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Abstract

This dissertation focuses on enhancing the scalability and generalizability of machine
learning (ML) methods for predicting process outcomes in industrial automation, with a
particular emphasis on additive manufacturing (AM) via directed energy deposition (DED).
The research introduces several novel frameworks to address key challenges in this domain,
including data annotation, domain generalization, and real-time adaptability.

First, a novel active learning method is proposed to reduce the need for extensive data
annotation. This method optimizes model performance by balancing uncertainty with
random sampling, allowing for a transition from exploration to exploitation throughout
the learning process. It achieves a notable reduction in annotation requirements, and is
designed to be broadly applicable to any ML task involving prediction uncertainty.

Second, the dissertation presents a new validation framework to address domain
generalization issues in AM. Traditional ML models often rely on limited and
non-diversified datasets, which can lead to an overestimation of performance under
real-world conditions. This research introduces a diverse DED dataset designed to
simulate various environmental changes typically encountered in real-world scenarios.
The framework employs a categorization and validation simulation protocol to assess
model performance across different environments. Evaluation of various ML architectures
on this dataset provides insights into cross-environment performance and inference
latency.

Finally, a training-free domain adaptation framework is developed to tackle real-time
process measurement challenges in AM. This framework adapts to diverse operational
contexts with minimal annotations through human-in-the-loop interactive annotation
guided by the architecture itself. It demonstrates exceptional real-time processing
capabilities, and segmentation performance of melt-pool related signatures.

Together, these contributions advance the industrial adoption of AM and enhance its
competitive edge over conventional manufacturing processes by improving the scalability,
generalizability, and real-time adaptability of ML methods.
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Chapter 1

Introduction

1.1 Motivation

Additive manufacturing (AM), particularly Directed Energy Deposition (DED), is a
transformative technology in smart manufacturing. It enhances the product supply chain
from design to final component, offering significant benefits in customization and material
efficiency.  AM reduces operational footprints, improves scalability, and supports
on-demand production [1].

A key challenge in AM process modeling is the prediction of defects. Current models
often fail to anticipate local geometry variations caused by stochastic events, as well as
the occurrence, location, and size of defects. This makes it more challenging to achieve
consistent fabrication of full-density parts with predefined mechanical properties and
dimensional accuracy compared to traditional manufacturing methods [2].

Recent advancements in sensor technology and data acquisition have dramatically
increased the volume of data available before, during, and after part fabrication. This
influx of data presents new opportunities for discovering insights and enhancing quality
throughout AM processes. Efforts to improve process repeatability and part quality now
increasingly focus on comprehensive monitoring and inspection [3].

Machine learning (ML) has become a critical tool in AM, utilizing abundant data
to predict process quality and detect defects. However, current ML approaches often
emphasize optimizing model performance over improving scalability and generalizability to
new, unseen environments. This limitation arises from the lack of diversity in training and
testing datasets. Developing effective supervised ML models requires extensive and high-
quality data annotation, which is both time-consuming and costly. Additionally, creating



diverse datasets remains challenging as existing practices typically focus on specific AM
machines and conditions [1, 5, 0].

To facilitate broader industrial adoption of AM, it is crucial to enhance the efficiency
and scalability of ML applications. This research aims to address these needs by developing
ML solutions that not only generalize well to new environments but also scale effectively

[7]-

1.2 Objectives

The primary goal of this research is to develop ML tools for AM, specifically DED, that
enhance both the generalizability and scalability of ML models in novel operating
environments. To achieve this goal, the following sub-goals are proposed:

e Generalizability: Develop ML solutions that are not restricted to AM or DED but
are designed to be applicable across a broad range of industrial applications. This
will ensure that the models perform effectively in diverse environments beyond those
they were specifically trained on.

e Scalability: Create ML solutions that reduce the need for extensive training, large
datasets, and prolonged processing times. This will promote the efficient adoption
and deployment of the models on a larger scale within industrial settings.

