfitting on both datasets (good training IoU but very low vali-
dation IoU). Further tuning andmore data might improve them, but this was not pursued because
the U-Net-based models already provide high accuracy. Implementation errors are unlikely: the
DeepLabV3+ code is a widely used public implementation, and the DenseNet implementation
has already performed well in the segmentation in Chapter 6.

Overall, the neural networks achieved promising segmentation performance, despite being
trained on relatively small datasets. They showed some misclassification at the image borders,
which is typical for convolutional neural networks because successive convolutions reduce con-
textual information near the edges. To avoid this issue in the final segmentation process, the
images were processed with overlap and the border regions were discarded. Although perfor-
mance is good on both datasets, more diverse data would further improve robustness, especially
on previously unseen structures.
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Figure 5.10 – Training and validation IoU across epochs for the top two models per dataset: on the
planar-dataset, U-Net shallow and U-Net++ shallow, and on the 5-axis dataset, U-Net deep and U-
Net++ deep. The plots are averaged over five training runs with different random seeds.

5.5.2 Segmentation performance

To compare the performance of the neural network-based wire segmentation with the earlier
SVM method [24], both were evaluated on a small set of previously unseen images similar in
appearance to the planar-dataset. Table 5.3 reports the pixel-wise classification outcomes for
both methods, listing the counts of true-positive, false-positive, and false-negative pixels, as
well as the resulting IoU score. All percentage values are referenced to the total number of

Table 5.3 – Pixel-wise classification results for wire segmentation on unseen data similar to the
planar-dataset. Shown are the results for the previous SVM approach and the best-performing U-Net
model from this work. The results are shown as true-positive, false-positive, and false-negative pixels.
The values are given in absolute numbers and percentages where 100% represents all conductive
pixels in the image data.

Architecture True-Positive False-Positive False-Negative IoU

U-Net shallow 916,304 (96.6%) 60,008 (6.3%) 32,407 (3.4%) 0.91
SVM [24] 904,626 (95.4%) 279,645 (29.5%) 44,085 (4.6%) 0.73
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conductive (wire) pixels present in the evaluated image set. A false positive denotes a pixel
wrongly classified as wire although it belongs to background or plastic. A false negative denotes
a pixel that is truly part of a wire but is misclassified as background or plastic.

The results indicate that the shallow U-Net architecture clearly outperforms the previous
SVM approach. Although both methods achieve comparable true-positive and false-negative
rates, the U-Net model produces a much lower false-positive rate than the SVM. This reduction
in false positives results in a more accurate segmentation, which is essential for reliably detecting
connection breaks. Precise identification of these breaks and missing material is particularly
important, since they are currently the only error types that can be automatically repaired using
the presented method. The SVM approach does not work on the 5-axis dataset at all, because
it relies on the Red Green Blue (RGB) and HSV color spaces, which are not available in the
monochrome images.

The SVM approach particularly struggles in dark image regions and often misclassifies them
as conductivematerial. In contrast, the U-Net model is less prone to these dark-area errors. How-
ever, if a dark region lies between two conductive wires, U-Net may still occasionally misclassify
the gap as part of a wire and thus merge them. U-Net also handles reflections better than SVM,
although very bright reflections can still lead to incorrect classifications.

5.5.3 Error Detection
To evaluate the error detection algorithms, a set of wire images was generated, each containing
different errors. All defects in this experiment were produced on the layer-based FFF printer, and
the resulting images are similar in appearance to the planar-dataset. The objective is to assess
whether the algorithms can reliably identify connection breaks, shorts, and unreached points in
the segmented images. The algorithm is evaluated on its ability to detect the following defect
types in the segmented images:

• Connection breaks caused by inconsistent extrusion

• Connection breaks caused by thin plastic strings from a leaking plastic extruder

• Intentional short created by adding an extra wire segment between two connections

• Intentional short created by shifting and rotating a wire so that it touches other wires

Since these experiments were conducted during the COVID-19 lockdown and no real images
containing shorts were available, the short circuits were artificially generated by editing images
in GIMP. The original images are not part of the training or validation data. Figure 5.11 shows
the different defects together with the corresponding output of the error detection algorithms.

All connection breaks are correctly detected and highlighted in red. All created shorts are
likewise correctly identified and shown in yellow. Unreached points are indicated with orange
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(a) (b) (c) (d)

Figure 5.11 – Four different defects and their results from the error detection algorithms. (a) A
connection break caused by a plastic string over the conductive trace. (b) A short circuit from an
unintended printed line. (c) A connection break due to missing material. (d) A short circuit from a
shifted conductive trace. The top row shows the original images and the bottom row the segmentation
with detected errors. Connection breaks are marked in red, shorts in yellow, and unreached points
with orange circles.

circles. In the image, three unreached points are detected. The first is at the end of a line where
the deposited material does not reach the intended endpoint, most likely due to limited motion
system precision combined with the material’s surface tension. The other two unreached points
are expected, as the material is not at its intended positions because the wire was artificially
shifted in the image.

The layer documentation images are taken with the first-generation Raspberry Pi Camera
as described in Section 3.1.3. Taking images of the whole layer with this camera adds about
10% extra time to the print time of that layer. The print time of a layer is further increased
when conductive wires are printed, since the syringe-based extrusion process is comparatively
slow. Segmenting each layer image with the trained neural network, and error detection on the
segmented images requires less than 1 second. Thus, while the image documentation process
noticeably increases the overall print time, the segmentation and error detection steps themselves
have a negligible impact.

Overall, the error detection performed well: all presented errors were correctly detected.
The algorithm remains robust across different wire geometries and substrates because it relies
solely on the segmentation mask and the G-code describing the printed wires.
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5.5.4 Repairing Errors

To evaluate the repair path generation and the overall repair process, a series of experiments was
performed on the 5-axis printer of our project partner within the ZIM-KamEl project. Accord-
ingly, the images used in these experiments resemble those in the 5-axis dataset. The objective
of these experiments is to demonstrate that the repair path generation can produce suitable repair
toolpaths for connection breaks in printed wires.

The objects were created by generating multiple toolpaths in the Motion3D CAD/CAM soft-
ware. The software’s documentation feature was activated to produce image recording positions
along the toolpaths. Using these positions, the machine captures images of the printed wires
after each wire is deposited. These images are then segmented by the trained neural network,
and the error detection algorithm is applied to the resulting segmentations.

The wires were produced on the Neotech PJ15X printer with a piezoelectric extruder. Con-
nection breaks were created by deliberately switching off the piezoelectric extruder during print-
ing, simulating realistic process faults. This procedure emulates real-world errors that may arise
during the printing process. To evaluate robustness of the repair path generation algorithm,
breaks were inserted at diverse positions along the wire paths: straight sections, corners, curved
segments, and at both start and end points. Their lengths were varied to assess performance on
small as well as large defects, ensuring coverage of different geometrical and positional varia-
tions. Experiments were conducted on three substrate types (Polyvinyl Chloride (PVC) sheets,
white FFF-printed PETG, and black FFF-printed PETG) to confirm consistent behavior across
materials and surface textures.

Figure 5.12 presents three representative connection breaks (a subset of all tested connec-
tion breaks) together with the corresponding generated repair paths and the resulting repaired
wires after executing those paths. The first row shows a break at a corner, demonstrating that the
algorithm correctly processes corners. The second row shows a break along a curved section,
confirming that curved wires are also supported. The third row shows a larger break spanning
multiple images, testing the algorithm’s ability to handle more extensive defects across several
images. For visualization purposes the images are stitched together, while the algorithm itself
only combines the generated repair paths from the separate images. Repair path generation
proved effective in all tested scenarios, producing appropriate repair paths for every connection
break. Missing material is accurately identified, and sufficient overlap is included to ensure re-
liable connections. The generated repair G-codes were executed without modification, resulting
in repaired wires that appear as intended. In most cases it is difficult to discern that these wires
were repaired at all.

However, the experiments also revealed several limitations of the current approach. Because
the camera’s field of view is very small, image recording consumes considerable time during
printing and must be improved for greater efficiency. In practice, the image acquisition often
took longer than the preceding wire deposition, substantially increasing the overall print time.
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(a) (b) (c)

Figure 5.12 – Three different connection breaks repaired with the proposed method. (a) Images cap-
tured during printing. (b) Segmentation results with the generated repair toolpaths. (c) Photographs
of the conductive wires after repair.

Another issue was that the PiezoJet dispenser occasionally clogged while printing the repair
paths, leaving the connection break unresolved. Clearing the clog always required manual in-
tervention, which is not ideal for an automated workflow. To achieve consistent and reliable
repairs, the dispenser’s resistance to clogging needs to be improved. Furthermore, since execu-
tion of the repair path is currently started manually by the user and no additional image recording
step follows it, unrepaired connection breaks remain undetected. At present, it is therefore not
guaranteed that the repair was successful.

Lastly, the current implementation of the error detection and the repair path generation is
limited to planar circuits aligned with the machine’s main axes (XY -plane, XZ-plane, and
Y Z-plane). To correct circuits printed on freeform surfaces, a mapping from machine coordi-
nates to image coordinates and back to machine coordinates must be implemented to support
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all five printer axes. This would allow the algorithm to handle more complex geometries and
orientations, making it truly applicable to 5-axis printed objects.