To address these goals, the following concrete objectives were developed:

e Annotation reduction: Investigate and develop new ML algorithms that reduce the
required amount of annotated data to develop high performing ML models, and
demonstrate them on DED. Minimizing annotation decreases model development
time, leading to improved scalability.

e Domain generalization: Investigate the impact of different experimental operating
conditions, on ML performance in AM, and specifically DED. An understanding of
the effect of ML model deployment on performance in un-seen environments provides
insight into the generalizability.

e Semi-supervision: Investigate and develop novel semi-supervised ML solutions that
are able to adapt to new un-seen operating environments using less annotated data



and without the need for model re-training. Adaptation guided by a few annotated
data instances, instead of re-training, offers generalizability and scalability as
annotation and model development time are reduced.

The algorithmic contributions of this research, designed to address these objectives, are
applied to DED datasets. The DED datasets used in this thesis are created using the
annotation protocol as described in Figure A.1 which can be found in Supplementary
material A. These algorithms are developed with generalization in mind, ensuring they
can be adapted for application in other domains beyond the specific focus of this thesis.
Besides these main objectives, DED specific objectives were developed:

e Measurement quality: Investigate and develop new ML algorithms that are able to
predict the quality of DED in-situ process measurements for further information
extraction. Faulty measurements could potentially disrupt secondary algorithms
using the measurements, such as closed-loop control algorithms, decreasing process
repeatability and part quality.

e Melt-pool segmentation: Create ML-based DED melt-pool segmentation algorithms
able to operate in real-time and easily adaptable to new DED environments. As
such, cross-environment real-time closed-loop melt-pool geometry control could be
enabled to further improve repeatability and part quality. Melt-pool is defined in
this thesis as any observation related to the physical molten material created by the
DED process.

1.3 Outline

This thesis is organized into six chapters, with the current chapter serving as the
introduction. Contributions are provided by Chapters 3,4, and 5.

Chapter 2 provides background information and a literature review to support the
understanding of the material in subsequent chapters. It begins with an introduction to AM
and its role in the fourth industrial revolution, followed by a discussion of DED processes
and common quality monitoring methods. At last, ML and data-related challenges in DED
are discussed.

Chapter 3 presents a novel and patented active learning algorithm, which is applicable
to many datasets and ML tasks and significantly reduces the required annotation for ML



model development. Additionally, this chapter develops and evaluates a new ML vision-
based classification architecture for predicting DED process quality.

Chapter 4 explores the domain generalization capabilities of ML model architectures
with a focus on AM and DED. It studies the impact of various newly defined changes in
DED operating environments on quality classification across multiple ML architectures,
offering insights into the applicability of ML models beyond their training data and
highlighting the limitations of conventional ML architectures.

Chapter 5 introduces a novel training-free adaptive ML segmentation framework
designed for general applicability to any segmentation task and object, with a specific
focus on AM and DED. This framework adapts to different environments without
excessive annotation and functions as an active learning recommendation system, as
demonstrated through DED melt-pool segmentation in various operating environments.

Chapter 6 discusses the conclusions drawn from the research and outlines directions for
future work.



Chapter 2

Literature review

2.1 Smart manufacturing

Smart manufacturing is a central element of the fourth industrial revolution - also named
Industry 4.0 - focused on increasing the quality, productivity, sustainability, and flexibility
of the production process by leveraging digital technologies such as the Internet of Things,
cloud services, big data and associated data analytics [7].

Artificial intelligence (Al) is a key digital technology in smart manufacturing and AM,
which represents a group of computer techniques focused on the extraction of knowledge
from structured and unstructured data sources - such as sensor data acquired from
process measurement - and making appropriate decisions to improve process operation.
ML, and specifically deep learning methods within the AI domain, demonstrate
outstanding performance in smart manufacturing applications by enabling automatic
feature learning and high GPU-based data processing capabilities in the big data era [3]
(Figure 2.1).

2.1.1 Additive manufacturing processes

According to the ISO/ASTM Standard 52900, object creation through manufacturing can
be achieved by formative, subtractive, or additive shaping. While the former two methods
achieve the desired object shape through the application of pressure or the selective removal
of material respectively, the latter refers to processes which create objects using successive
addition or joining of material. The properties of AM-produced parts are determined by
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Figure 2.1: The role of data driven intelligence in smart manufacturing as shown in [3].