5.6 Conclusion

This chapter introduced a novel method to segment printed wires in images, detect defects
in printed circuits, and generate repair toolpaths for connection breaks. Multiple neural net-
work architectures were assessed for the wire segmentation task (U-Net, U-Net++, DenseNet,
DeepLabV3+). Among these, U-Net and U-Net++ delivered the best segmentation accuracy on
both datasets. The resulting segmentation works reliably on both monochrome and color im-
ages, making it applicable across different substrates and printing processes. Compared to the
earlier SVM-based method, the neural network approach is more robust and produces far fewer
false-positives. A tendency toward overfitting is still observable, and expanding the training set
with more diverse substrates and circuit geometries is expected to further improve stability and
overall segmentation performance.

The error detection algorithm presented here reliably identifies connection breaks, shorts,
and unreached points in printed wires. It also estimates the width of the printed wires, which
is important for high-frequency or high-current applications. Because it relies solely on the
segmentation mask and the G-code of the printed wires, it is robust with respect to different
wire geometries and substrates. The entire error detection process is fully automatic and does
not require user input or supervision. By comparing the intended G-code toolpaths with the
actually printed wires, the system reports all detected errors. Additionally, all data is archived
for high-resolution documentation, which is essential for quality assurance in printed electronics.

The presented repair path generation algorithm produces appropriate repair paths for con-
nection breaks in printed wires. It locates the damaged segment in the G-code and derives a new
toolpath to reprint themissingmaterial, ensuring that the repairedwire properly reconnects to the
existing circuit. This capability increases the robustness of 3D printed electronics by enabling
in situ correction of connection breaks. At present, the repair workflow is semi-automatic and
still requires user interaction to initiate the individual steps. Nevertheless, it can be integrated
directly into the printing workflow to operate fully automatically, forming a closed-loop error
correction system in which the machine detects and repairs errors without user intervention. Be-
cause several subsystems across the printing process are involved and have been adapted for this
method, the current implementation is limited to the two setups described in Chapter 3. How-
ever, the general approach is applicable to any 3D printing system that can capture images of the
printed wires and uses a G-code-based path planning system.

In conclusion, in situ error detection and correction substantially increases the reliability of
3D printed electronics and enhances their suitability for industrial applications. The capability to
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repair defects during fabrication lowers waste, improves yield, and ensures that the final printed
circuits function as intended.

5.6.1 Future Work
For future work, several improvements and extensions to the current approach are possible. Be-
cause the current image recording process is still quite slow, especially on the 5-axis printer, it is
necessary to improve it. This could be achieved by using a faster camera, enlarging the camera’s
field of view, or adopting a different image recording method.

Segmentation performance can be improved by expanding the training dataset with a wider
variety of substrates and circuit geometries. Greater diversity would increase robustness and re-
liability, especially on previously unseen structures. Additional improvements may be achieved
by adopting more advanced architectures or by further fine-tuning the existing ones.

Currently, the error detection process does not take into account component placement or the
connections between components and wires, although these are essential aspects of printed elec-
tronics. Inter-layer interconnects are likewise not evaluated in the current approach. Integrating
component placement and interconnect verification into the error detection process would fur-
ther enhance the reliability of printed electronics and help ensure that all functional requirements
are met.

The dataset already contains images with arbitrary orientations, and segmentation works
on these images. However, extending error detection to complex 5-axis printed objects would
be beneficial. At present, the error detection essentially works only for mostly planar circuits
aligned with the main axes of the machine. In the future, it would be beneficial to implement
the mapping from machine coordinates to image coordinates and back again, thereby supporting
real 5-axis printed objects.

At present, the repair process is limited to reprinting missing material to close connection
breaks. Extending the system to handle additional error types, including those currently only
detected or not yet detected, would be beneficial. Future work should therefore investigate meth-
ods tailored to these unresolved defect categories, as they cannot be repaired with the existing
approach. For shorts, research should focus on subtractive techniques to remove unintended
conductive material and thus enable the repair of short circuits in printed electronics.

The current repair workflow remains semi-automatic and still requires the user to trigger
each step individually. To achieve a fully automatic repair process, the repair path generation
and its execution must be directly integrated into the printing workflow. A closed-loop error
correction systemwould then allow themachine to automatically detect and repair errors without
user intervention, significantly improving the reliability of printed electronics and making them
more robust against errors.
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Chapter 6

Layer Segmentation and Object
Reconstruction

FFF printed 3D objects are produced by executing pre-calculated motion commands that move
the printhead to defined coordinates while extruding material. However, these commands are
executed by the printer in open-loop control-essentially blind-with only minimal feedback avail-
able to the printer’s control board. Modern printers can sense whether the nozzle temperature is
correct or whether a stepper motor skipped a step and failed to reach its intended position. How-
ever, this provides no direct information about the object being printed. As a result, substantial
discrepancies between the intended design and the actually printed object can go unnoticed dur-
ing printing. The internal structure of the object remains unknown and may contain hidden
defects like under-/over-extrusion, or a temporarily clogged nozzle. These errors significantly
weaken the part along the Z axis, which is already the weakest direction in printed parts [124].
This poses a major challenge in 3D printing, especially for safety-critical parts in aerospace or
medical applications. Currently, inspection in FFF printing typically relies on visually check-
ing the outer perimeter, monitoring the extrusion system, or using slow or low-resolution layer
scanning methods. High-resolution inspection of internal structures can only be performed with
expensive Computed Tomography (CT) scans [125] or destructive testing. If the actually printed
structure could be captured, it would enable creation of a digital twin of the printed object. This
digital twin can be be used for quality assurance, geometric accuracy assessment, for stress anal-
ysis, and as a basis for certification of safety-critical parts.

This chapter presents a novel method to create this digital twin of the actually printed object
without requiring expensive hardware. It captures images of every printed layer and segments
them with a neural network to identify the regions deposited in each layer. After that, the se-
quence of segmented layers is reconstructed to form a 3D model of the printed object. This
reconstructed model functions as a digital twin of the physical print. In future work, this digital
twin can be compared with the intended CAD model to identify discrepancies and defects in the
printed object. Figure 6.1 illustrates the overall reconstruction process.
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Figure 6.1 – Overview of the reconstruction process. Images of each printed layer are captured
during printing. A neural network segments the images to identify the deposited regions in each
layer. Finally, the segmented layers are stacked to reconstruct a 3D model of the printed object,
which serves as its digital twin.

This chapter is based on the submitted publication (currently under review):

• Daniel Ahlers, Niklas Fiedler, Florens Wasserfall, and Jianwei Zhang. “Camera Based In
Situ Layer Segmentation andObject Reconstruction for Digital Twins in FFF 3DPrinting”.
Submitted to: Journal of Intelligent Manufacturing, 2025 [21]

6.1 State of the Art
Errors and defects can arise in 3D printing due to the layer-by-layer process and the geometric
complexity of the parts. These errors may be caused by material properties, machine parame-
ters, or environmental conditions. To ensure the quality and reliability of printed objects, it is
essential to detect them. The earlier an error is detected, the easier it is to correct or to stop the
printing process and avoid further defects. In additivemanufacturing, error detection is challeng-
ing because of the sequential nature of deposition and the complex geometries involved. The
main challenges include limited understanding of the materials used, insufficient standards for
mechanical and non-destructive testing, and difficulties in defect characterization and detection
in geometrically complex parts [126]. To address these issues, various approaches have been
proposed that try to detect issues during printing, stabilize the process, and make printed parts
more reliable.

One issue that can arise during printing is an offset in the mechanical positioning of the
printhead. Such offsets cause misalignments between successive layers and can produce defects
in the final object. Jeong et al. [127] presented a method that tracks the printhead motion with
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Figure 6.2 – Camera based nozzle flow monitoring: (a) The controller adjusts the nozzle flow. (b)
Initial under-extrusion is detected by the camera. (c)The surfacewith optimal flow after the controller
adjusted the flow rate. [131]

a camera and compares it to the commanded G-code path. By reconstructing the printed model
and comparing it to a laser-scanned reference, they were able to detect and correct printhead mo-
tion offsets. Another approach to improve path accuracy uses a low-cost closed-loop controller
that measures the actual printhead position with a linear magnetic encoder [128]. Additionally,
some printers integrate closed-loop kinematic control to compensate positioning errors in real
time [W24, W25], or monitor stepper motor feedback to identify skipped steps [W9, W10]. All
these methods aim to prevent or detect errors introduced by the mechanical positioning system
of the printer.

Another frequent source of issues in 3D printing is over- or under-extrusion, and material
clogging in the printer’s deposition system. To detect these faults, several methods have been
proposed. Kim et al. [129] monitor the supply current that drives the material feed to identify
defects such as nozzle clogging and thermal substrate deformation without placing a sensor
near the high-temperature nozzle. Tlegenov et al. [130] introduced a technique to detect nozzle
clogging in FFF 3D printing using a vibration sensor that measures real-time slipping of the
filament in the extruder.