Smart Manufacturing

the type of material (polymer, metal, ceramic, or composite), principle of fusion or bonding,
the added material (feed-stock), and the machine architecture. The fundamental classes of
AM technologies can be categorized into binder-jetting, DED, material extrusion, material
jetting, powder bed fusion (PBF), sheet lamination, and vat photo-polymerization [9].

Single-step metal-based AM processes can be classified based on the material feed-stock
and/or energy source and generally fall into two categories, DED and PBF, with popular
uptake within the aerospace, medical, and automotive industries [10]. PBF is a process in
which thin layers of powder are spread onto a build plate, then an energy source selectively
fuses regions of the powder bed. Depending on the energy source, the process takes place in
an inert atmosphere (laser-based systems) or in a vacuum (electron beam systems). When
one layer is fused, a new layer of powder is applied, and the process is repeated until a
three-dimensional (3D) part is obtained. DED is a process where a material (powder or
wire) is delivered to the substrate using a nozzle assembly, with an energy source (laser,
electron beam, plasma arc, gas metal arc) interacting with the incoming material and the
substrate to melt and solidify a sequence of material tracks. Both processes require a
material substrate (or base plate) to anchor the parts onto and require support structures
to be manufactured for overhang features.



2.1.2 Metal additive manufacturing

When considering PBF and DED, there are important differences to consider. For
instance, when comparing laser-based PBF and DED technologies which employ powders,
the presence of powder in a powder bed when compared to a powder delivery stream
creates different melt-pool dynamics and heat transfer phenomena [11, 12]. In addition,
from a temporal resolution perspective, the laser beam velocities used in PBF are
significantly higher than DED, leading to a higher occurrence of liquid metal instability
due to Marangoni convection and liquid metal spatter effects [13]. Furthermore, the
spatial resolution is much more refined in PBF, where the lower beam spot diameters,
typically 50-100 pm, have lower vaporization thresholds than in DED, where the laser
beam spot diameters are in the scale of 500 pm - 2 mm [11]. A visualization of these
processes, and their process parameters, is provided in Figure 2.2 [15].

Metal AM, and particularly DED and PBF, provide advantages compared to
formative and subtractive manufacturing technologies. The additive method of part
production makes it possible to produce highly complex geometries without creating
excessive waste material. The design potentials in metal AM are also enabling the
consolidation of assemblies, which reduces complexity and the likelihood of failure by
virtue of assembly and joining operations [I6]. Another advantage of AM is mass
customization, as the production of product families with custom features is possible at a
low cost, without the need for drastic changes in tooling or the production line workflow
[17]. Furthermore, the product supply chain is greatly simplified by AM, as digital 3D
part designs can be directly produced by AM machinery, enabling on-demand
manufacturing from raw material to part. This also offers the potential to manufacture in
atypical, remote environments - such as space [I8]. These advantages make AM a
valuable asset in the transition to smart manufacturing as discussed in Section 2.1.

The application domain of metal AM processes differs based on the capabilities of each
class of technologies. A detailed comparison between DED and PBF processes capabilities
is provided in Figure 2.2, showing that PBF processes generally provide a smaller build
chamber size, therefore limiting the size of the parts being manufactured, compared to DED
processes. Although the layer deposition rate of PBF is much higher compared to DED,
the production time is generally longer due to the smaller layer thickness. The dimensional
accuracy of PBF systems is, however, much higher, making the incorporation of intricate
features possible. Post-processing is therefore less demanding for PBF processes. Wire-
DED processes using an electric arc as an energy source - which is very similar to welding -
provide the fastest but crudest way of manufacturing large parts while laser-PBF provides
slow but accurate production of smaller parts. DED is therefore commonly used for the
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production of large components with low geometric complexity and also for repairing larger
components in the automotive and aerospace industry [19].

2.1.3 Advances and challenges

AM is experiencing rapid growth, driven by its advantages over traditional manufacturing
methods. It is projected to expand at a compound annual growth rate (CAGR) of 23.6%
through 2030. The current global AM market is divided into 53% for tooling, 37% for
manufacturing functional parts, and 10% for prototyping pre-manufactured parts [20].