Another approach is to use cameras to monitor the printing process. The extrusion at the
nozzle can be observed with a camera placed nearby to detect whether material is flowing as
intended [132, 133]. Jin et al. [134] placed a camera close to the nozzle, extracted real-time
images, and used a convolutional neural network to identify over- and under-extrusion. Liu et
al. [131, 135] proposed a Proportional-Integral-Derivative (PID)-controller to close the control
loop and correct extrusion during printing. As shown in Figure 6.2, the camera captures images
of the extruded layer, which are then processed to correct the nozzle flow rate in real time. Brion
et al. [136] combined these ideas and developed a generalizable 3D printing error detection and
correction system using amulti-head neural network. The system enables real-time detection and
rapid correction of errors such as flow rate errors, lateral speed errors, Z offset errors, and hotend
temperature errors. When mounted from the side, the camera view of the extruded contours can
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be analyzed to detect missing layers or failed overhangs [137]. In Electron BeamMelting (EBM)
processes, the melt pool can be monitored with a combination of camera and sensors to make
real-time adjustments that ensure consistent geometries and mechanical properties [W26].

Because the material is melted before extrusion in most printing processes, its temperature
can be monitored to detect extrusion errors. Thermal imaging has been used to detect freshly
deposited material and compare it with the G-code [138]. It has also been applied to identify
excess material or large voids in the printed object [139]. In metal 3D printing, the melt pool
temperature can be monitored to detect deposition errors [W27, W28]. Melt pool temperature
measurements can also be used to control laser power and optimize the deposition process [140].
But thermal cameras either have a very low resolution or are very expensive, making them im-
practical for many applications.

Monitoring the motion and extrusion system can detect some errors, but it does not identify
geometric defects in the printed layer. To locate such irregularities, an image of the entire layer
can be captured after it is printed [141, 142]. This approach, however, does not account for the
fact that the previous layer may still be visible in the image. To address this, a mask generated
from the G-code can be applied to separate printed from non-printed regions [143]. This as-
sumes, though, that the mask matches the actual printed layer precisely, which is usually not
the case. Petsiuk et al. [144] proposed a method that uses a Gaussian Mixture Model to cluster
regions of similar texture in the image. These regions are then analyzed with an Agglomerative
Hierarchical Clustering Analysis (AHCA) to detect anomalies in the printed layer. They demon-
strated that this method can detect holes in the perimeter and blobs in the infill of the printed
object. The resolution of their setup is relatively low at 175 µm per pixel. Bowoto et al. [145]
compared the image of the printed layer with a theoretical image generated from the G-code
using image subtraction to highlight differences in the printed layer.

Most camera-based approaches lack depth information of the printed layer. However, this
depth information is very useful for identifying the actually deposited geometry and its height at
specific points. To obtain depth data, a point-based laser scanner can be used to scan the printed
layer [147]. While the in-plane (layer) resolution depends on the number of sampled points, the
achievable height resolution is about 10 µm. A faster alternative is to employ a line scanner to
capture the layer [148]. The scanned layer can then be compared to the theoretical layer derived
from the CAD model using a convolutional neural network to detect over- and underfill [149].
Another method projects a line onto the printed layer and observes it with a camera to generate
a depth image of that layer [150, 151]. This depth image can be converted into a point cloud and
compared with a theoretical point cloud generated from the G-code [152]. Such point clouds can
also be produced using structured light with a camera mounted above the build area [153, 154].
The resolution of these setups is around 100 µm per pixel. Using a telecentric lens together with
a structured light projector improves the resolution to 15 µm per pixel [155]. Singh et al. [146]
integrated a custom line scanner into a 6DOF arm to scan the printed layer and actively correct
errors during printing. Their system can detect and repair both positive and negative defects in
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Figure 6.3 – The line scanner based layer segmentation system. The UR5 robot arm moves the line
scanner over the printed layer to capture it. The captured layer is then segmented and compared to
the theoretical layer to identify defects. Finally the defects can be repaired. [146]

the printed layer while avoiding regions with obstacles. The resolution of this setup is about
270 µm per pixel. To achieve the required accuracy for the deposition as well as the scanning,
they scaled the whole system (nozzle diameter, line width, and layer height) by a factor of 10
compared to standard 3D printers. Figure 6.3 shows their system based on a UR5 robot arm.

In other 3D printing processes besides FFF, layer detection can be simpler, because in some
systems only the most recently produced layer is exposed while the previous regions remain
covered by powder or resin. Caltanissetta et al. [156] used a camera in Laser Powder Bed Fusion
(LPBF) to capture the printed layer and compared its contour with the theoretical layer derived
from the CADmodel. The inkbit system [W29] similarly scans the printed layer after deposition
with a camera to generate a topographical map of that layer. This map is then used to adjust the
subsequent layer to achieve an accurate object.

While the previous approaches concentrate on detecting errors within individual printed lay-
ers, other methods target defects in the finished object as a whole. Side-view images can be
classified to determine whether a print is failing or successful [157], or to detect issues such as
stringing [158]. Similarly, the Obico system [W30] applies machine learning to side-mounted
camera streams to identify problems like layer shifts, tangled webs of plastic (spaghetti), and
other common defects during printing. A fundamental limitation of a single side camera is that
only the regions visible from that viewpoint can be analyzed. To address this, multi-view setups
with two cameras [159], five cameras [160], or even a rotating camera [161] are employed to
obtain more complete coverage of the object. These multi-camera (or multi-view) systems com-
pare captured images with synthetically generated renderings from the CAD model at matching
viewpoints. The differences are then analyzed using convolutional neural networks to detect
discrepancies. Because all these whole-object monitoring strategies remain restricted to visible
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surfaces, Orth et al. [162] introduced an approach that uses scattered light in translucent objects
to reconstruct a volumetric 3Dmodel, including interior structures that are not externally visible.

With all these detection approaches, the central question is how to utilize the gathered in-
formation. One approach is to feed the sensor data into a neural network to predict the strength
of the printed part [157]. After defects are detected, their impact can be assessed with a con-
volutional neural network together with a support vector machine [163]. This enables either
cancelling a print mid-process when defects are critical or continuing it if the detected defects
are not impactful.

Several challenges in existing methods remain and must be addressed in future research.
Approaches that focus on monitoring the extrusion system cannot detect geometric errors in
the deposited layer. Current techniques for observing printed layers often either fail to clearly
distinguish the newly printed layer from the previous one, or they rely on masks for segmentation
whose accuracy is limited. Some solutions depend on costly hardware, such as laser scanners or
structured light projectors with cameras. In many cases, the achievable resolution is insufficient
to identify small defects in the printed layer. Methods that analyze the entire object from the
outside are unable to detect internal defects hidden within the part. As of today, there is no
existingmethod that can reconstruct the entire object with a high resolution, including its internal
structures, using affordable hardware.

6.2 Data Recording
The objective of this work is to detect errors in printed structures using images captured dur-
ing the printing process. So, the first task is to capture the data needed for that detection. This
data must be acquired during the printing process to enable identification of defects inside the
object that would otherwise remain hidden after completion. Only errors detected while the cor-
responding layer is being printed can be corrected. Internal defects discovered later cannot be
repaired without damaging or destroying the part. Initial experiments were performed with the
Raspberry Pi Camera, but the image quality proved insufficient for the segmentation task. Sub-
sequently, the Raspberry Pi HQ Camera with a standard lens was tested. However, noticeable
optical distortions in these images made accurate layer segmentation difficult. Ultimately, the
Raspberry Pi HQ Camera combined with a telecentric lens was used, providing highly accu-
rate, dimensionally reliable images. In parallel, a depth camera was employed to record depth
information for the printed layers. All cameras and the hardware setup are described in detail in
Chapter 3.

6.2.1 Image Acquisition
The layer images are captured with a camera mounted as a separate tool in the E3D Toolchanger.
After each layer is completed, the OctoCameraDocumentation plugin [W19] records the images,
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similar to the procedure described in Section 5.2. To use all features of the Raspberry Pi HQ
Camera, MJPGStreamer was replaced by a custom image server that can preprocess the images
before sending them to the OctoPrint server. To keep lighting constant throughout a print, the
window blinds remain closed and the room light stays on for the entire duration. The grid calcu-
lation for image positions was modified so that every layer is photographed at exactly the same
coordinates. This is achieved by determining the combined minimum and maximum X and Y

extents over all layers and generating a single grid layout that is used for every layer in the print.
This uniform grid allows images of one layer to be directly aligned with images of other layers.
The drawback is that empty regions in layers are also captured, leading to an increased number of
images taken and longer print times. Additionally, the OctoCameraDocumentation plugin was
modified so that at each grid position it captures multiple images with different lighting patterns
to enable photometric stereo and compare different lighting conditions for the segmentation task.
In total, 6 images are taken at every grid position with the following light patterns:

1. All LEDs on (25% brightness) (referred as all_led)

2. Light from top

3. Light from left

4. Light from right

5. Light from bottom

(referred as four_directions)

6. Red, green, and blue light from 120°angle (referred as rgb_led)

The images are stored using the filename pattern Layer_<layer>_Tile_< tile >_<light>.png in a
folder specific to the print job. Because the tiles are derived from the object’s size and the camera
field of view, the total number of tiles strongly depends on the object dimensions. The frequent
switching between the camera and the printhead significantly increases the overall printing time.