To advance industrialization and broader adoption, ongoing research is crucial to
enhance the performance of metal AM processes. Challenges persist in achieving
consistent fabrication of full-density parts with predefined mechanical properties and
dimensional accuracy using current technologies [2]. These challenges arise because both
the shape and material properties of a part are developed during the AM process. The
creation of parts involves complex interactions among design, materials, and processes
across five major stages, often executed iteratively: designing, process planning, building,
post-processing, and testing [1].

2.2 Directed energy deposition

This thesis primarily focuses on DED processes, which are detailed in this section. DED
involves depositing metal wire and/or powder materials directly onto a workpiece
through irradiation with a laser beam, electron beam, or electric arc. During operation,
the deposition head—comprising the material delivery nozzle, laser beam, and associated
optics—moves relative to the substrate, creating a molten metal pool, or melt pool, at
the interaction point. Sequential movement along a predefined pattern within each layer,
combined with successive layering, forms 3D geometries. Although similar to welding,
which is used for joining or repairing metal parts, DED is specifically designed for
additive manufacturing [21] (see Figure 2.3).

2.2.1 Process parameters

Process parameters significantly impact the operating conditions of a DED system and
the quality of the produced parts. These parameters can be classified into three categories
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based on recent reviews: (i) fixed, (ii) pre-defined, and (iii) controllable parameters (see
Figure 2.4). Fixed parameters are specific to the DED machine and its components, such as
the energy source, feed-stock system, and shielding gas systems. These parameters cannot
be adjusted or are difficult to modify after the machine has been fabricated. Pre-defined
parameters remain constant throughout the entire build of a part but can be adjusted
between different builds. Controllable parameters, on the other hand, can be set to a fixed
value, adjusted to different values during the build, or actively controlled while the process
is ongoing.

2.2.2 Defects

Improper configuration of process parameters can lead to various defects in manufactured
parts, categorized into micro-structural, geometrical, and mechanical issues.

Micro-structural defects include porous anomalies such as keyhole phenomena [28],
entrapped gas pores, and lack-of-fusion defects. Keyhole gas pores form when power
density exceeds a material-specific threshold, influenced by recoil pressure and Marangoni
convection [29, 30] (see Figure 2.3). The interactions between laser and material induce
turbulence in the melt pool, leading to gas porosity and potential spatter [31]. Predictive
models based on normalized enthalpy, considering factors such as energy source power
and scan velocity, can estimate porosity [29, 32]. Entrapped gas pores may also result
from inconsistencies in powder delivery or variations in gas solubility [33]. Lack-of-fusion

10
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pores arise when insufficient energy fails to bond layers or scan lines, influenced by
factors like layer thickness, energy source power, and scan velocity [23].

Geometrical inaccuracies often arise from variations in melt-pool dimensions, cracking,
humping, spatter, and kinetic recoil [34, 35]. The Marangoni effect can cause local surface
tension variations, impacting melt-pool geometry [22]. Cracks may form due to internal
residual stresses from sequential heating [36]. Spatter, or particle ejection, results from
high-power localized boiling, causing inaccuracies when particles land on the substrate
[37]. Kinetic recoil involves powder rebounding and landing in unintended locations [35].
Humping, the rise of material above the melting plane due to surface tension, can also cause
geometric anomalies [35]. Anomalies in one layer can propagate, affecting the consistency
of the powder stream and laser beam, leading to significant deviations (Figure 2.5).

Mechanical properties, such as tensile strength, hardness, and fatigue, can be influenced
by process parameters affecting the micro-structure [39, 10, 11]. Residual stresses arise from
steep thermal gradients between the energy source and the surrounding material [22].

2.2.3 Modelling and control

Analytical and numerical modeling methods are crucial in DED research for predicting
product quality based on process parameters. However, modeling the complex interactions
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Figure 2.5: Geometrical errors in two different parts, scanned using a AICON SmartScan
structured light optical scanner.

between lasers and materials, along with numerous process parameters, presents significant
challenges. A review of recent papers on various physics-based models [12, 13, 44, 45, 16,
A7, 48, 19, 50] reveals several key observations.