6.2.2 Depth Sensing
The Intel RealSense D405 depth camera, described in Section 3.1.3, was used to capture depth
information of the printed layers. Images were acquired with the same OctoCameraDocumenta-
tion plugin version used for the telecentric camera. A dedicated image acquisition server based
on the pyrealsense2 library was implemented to retrieve the depth frames. Since the depth cam-
era’s field of view is larger than the printed objects, exactly one depth image was recorded for
each layer. This removed the need for tiled captures and therefore significantly sped up the print-
ing process compared to the RGB image acquisition. The raw depth images contained substantial
noise and many invalid (hole) regions. These artifacts were mitigated using the postprocessing
functions provided by pyrealsense2 library . The processing pipeline first applies a temporal
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filter initialized (prefilled) with four frames of the object. This temporal filter uses parameters
α = 0.3, δ = 15, and accepts a pixel only if it is valid in at least two of the four frames. After
temporal filtering, a hole-filling filter is applied, inserting values from neighboring pixels closest
to the sensor. A subsequent threshold filter retains only depth values within the 5-15 cm range.
The filtered depth image is then scaled by a factor of 10 to better utilize the 8-bit dynamic range
of a PNG image. The resulting PNG is stored as the layer’s depth image in a folder specific to
the corresponding print job. Because of its large field of view, the depth camera delivers an
in-plane resolution of only 128 µm per pixel, which is insufficient to detect small defects in the
printed layer. Although the depth (Z) resolution is specified as 100 µm, the actual measurements
frequently deviate by more than 1,000 µm.

6.2.3 Photometric Stereo
Another approach to obtain depth-related information is to apply photometric stereo to the RGB
images captured under different lighting conditions. Photometric stereo, introduced by Wood-
ham in 1980 [164], uses multiple images of the same object illuminated from varying directions
to estimate the surface normals. It assumes a Lambertian surface[165], meaning the surface re-
flects light uniformly in all directions, so the observed intensity depends on the angle between
the light source direction and the surface normal. With a point light source, the measured in-
tensity is proportional to the cosine of this angle. Using at least three images with distinct light
source directions allows recovery of the surface normals. Using more than three light sources
improves robustness and accuracy even further. The algorithm works as follows:

1. Capture multiple images of the same object under different lighting directions.

2. For each pixel, measure the intensity values from the images.

3. Formulate the intensity values as a linear system: I = L · n, where:

• I: vector of known intensities for a pixel.

• L: matrix of light source directions 3×m where m is number of light sources.

• n: surface normal vector.

4. Solve for n: n = (LTL)−1LT I .

5. Normalize n to obtain unit surface normals.

The same computation is applied independently to every pixel, producing a surface normal map
in which each pixel encodes the local surface normal. From this normal map, per-pixel gradi-
ents can be derived and then numerically integrated to reconstruct a heightmap. The resulting
heightmap exposes fine surface features and supplies depth information (relative height varia-
tions) without the need for a dedicated depth sensor.

100



6.2. DATA RECORDING

(a) (b)

Figure 6.4 – Stitched normalmap (a) and heightmap (b) of a printed layer generated with photo-
metric stereo from four images taken with directional lighting. The normalmap shows the surface
orientation encoded into the color channels of the image, while the heightmap shows the calculated
height variations of the surface.

In reality, surfaces are not perfect Lambertian reflectors, and the light sources are not true
point sources. In this setup, the short distance between the light sources and the object causes
noticeable non-uniform light intensity across the scene. Moreover, the effective illumination
angle varies across the field of view. Between the left and right image borders it differs by roughly
17°. These effects lead to incorrectly estimated surface normals that appear bent, similar to a
fish-eye distortion of a camera lens. To mitigate this, a light correction factor is applied to the
entire image. It is obtained by capturing multiple images of a white reference surface illuminated
from each of the four directions. Each image is smoothed with a Gaussian filter, and a per-source
light intensity map is computed. This intensity map is inverted and used as a correction factor for
the corresponding source image that is added to each image. To account for the angular variation,
the L matrix is then computed per pixel, incorporating the local angle between the light source
direction and the surface normal at that pixel. Together, these two corrections produce more
accurate surface normal estimates and a noticeably less warped normal map. Figure 6.4 shows
an example of a stitched normal map and the corresponding heightmap generated from four
images taken with directional lighting.

6.2.4 Dataset generation

To train a neural network that can segment layers in printed objects, a dataset with labeled im-
ages is required. The ground truth for all datasets is generated by reading the G-code files used to
print the objects and generating a mask for each layer. These masks are created by transforming
the printer’s coordinates into image coordinates using the known camera field of view and pixel
size. Currently, the line width must be fixed for the entire print because the ground truth gener-
ation cannot handle varying line widths. The generated mask matches the printed layer almost
perfectly, though small deviations remain especially at the corners of the printed paths. Since
the mask quality is sufficient for neural network training and there is too much data to correct
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(a) (b)

Figure 6.5 – A full layer image (a) and the ground truth mask (b) generated from G-code overlayed
with the image of the actual printed object. The mask matches the printed layer almost perfectly, but
there are some small deviations especially at the corners.

manually, these minor deviations are not adjusted. Figure 6.5 shows an example of a generated
mask overlaid on the image of the printed layer.

The first dataset was generated using the Raspberry Pi HQ camera together with the standard
Basler lens (second camera generation). It includes ten different objects printed in six different
colors. To ensure sufficient variability, the selected objects differ in geometry and size. All
were printed with a 0.4mm nozzle, a 0.3mm layer height, and a 0.4mm line width. No support
structures were used so that the printed layers remained comparatively simple. The image ac-
quisition grid was recalculated for every layer, so the tile positions did not align across layers.
This is important because the network architectures described later require consistent inter-layer
alignment, which this dataset does not provide. In total, 9,445 regions were recorded, each
with four images per layer using four_directions lighting, resulting in 37,780 images. Even after
distortion correction, the ground truth masks did not align precisely enough with the printed
layers to achieve good segmentation performance. Additionally, further experiments required
more lighting variants to extract more information from the printed layers. Also the first dataset
suffered from inconsistent tile positions across layers. So a new dataset was recorded with the
telecentric lens and additional lighting patterns.

The second dataset was captured using the telecentric lens and contained six different objects
printed in three different colors. For this dataset, the layer tile positions were kept aligned across
layers to enable experiments with multiple layer inputs. In total, 7,060 regions were recorded,
each with five images per layer using all_led and four_directions light. This resulted in 35,300
images. Additionally, for each layer a normal map and a heightmap were generated with the
photometric stereo approach described above.

The final dataset was generated in the same manner, but with more objects and a broader
range of colors. A total of eleven different objects were printed in eleven different colors. Three
different infill patterns were used. Altogether, 7,972 regions were recorded, each with six images
per layer using the all_led, four_directions, and rgb_led lighting. This resulted in 47,832 images.
In the initial tests, images from the previous dataset were temporarily included to increase the
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Table 6.1 – Overview of the models name, the color used for printing, the infill pattern used, the
number of layers printed, the grid size used for the image acquisition, the print time and the estimated
time for printing without image acquisition. The final dataset is generated from these printed objects.

Model Color Infill Layers Grid Print Time Est Time

3DBenchy [W31] brown Gyroid 160 3 × 2 437 min 93 min
Beer crate [W32] grey no infill 173 3 × 3 741 min 206 min
Cookies cutter [W33] blue no infill 27 4 × 3 152 min 36 min
Motor plate [W34] dark green Cubic 39 2 × 3 140 min 59 min
Gear bearing [W35] gold Grid 50 3 × 3 273 min 118 min
Hex-Scraper [W36] light blue no infill 16 2 × 6 127 min 65 min
Octopus [W37] red Gyroid 89 4 × 4 465 min 117 min
Easter egg [W38] white Grid 213 2 × 2 431 min 85 min
Measuring-Tool [W39] black Cubic 35 3 × 3 206 min 102 min
Spiral-Planter [W40] yellow no infill 160 3 × 3 630 min 173 min
Whistle [W41] green Cubic 74 2 × 8 314 min 110 min

dataset size. They were later removed to keep the results comparable, since the earlier data did
not contain rgb_led images. Table 6.1 and Figure A.3 in the appendix show an overview of the
datasets used for training the neural networks.

The raw images have a resolution of 4056 × 3040 pixels with a pixel size of 6 µm, which is far
higher than required for the segmentation task and impractical for neural network training. To
reduce data volume, all images are uniformly downscaled to 2028 × 1520 pixels, giving a pixel
size of 12 µm (83.3̄ pixels per mm), which remains sufficient for segmentation. The downscaled
images are then divided into 512 × 512 pixel tiles with a minimal overlap of 5 pixels to ensure full
coverage. This scaling and tiling process is applied to all image types, including the normalmap
and heightmap. As some tiles do not contain any printed material, 99% of these empty tiles are
discarded to focus training on relevant regions. In total, this produces 68,809 tiles per image
type for the final dataset used to train the neural networks described in the next section.

6.3 Layer Segmentation
3D printed objects are built layer by layer, each layer deposited sequentially. Every layer is a
two-dimensional slice with a defined thickness. The complete object geometry can be recon-
structed from the collection of all layer outlines. Accurately identifying the material belonging
only to the current layer is difficult because parts of the previous layer are still visible in the cap-
tured images. These lines from the previous layer look very similar to the newly printed lines,
making it challenging to distinguish between them. Consequently, conventional image process-

103



CHAPTER 6. LAYER SEGMENTATION AND OBJECT RECONSTRUCTION

ing alone often fails to produce a clean separation. To overcome this, several strategies have
been investigated for segmenting printed layers. Their shared objective is to isolate the current
layer from the one beneath it to enable precise reconstruction. The explored methods comprise
depth sensing, photometric stereo, and neural network-based segmentation.

6.3.1 Depth Sensing
The first approach exploredwas using a depth-sensing camera to segment the printed layers. This
idea was motivated by researchers such as Singh et al. [146], who used a line scanner to scan
each printed layer and actively correct errors during large-scale printing. The plan was to capture
depth images of every layer and derive the segmentation from the depth information. However,
the selected depth camera could not deliver sufficiently reliable depth data. Its images exhibited
substantial noise and many invalid (hole) regions, which prevented accurate layer segmentation.
In addition, the spatial resolution was too low to identify small defects in the printed layer. At
present, there is no known affordable depth camera that offers the necessary combination of
resolution and accuracy for this task. Therefore, this approach was discontinued in favor of
further experiments with the RGB camera. Figure 6.6 shows a depth image of a printed layer in
which the object can only be vaguely recognized.

6.3.2 Photometric Depth Images
The second approach applied photometric stereo to derive per-pixel surface normals and a rel-
ative heightmap for each printed layer. The intention was to use this depth-related representa-
tion to separate the current layer from the one below. Although the resulting heightmap shows
prominent model edges and larger geometric transitions, its accuracy is insufficient for direct
layer segmentation. The apparent height variations within a single layer exceed the nominal
layer thickness especially when regions of the same layer are not connected (e.g., the hull and
the house of the 3DBenchy in Figure 6.5). Without a stable, layer height, a purely height-based
segmentation and therefore a reliable layer extraction is not feasible. However, the heightmap

Figure 6.6 – A depth image of the same area as in Figure 6.5 taken with the Intel RealSense D405.
While the printed layer is clearly visible on the RGB image, the depth image is very noisy, and the
object can only be vaguely recognized.
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together with the normalmap still encode shape and shading cues not present in a standard RGB
image and may therefore serve as additional inputs to a neural network to improve layer segmen-
tation.

6.3.3 Neural Network Segmentation

The third and final approach for segmenting the layers is to train a neural network to learn the
layer segmentation directly. Because a single image does not contain enough information (the
previous layer is still partly visible), the neural network requires additional context. The strategy
is to supply both the image of the current layer and the image of the previous layer so the model
can isolate the newly deposited material. To determine the best configuration, different neural
network architectures as well as different input variants were tested. The evaluated architectures
include U-Net [65], U-Net++ [66], and DenseNet [70]. Each network therefore has at least two
input images: one of the current layer and one of the previous layer. The different inputs with
the number of resulting input channels (in brackets) are:

• all_led (6): image of the layer with all LEDs on

• four_directions (24): four images of the layer with light from four directions

• normalmap (12): all_led with additional normalmaps

• heightmap (8): all_led with additional heightmaps

• rgb_led (6): image of the layer with red, green and blue light from 120°angle

All listed input variants are evaluated with every neural network architecture. The resulting
number of input channels therefore depends on the chosen variant and ranges from six up to 24
channels (see list above). The input of the neural networks always have a shape of 512 × 512, × n,
where n is the number of input channels depending on the selected input variant. All networks
use the ReLU activation function in every layer except the final layer, which uses a sigmoid
activation. The output is always a 512 × 512 single-channel image representing the binary seg-
mentation mask: background = 0, layer = 1. Training uses binary cross-entropy loss with the
Adam optimizer with learning rate 0.001. The validation set was created by randomly selecting
20%of the images from the dataset. No data augmentation is used because the dataset size is con-
sidered sufficient. Since the reference implementations support at most three input channels, all
architectures were reimplemented, following the original publications, with minor adjustments
in Keras[W42] and Tensorflow[166]. The architectures were configured to have a comparable
number of parameters to ensure a fair comparison.
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U-Net The U-Net architecture consists of 4 down- and 4 up-sampling layers, with 32 feature
maps in the first layer. Each down-sampling step doubles the number of feature maps, while
each up-sampling step halves them. At the bottleneck, 512 feature map are used with a size of
32 × 32. SpatialDropout2D with a rate of 0.2 is applied in the decoder and at the bottleneck,
while no dropout is used in the encoder. In this configuration, the model has a total of 7,761,537
trainable parameters.

U-Net++ The U-Net++ architecture likewise consists of 4 down- and 4 up-sampling layers,
starting also with 32 feature maps. This also leads to a bottleneck of 512 32 × 32 feature maps.
SpatialDropout2D with a rate of 0.2 is applied in the decoder and at the bottleneck, while no
dropout is used in the encoder or on the nested skip connections. In this configuration, the model
has a total of 9,043,617 trainable parameters.

DenseNet The DenseNet architecture has also 4 down- and 4 up-sampling layers, with 24
feature maps in every convolutional layer. The number of convolutions per dense block is 3
for the first block, and 4, 5, and 7 for the subsequent lower-level blocks in both encoder and
decoder. The bottleneck has a spatial size of 32 × 32 with 10 convolutions and up to 720 feature
maps. SpatialDropout2D with a rate of 0.2 is applied in the decoder and at the bottleneck, with
no dropout in the encoder. Overall, DenseNet comprises 6,177,697 trainable parameters and
45,984 non-trainable parameters.

6.4 Object Reconstruction
After successfully segmenting the printed layers in the previous step, the next task is to recon-
struct the object from this data to create a digital twin. The first step is to reconstruct each layer
from the taken images by processing them with the trained neural network to generate a binary
mask of the printed layer. Because the segmentation accepts inputs of 512 × 512 pixels, the
images are split into tiles of this size with an overlap of 64 pixels. This overlap reduces edge
artifacts and inaccuracies near tile boundaries that arise from limited context and padding in
convolutional neural networks. The segmented tiles are then stitched together to produce a com-
plete segmented image of the layer. This layer mask is used both to analyze the layer for errors
and defects and to reconstruct the whole object as a digital twin of the printed part.

6.4.1 3D Reconstruction
As 3D-printed objects are built layer by layer, the reconstruction is performed in the same way by
stacking the segmented layers on top of one another. Because the segmentation provides only the
flat 2D layer footprint without any height information, the object is reconstructed by extruding
each segmented layer to a specified height. This height is not taken from sensor data but is set
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(a) (b) (c)

Figure 6.7 – 3D model reconstruction from segmented layers: (a) Stitched segmented layer mask
from the neural network, (b) extruded layer at the correct height, and (c) final 3D model composed
of all layers.

from the G-code used to print the object. In this setup, the reconstruction would be wrong if
there is any issue on the Z axis, such as skipped steps on the Z axis. Apart from the layer height,
no additional information from the print is needed to reconstruct the object. The reconstruction
process is implemented with a Python script that calls external tools to generate 3D bodies from
the segmented layer images and to combine them into one 3D model. The process is shown in
Figure 6.7 and the steps are as follows:

1. Stitch the segmented tiles to generate a full layer image.

2. Filter the layer image with morphological operations to remove small artifacts and noise.

3. Apply Gaussian blur to smooth the edges of the segmented layer.

4. Apply a threshold to obtain a clean binary mask.

5. Take the mask image and convert it to an SVG using Potrace [W43].

6. Generate OpenSCAD [W44] code to extrude the SVG to the specified layer height.

7. Translate the layer to the correct height and XY position based on the layer number.

8. Combine all layers into one OpenSCAD file.

The resulting STL file is typically very large because it retains an unnecessarily high resolution
of the object. To significantly reduce the file size, the STL is simplified using PrusaSlicer’s
integrated mesh simplification tool [W7]. Since this feature is not available via the command
line, the STL must be opened in the GUI and simplified manually. The resulting model is a
digital twin of the printed object that can be used for further analysis, such as measuring or
comparing it with the original model.
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6.5 Evaluation
To evaluate the proposed method for layer segmentation and object reconstruction, several as-
pects are examined. First, the additional time introduced by image acquisition during the printing
process is measured. Next, results from different neural network architectures and input types
are compared to identify the most effective approach for layer segmentation. To test generaliza-
tion, the trained neural networks are applied to multiple unseen prints. The ability to preserve
small details is evaluated by printing multiple copies of a small object with fine features. Finally,
the accuracy of the reconstructed object is assessed by comparing measurements taken from the
segmented model with those of the original object.

6.5.1 Image Acquisition Time

The images required for layer segmentation must be captured during printing. Otherwise, the
printed layers structure would be covered by the next layer. For this approach, the FFF printing
process is interrupted to switch to the camera tool. When a layer is finished, the printhead moves
to the park position and the camera tool is picked up. Then the print bed is lowered to provide
enough clearance for imaging. Next, the camera moves to the first acquisition position which
takes 9.76 seconds on average. The LEDs are then switched on and the first image is taken.
This takes on average 2.94 seconds for each image, including a safety delay to ensure that the
printer has actually reached the position and there are no vibrations from the movement, as well
as the actual image capture, the transfer over network, and saving to the disk of the controlling
Raspberry Pi. With six images captured for the dataset, this amounts to about 18 seconds. This
time decreases if fewer lighting patterns are used during acquisition. Moving the camera to the
next tile position takes, on average, 0.20 seconds. The number of tiles depends on the object
size. After all tiles are captured, the LEDs are switched off, the camera returns to the park
position, and the FFF tool is picked up again. Since the print bed was lowered, it is raised back
to the previous position. Because FFF printheads tend to ooze a small amount of material even
when the filament is retracted, the nozzle must be cleaned before printing resumes. To do so, the
extruder moves to the dumping and cleaning station, where the nozzle is primed and cleaned.
Overall, this step takes 15.11 seconds on average. For a layer with four tiles, the total additional
time for image acquisition is 97 seconds. This represents a significant increase in print time
compared to printing without image acquisition. Table 6.2 shows the print times of the dataset
objects with and without image acquisition and the corresponding percentage increase.

The per-layer print time strongly depends on the object’s shape and size, as well as the infill
density. In contrast, the documentation time per layer depends only on the number of image tiles
required to cover the object. Thus, for a given object the layer documentation time is fixed, while
the print time can vary significantly. This results in a particularly high relative time increase for
small objects with fine structures or for mostly hollow objects, such as the Easter egg. The only
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Table 6.2 – Print times of the dataset objects with and without image acquisition. No images is the
time that the print takes without image acquisition, while with images is the time that the print takes
with image acquisition. Time increase is the percentage of the time increase compared to the print
without image acquisition.

Model Layers Grid No images With images Time increase

3DBenchy [W31] 160 3 × 2 93min 437min 368%
Beer crate [W32] 173 3 × 3 206min 741min 260%
Cookies cutter [W33] 27 4 × 3 36min 152min 322%
Motor plate [W34] 37 2 × 3 59min 140min 137%
Gear bearing [W35] 50 3 × 3 118min 273min 131%
Hex-Scraper [W36] 16 2 × 6 65min 127min 95%
Octopus [W37] 89 4 × 4 117min 465min 297%
Easter egg [W38] 213 2 × 2 85min 431min 407%
Measuring-Tool [W39] 35 3 × 3 102min 206min 102%
Spiral-Planter [W40] 160 3 × 3 173min 630min 264%
Whistle [W41] 74 2 × 8 110min 314min 186%

Cube 100% filled 20 2 × 2 47min 82min 74%

object in the dataset where the actual printing still takes more time than the image acquisition is
the Hex-Scraper. To demonstrate the minimal time increase due to image acquisition, a small
box that covers exactly 2 × 2 tiles and is fully filled was printed. Even for this object, the print
with image acquisition still takes 74% longer than a print without.

In its current state, the image acquisition process is too slow for regular use. The recent trend
toward faster printers with higher speeds and shorter layer times further worsens this issue. There
are multiple approaches to reduce image acquisition time. Currently, six images are captured
for each layer to provide comprehensive data for neural network training. However, once the
best-performing neural network architecture and input type have been identified, only the images
required for that specific approach need to be acquired during actual use. This allows the number
of images per layer to be reduced, minimizing acquisition time. Since the current resolution of
6 µm per pixel is much higher than necessary for accurate segmentation, the camera’s field of
view could be increased to lower the resolution. This would reduce the number of image tiles
required to cover the object, significantly decreasing the total image acquisition time. The 2.94
seconds required to capture each image could also be reduced by implementing a faster image
acquisition process.

A fixed, high-resolution camera could also be mounted above the print bed to capture a
single image per layer. With this setup, a trade-off between field of view and image resolution
is required, since the camera cannot be moved during the print. However, layer documentation

109



CHAPTER 6. LAYER SEGMENTATION AND OBJECT RECONSTRUCTION

would take only a few seconds: the printhead just needs to be moved out of the field of view, and
printing can continue immediately after the image is taken similar to time lapse photography.

6.5.2 Neural Network Training
To identify the best-performing combination of neural network architecture and input type, the
models were trained on the generated dataset. Each architecture was trained on the same dataset
with five input types: all_led, four_directions, normalmap, heightmap, and rgb_led. Training
was run for 10 epochs with a batch size of 4, except for DenseNet, which used a batch size of 2
due to memory limitations. All trainings were performed on two NVIDIA RTX 2080 Ti GPUs
with 11GB of memory each together with an AMD Ryzen 9 3900X 12-core processor with 24
threads, and 128GB of RAM. The training results are listed in Table 6.3, showing the IoU scores
on both the training and validation sets . For each input type, the highest IoU score is highlighted
in bold. As the U-Net++ architecture generally performed best, the training and validation IoU
over epochs for this architecture is shown in Figure 6.8. The plots in the figure are averaged
over three training runs with different random seeds to account for variability in training. The
the training and validation IoU over epochs for all architecture and input type combinations are
plotted in Figure A.2 in the appendix for reference.

Across all input types, U-Net++ consistently achieves the highest IoU scores on the validation
set, with a best result of 0.937 using the rgb_led input. U-Net performs slightly worse overall
but remains close to U-Net++ for all_led, four_directions, and rgb_led. DenseNet generally
underperforms compared to the other two architectures, shows signs of overfitting, and trains
significantly slower while using more memory. Although the difference between U-Net and U-
Net++ is not large, U-Net++ is preferred for layer segmentation because of its consistently strong
results. However, because the ground truth used for evaluation is derived from the G-code and
does not show the physically printed layer, a mismatch can occur between the predicted layer and
the ground truth. If the network has learned to predict the actually printed layer more accurately

Table 6.3 – Validation results for layer segmentation: IoU scores for different neural network ar-
chitectures and input types, as well as the average training time per epoch. For each input type, the
highest IoU score is shown in bold. Values are reported for the best epoch of each architecture.

U-Net U-Net++ DenseNet
Input train (IoU) val (IoU) train (IoU) val (IoU) train (IoU) val (IoU)

all_led 0.911 0.922 0.917 0.927 0.954 0.680
four_directions 0.915 0.923 0.914 0.924 0.958 0.744
normalmap 0.789 0.811 0.916 0.926 0.957 0.778
heightmap 0.856 0.854 0.923 0.934 0.952 0.707
rgb_led 0.912 0.922 0.927 0.937 0.951 0.831
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Figure 6.8 – Training and validation IoU across epochs for the U-Net++ architecture with different
input types. The plots are averaged over three training runs with different random seeds. The plots
are cut at an IoU of 0.6 for better visibility.

than the G-code derived ground truth, the IoU values reported here may underestimate the true
segmentation performance and need to be interpreted with care. But currently there is no better
metric available to quantify segmentation performance.

So one possible improvement for both the training and evaluation process is to use more
precisely annotated ground truth masks. This could be achieved by using a depth sensor only for
dataset generation, while still relying only on the RGB camera for the actual segmentation. Over-
all, the experiments with different input types show that neural networks can segment images of
printed layers reliably. Including images captured under different lighting conditions and adding
depth-related inputs slightly improves the segmentation, but these gains are not significant.

6.5.3 Generalization and Robustness Tests

Because the validation set is randomly sampled from the same dataset used for training, it in-
cludes images of the same objects and all their colors as in the training set. So the validation
results do not indicate how well the trained networks generalize to unseen objects and colors.
To evaluate this, a resilience test was carried out where three objects not present in the training
dataset were printed.
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The objects used for this test are as follows: First, a low-poly squirrel was printed in yellow
PLA. Although yellow is present in the training dataset, this specific squirrel model was not
included during training. Second, the same squirrel model was printed again, this time using
orange PLA, a color that does not appear in the dataset. Third, a 3DBenchy was printed in
translucent natural PLA. Figure 6.9 shows the printed objects and their segmentation results.
Although the 3DBenchy model is part of the dataset, this particular color is not. The translucent
PLA gives the object a distinctly different appearance, with the previous layer visibly shining
through the current layer due to its transparency. Since there are no translucent filaments in
the training dataset, this test is particularly challenging. All three neural network architectures
(U-Net, U-Net++, and DenseNet) were tested with all five input types (all_led, four_directions,
normalmap, heightmap, and rgb_led). The results are listed in Table 6.4. The IoU scores are
calculated by comparing the segmentation results with ground truth masks generated from the
G-code. For each object and input type, the best IoU score is highlighted in bold.

The segmentation performance on unseen objects is slightly lower than on the validation
dataset, yet remains good overall. In this test, the U-Net++ architecture again provides the best

(a) (b) (c)

Figure 6.9 – The tree objects used for the generalization and robustness tests: (a) low poly squir-
rel [W45] printed in yellow PLA, (b) the same squirrel model printed in orange PLA, and (c) a
3DBenchy [W31] printed in translucent natural PLA. The bottom row shows the segmentation re-
sults from the U-Net++ architecture with rgb_led input type.
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Table 6.4 – Test results for generalization and robustness evaluation: IoU scores for different neural
network architectures and input types on unseen objects. The highest IoU score for each object and
input is shown in bold.

Object Architecture all_led four_directions normalmap heightmap rgb_led

Squirrel [W45]
yellow

U-Net 0.817 0.735 0.760 0.784 0.686
U-Net++ 0.816 0.836 0.692 0.838 0.832
DenseNet 0.541 0.397 0.676 0.633 0.670

Squirrel [W45]
orange

U-Net 0.793 0.736 0.535 0.651 0.532
U-Net++ 0.816 0.821 0.713 0.839 0.831
DenseNet 0.738 0.750 0.749 0.756 0.732

3DBenchy [W31]
trans. natural

U-Net 0.779 0.669 0.698 0.654 0.525
U-Net++ 0.802 0.804 0.705 0.825 0.823
DenseNet 0.571 0.684 0.611 0.601 0.809

results, especially with the heightmap input type. The rgb_led input type also performs well.
But from a practical standpoint, the most favorable choices are rgb_led or all_led, since the other
inputs require capturing four additional images. So rgb_led delivers the best balance between
segmentation performance and acquisition time and is therefore used for further evaluations.

The first layer of the clear Benchy is segmented noticeably worse, because the translucent
filament lets the build plate color shine through, reducing contrast. While printing one squirrel
ear, the nozzle partially clogged, recovered, and then clogged again after a few layers, leaving
a visible gap and a missing tip (see Figure 6.9). This may be caused by frequent retractions
and the small print area of the ears. The network correctly identifies and segments the regions
with missing material, even though such defects were not present in the training data. Also, the
seam line is clearly visible in the segmentation results of all objects. The seam line occurs in
the training data, but it is not marked by the ground truth masks. These findings indicate that
the network has learned to segment the actually printed material rather than just reproducing the
G-code geometry. Segmenting regions that are not in the ground truth masks results in a lower
IoU score, even though the segmentation is actually more accurate. The results also show small
artifacts around the objects. Some of these artifacts are from stringing during printing, while
others are due to minor misclassifications by the network.

Overall, the segmentation results on unseen objects are good and indicate that the trained
neural networks can generalize well to new objects and colors. The segmentation performance
could likely be improved with additional training data and a fine-tuned network architecture
specifically designed for this task.
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(a) (b) (c) (d)

Figure 6.10 – Results of the recursive segmentation test: (a) Original model printed in dark green,
(b) first copy printed in red, (c) second copy printed in white, (d) third copy printed in blue. The top
row shows the original model and the three reconstructions from the previous segmentation, while
the bottom row shows the printed objects.

6.5.4 Recursive Segmentation

To evaluate how well the segmentation preserves small details and to demonstrate its robustness,
a recursive segmentation test is performed. In this test, a small object with fine surface details
is printed and segmented using the proposed method. The resulting segmentation is then used
to reprint the object, which is segmented again. Analogous to repeatedly photocopying a doc-
ument, the segmentation quality is expected to degrade with each iteration. The magnitude of
this degradation indicates how well fine details are preserved and how robust the segmentation
is to noise and artifacts. For this experiment, the process is repeated three times, resulting in
four printed objects in total, with the filament color changed at each iteration. Each of the four
colors is already included in the dataset to ensure that the neural network can handle them.

The four printed robots are shown in Figure 6.10, with the original model on the left and
the three copies on the right. The overall shape of the object is preserved across all iterations.
However, small, pointy details such as the antennas are nearly lost after the first copy. The robot’s
face is still barely visible in the second copy, while the gap between the legs appears only in the
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first copy. The ribs on the arms are still visible in the third copy. The hook on the back of the
head remains functional in the second copy but becomes clogged in the third copy. Over the
iterations, the layer surfaces tend to develop small holes and uneven surfaces, which can lead
to issues when printing the copies. These issues worsen with each iteration as the filament is
extruded incorrectly and sometimes without proper support from the previous layer.

Segmentation results can likely be improved with additional training data and a fine-tuned
network architecture specifically designed for this task. Furthermore, the post-processing of the
segmentation masks could be improved, as they still contain small artifacts and holes, given
that the printed structures are known to be at least 0.4mm wide and cannot be smaller than the
printed lines.

Although small details are lost over the iterations, the overall shape of the object is preserved.
This is still a good result, given that the object is only 33.8mm tall and has many small details.
To our knowledge, no other approach achieves similar results with in situ inspection. Methods
that perform similarly rely on post-production inspection with high-resolution 3D scanners or
CT scans, which have other disadvantages such as high cost or no ability to inspect the inside
of the object. With this approach, active repair during printing is also possible, similar to the
approach in Chapter 5.

6.5.5 Accuracy Measurements

Because precise segmentation is essential for accurate object reconstruction, experiments were
conducted to quantitatively assess segmentation accuracy. Accuracy was evaluated by print-
ing objects with precisely known dimensions and by measuring both the physical parts and the
corresponding segmentation masks. The measurements include inaccuracies due to camera po-
sitioning, camera optics, the stitching process, and the segmentation itself. The test objects
consisted of a square (30 × 30mm, 2mm wall thickness) and a circle (20mm diameter, 2mm
wall thickness), each printed on a solid base to ensure good adhesion and minimize deforma-
tion. The objects are shown in Figure A.4 in the appendix. Each object was printed in four colors
(black, blue, red, and yellow) and in two orientations: as modeled and rotated by 45°.

For each printed object, measurements are taken at the center: from top to bottom and from
left to right. This is done for both the inner and outer dimensions of the square and the circle. As
a result, each object yields eight measurements, two for each dimension type (inner and outer)
for both shapes (square and circle). With eight objects in total, this results in 64 measurements.

Themeasured offsets, expressed in µm, are presented in Figure 6.11. Each point corresponds
to an individual measurement offset and is color-coded by the object’s color. The × markers rep-
resent measurements taken from objects printed at a 45° orientation, while the + markers denote
measurements from objects printed without rotation. The thick black line indicates the mean ab-
solute offset for each measurement group. Across all measurements, the mean offset between the
physical and the segmented measurements is 61.5 µm. Strangely, the segmentation offsets are
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Figure 6.11 –Measurement offsets between the physical measurements of the printed objects and the
corresponding measurements taken from the segmentation masks. Each point represents an individ-
ual offset, colored according to the object’s color. × indicates measurements taken from the object
printed at 45° orientation, while + indicates measurements taken from the object printed without
rotation. The thick black line shows the mean absolute offset for each group.

mostly positive, meaning the segmented dimensions tend to be slightly larger than the physical
part for both outer and inner measurements. This is unexpected, as for inner measurements the
segmentation would normally be smaller than the physical measurements. Since the segmenta-
tion mask is stitched together from individual images, this positive offset could be caused by the
stitching process. The positive offset may also be influenced by greater measurement errors on
inner dimensions, which are more challenging to measure than outer dimensions. Additionally,
printed lines often shrink inward during cooling, causing a mismatch between the actual printed
object and the generated ground truth mask. This could lead the network to compensate for the
shrinkage effect, resulting in a positive offset in the segmentation results. With more precisely
annotated ground truth, this issue might be reduced.

Nevertheless, this offset is very small, as it reflects the combined effect of measurement
errors, stitching errors, segmentation errors and the calipers uncertainty of 30 µm. This indicates
that the segmentation is highly accurate and can be used to reconstruct the object with high
precision.

6.5.6 Limitations

Themain drawback of this approach is the significantly longer print time resulting from the image
acquisition step. This overhead can be reduced by using cameras with a larger field of view or
by decreasing the time needed to capture the images. However, even with such improvements,
this approach will always take longer than a normal print without image acquisition.
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For practical deployment in production systems, segmentation accuracy must be improved
further. The limited dataset with only two different infill patterns, a fixed line width, and a
constant layer height may restrict the networks’ ability to generalize. Also all prints were made
on the same printer, so the networks may learn printer-specific artifacts that do not generalize to
other printers. The dataset also lacks failures and artifacts that may occur during printing, such
as layer shifts, under-extrusion, or stringing. Including such data into the training dataset could
improve robustness and help the network learn to segment actual printed layers more accurately.

Because the camera captures images strictly from above, the process has no direct infor-
mation about the layer heights in the object, as there is currently no sensor data providing this
information. Therefore, the process can only assume that the layer height specified in the G-code
is correct. Additionally, the layer height must currently be fixed for all layers in the object and
adaptive layer heights are not supported. Other issues that are not visible from above like layer
warping, layer separation, vibration and ringing on the outside of the object, and poor bridging
and overhanging layers are also not detected by this approach.

6.6 Conclusion

This chapter presented a comprehensive approach to layer segmentation and reconstruction of
3D-printed objects. It described the image acquisition process used to record each printed layer
and compared several segmentation strategies, namely depth sensing, photometric stereo, and
neural networks. Only the neural network-based approach produced sufficiently accurate results.
To identify the most effective model, multiple architectures with different input types were eval-
uated. The best-performing configuration was U-Net++ using the rgb_led images. Tests on un-
seen objects show that the trained networks generalize well to new geometries and colors. The
reconstruction is robust enough to preserve the overall shape of an object even after multiple
iterations of printing and re-segmentation. Segmentation accuracy was quantified by comparing
physical measurements of printed parts with corresponding measurements taken from the seg-
mentation masks. The results indicate high accuracy, with a mean offset of 61.5 µm, which is
sufficient for object reconstruction. However, the image acquisition time is currently too high
for practical use, increasing print time by 95% to 407% depending on the object. While the
accuracy is adequate for reconstruction, further improvement is needed for practical deployment
to increase confidence in the segmentation results.

Overall, this chapter demonstrates that camera-based layer segmentation using neural net-
works enables reliable reconstruction and defect detection in 3D printed objects, laying the
groundwork for future automated quality assurance.
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6.6.1 Future Work
Future research should prioritize optimizing the image acquisition process to reduce the time
needed for both image capture and processing. This could include using smaller, lower-cost
cameras with a larger field of view, or alternative approaches that capture the entire layer in a
single image. The system should also be adapted to work with more common printers, such as
Prusa or BambuLab printers, which are widely used in the 3D printing community. Together,
these changes would make the system more accessible and usable for a broader audience. To
improve segmentation accuracy, future work should evaluate more modern neural network ar-
chitectures, such as vision transformers, as well as other models specifically designed for image
segmentation. In addition, fine-tuning the neural networks hyperparameters could lead to better
results. To further improve robustness, the dataset should be expanded to include a broader vari-
ety of objects, colors, and infill patterns. This broader coverage would help the neural networks
generalize more reliably to unseen objects and colors. Additionally, ground truth generation
should move away from relying on G-code and use a more accurate method for producing la-
bels.

At present, the workflow involves multiple manual steps and depends on more than one
computer. Future work should focus on fully automating the process and consolidating all stages
into a single system directly connected to the printer.

To enable closed-loop printing, the process should be extended to include real-time defect
detection and automated repair. This requires feedback mechanisms that identify defects during
printing and generate repair paths for regions with insufficient material, similar to the approach
for printed electronics described in Chapter 5. With such feedback, the printer can adapt and
correct errors as they occur, which would be a significant step toward fully autonomous 3D
printing.

In the future, the approach should also be tested at larger scales and on different printers
to confirm robustness and reliability across a variety of printing scenarios. Finally, it should
be extended to address additional defect types, such as warping, layer separation, and ringing,
which are common in 3D printing and are not covered by the current approach.
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Conclusion

This thesis presented a set of tools and methods that enable reliable 5-axis printing of geomet-
rically complex objects with embedded electronics on low-cost platforms. It also introduced in
situ monitoring for real-time defect detection and correction, and layer-wise reconstruction for
quality assurance. In conclusion, the research questions can be answered as follows:

Path Planning for 5-Axis Printing Complex 3D geometries with embedded electronics can
be reliably printed on low-cost 5-axis machines using a calibration-aware path planning
framework that compensates for machine misalignments. Calibration measures A and B
axis misalignments and intersection offsets, which are then modeled in a URDF-based
kinematic model. This model is applied in inverse kinematics to correct every tool pose,
turning previously colliding prints into smooth, aligned toolpaths. Surface-conformal
toolpaths are generated from arbitrary shapes by sampling surface curves and comput-
ing per-point normals. Adjacent normals are intelligently combined and tilted at corners
to keep deposition continuous while respecting nozzle tilt bounds. Experiments showed
that this approach eliminates surface collisions and over-squishing, resulting in accurate
and reliable prints with embedded electronics.

In Situ Error Correction of Printed Electronics To develop a reliable vision based wire de-
tection and repair system, a 5-axis printing platform was equipped with a camera and
lighting setup to capture images of printed traces during pauses in the print process. Dif-
ferent neural network architectures were evaluated for segmenting conductive traces from
the images, with U-Net performing best. The developed image processing pipeline detects
common defects such as connection breaks, shorts, and unreached points in the segmented
images. These defects are repaired by extracting the missing segments from the original
G-code and executing them as a repair routine during printing. Experiments demonstrated
that this approach reduces failed prints by autonomously detecting and repairing defects
during the printing process.
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Layer Segmentation and Object Reconstruction To capture the true printed geometry of each
layer and to distinguish it from previously printed layers, a layer-wise imaging and seg-
mentation approach was developed. To improve segmentation quality, different illumina-
tion strategies were tested, showing that they improve segmentation. The best-performing
segmentation model, U-Net++, was then fed with images of the current and previous lay-
ers to generate high-fidelity per-layer masks. The layer masks are then stacked to create
a 3D digital twin of the printed object. These twins enable quality inspection and trace-
ability of the printed objects. Generalization tests on unseen objects and colors, and a
recursive copying experiment, showed robustness and the ability to adapt to new colors.
The reconstruction accuracy is promising, with a mean offset of 61.5 µm.

The research questions have successfully been answered with the presented methods. The core
contributions of this thesis are a calibration-aware path planning framework for 5-axis printing
on low-cost hardware, a vision based error detection and repair system, and a layer-wise imaging
and segmentation approach for digital twin generation. These contributions together push the
boundaries of what is achievable with consumer-grade 3D printers, bringing them closer to in-
dustrial capabilities. Detecting errors in real time and correcting them autonomously increases
the reliability and yield of prints, while layer-wise imaging and segmentation enables quality
inspection and traceability for safety-critical applications.

7.1 Future Work
Although this thesis has made significant progress in 5-axis printing with embedded electronics,
several questions for future research remain open. Based on the six main objectives of this thesis,
the following directions for future work are suggested:

Calibration The resulting prints, even after calibration and compensation, still show some er-
rors from an slightly incorrect nozzle height. Future research should focus on further
investigating other error sources that are not yet modeled, such as thermal drift, backlash,
and non-linearities. Furthermore, the probing process needs to be more stable, especially
when probing 3D-printed rotation axes. Lastly, investigating how a closed loop control
for the A/B axes can be integrated into the system would also be a valuable direction for
future research.

Path Planning The presented path planning framework only supports line-style toolpaths for 5-
axis printing. Future work should extend the framework to also support volumetric print-
ing. In addition, the 5-axis capabilities should extended further to print complex models,
for example through multi-directional printing or related strategies. Future research could
also investigate how to further improve the surface speed continuity by continuously tilting
the nozzle, rather than only at corners.
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Wire Detection As image acquisition and segmentation are time-consuming, futurework should
focus on speeding up the entire process. Segmentation performance could also be im-
proved with more training data and better segmentation networks. Finally, fine-tuning the
network architecture and hyperparameters could further improve performance.

Error Detection and Correction Currently, the error detection and correction system supports
only wires aligned with the three main axes. Future work should implement a coordinate
mapping to also support arbitrary wire orientations. Additionally, a method for inspecting
inter-layer connections should be developed. The repair strategies could also be improved
and extended to handle defects that require material removal, such as short circuits or
over-extrusion.

Layer Segmentation As image acquisition consumes most of the runtime, future work should
focus on accelerating this step. Segmentation performance could be improved with more
training data and better segmentation networks. Revising the ground-truth generation to
no longer rely on G-code would also help, since the current G-code-based ground truth is
inaccurate. Finally, extending this method to 5-axis prints would be an interesting direc-
tion for future research.

Object Reconstruction Because the reconstruction process still involvesmultiplemanual steps,
future work should automate the entire pipeline and integrate it into a single system di-
rectly connected to the printer. Currently, reconstruction of the individual layers relies
on the slicer’s nominal layer height rather than the actually measured layer height. Future
research should measure the true layer height and use it for reconstruction. Finally, using
the digital twin for quality inspection and for reprinting faulty parts would be a valuable
direction for future work.
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Figure A.1 – Training and validation IoU over epochs of all models. The planar-dataset is shown
on the top and the 5-axis dataset on the bottom. The plots are averaged over five training runs with
different random seeds.
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averaged over three training runs with different random seeds. The plots are cut at an IoU of 0.5 for
better visibility.
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Figure A.3 – Printed objects for the layer segmentation dataset. The objects are: 3DBenchy (brown),
Beer crate (grey), Cookies cutter (blue), Motor plate (dark green), Gear bearing (gold), Hex-Scraper
(translucent blue), Octopus (red), Easter egg (white), Measuring-Tool (black), Spiral-Planter (yellow)
and Whistle (green).

Figure A.4 – Printed test objects used to measure dimensional accuracy. For each color, two prints
were produced: one in the default orientation and one rotated by 45 °.
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IC Integrated Circuit
IK Inverse Kinematics
IoU Intersection over Union
ISO International Organization for Standardization
JSC Johnson Space Center
LCD Liquid Crystal Display
LED Light Emitting Diode
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ACRONYMS

LPBF Laser Powder Bed Fusion
MEX Material Extrusion
MJT Material Jetting
NASA National Aeronautics and Space Administration
PA Polyamide
PBF Powder Bed Fusion
PC Polycarbonate
PCB Printed Circuit Board
PEI Polyetherimide
PET Polyethylene Terephthalate
PETG Polyethylene Terephthalate Glycol
PID Proportional-Integral-Derivative
PLA Polylactic Acid
PU Polyurethane
PVC Polyvinyl Chloride
PWM Pulse Width Modulation
ReLU Rectified Linear Unit
RepRap Replicating Rapid-prototyper
RGB Red Green Blue
ROS Robot Operating System
SHL Sheet Lamination
SLA Stereolithography
SLS Selective Laser Sintering
SMD Surface Mounted Device
STEP Standard for the Exchange of Product Data
STL Standard Tessellation Language
SVM Support Vector Machine
TPU Thermoplastic Polyurethane
URDF Unified Robot Description Format
UV Ultraviolet
VPP Vat Photopolymerization
WAAM Wire Arc Additive Manufacturing
ZIM-KamEl Zentrales Innovationsprogramm Mittelstand-Kamerabasierte Fehlererkennung

für 3D-gedruckte Elektronik
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