Many models fail to account for local imperfections in materials (such as surface
roughness and micro-structure), environmental conditions (such as air temperature and
vibrations), and equipment factors (such as tolerances and non-steady-state behavior).
This oversight leads to localized prediction errors. Accumulated errors can cause
significant deviations in geometric accuracy, porosity, and micro-structure from
steady-state assumptions by the end of the build process (see Figure 2.5; these aspects
are seldom addressed in modeling efforts. A major challenge for current models is their
inability to accurately predict defects. Existing approaches struggle with forecasting local
geometry variations due to stochastic events and anticipating defects, including their
occurrence, position, and size.

In-situ monitoring and control of the AM build process could significantly enhance
the reliability, repeatability, and accuracy of manufactured parts through feedback
mechanisms [51].  Most commercial metal AM processes are however open-loop or
controlled in a feed-forward manner without feedback, leading to micro-structural,
mechanical, and geometric errors (see Section 2.2.2). By detecting and correcting defects
through process parameter adjustments during the printing process, part quality and
repeatability could be improved [5]. However, implementing such systems requires the
capability to adjust process parameters in real-time and to observe and measure the
quantities being controlled.

12



2.3 Quality assessment

Advancements in sensor technologies and data acquisition methods have led to a drastic
increase in AM data available before, during, and after part fabrication [3]. The different
types of data generated throughout the design-to-product cycle are creating new
opportunities for knowledge discovery and quality improvement throughout AM
processes.

The DED process consists of many interconnected and coupled physical events with
several possible paths for momentum and energy transfer. Some of these physical events

in order of appearance include: laser delivery, particle/powder delivery,
laser /powder/shielding gas interactions, melt pool initiation, melt pool
energy /stability /morphology, heat  loss  (radiation,convection,conduction)  and
solidification [52]. The state of these phenomena directly affects process quality, by

influencing defect creation. Measuring the state of these phenomena through physical
measurement of the melt-pool dynamics and geometry, micro-structural defects or
mechanical properties is challenging during the manufacturing process, as process
interruption or part-destruction is necessary for the measurement. Object testing, with
the use of active sensors, or in-situ process measurement using passive sensors is therefore
preferred as feedback sensors provide non-destructive testing/measurement methods [53].

2.3.1 Active sensors

Active sensors test the object and measure its response, without damaging the object; such
sensors are also called non-destructive. The most common methods used in DED include
radiography (X-ray), ultrasonic testing, eddy current testing and structured light [54, 55].

In X-ray computed tomography (CT) an X-ray beam, typically with a wavelength
between 0.01 and 10 nanometers [50], passes through the object of interest and a scintillator
is used to convert the X-ray beam to visible light which is captured by a vision camera [57].
CT is perhaps the most accurate and reliable defect detection method as morphology, size,
frequency and location of the defect can be extracted from CT data [55, 58]. Furthermore,
high temporal resolution can be achieved to observe and measure the internal melt-pool flow
dynamics as showed by Aucott et al.[59] who were able to measure the melt-pool geometry,
and the size, direction, position and velocity of particles inside and outside the melt-pool.
The maximum particle velocity measured was 0.54 m/s using a 0.0508 nanometer X-ray
beam, by a 800 by 600 (8 bit) pixel resolution vision camera with a frame rate of 1000
frames per second. The resulting rate of data acquisition is therefore very high at 480
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megabytes per second. The authors of [57] showed that particle velocities also can be
approximated using a lower frame rate of 20 frames per second using a camera resolution
of 1024 by 1024 (8 bit) 1.97 micrometer pixels, leading to a lower data acquisition rate
of approximately 21 megabytes per second. The cost of CT equipment is however high,
and the related ionizing radiation requires shielding for personal and other equipment
[60]. Furthermore, if in-process quality detection is pursued, image-based defect detection
algorithms have to be developed capable of running faster than the image acquisition rate.
Such an approach, while scientifically valuable, is not economically viable to implement in
commercial systems.

Ultrasonic testing is another active sensor method where a probe is used to generate
sound waves, normally with center frequencies ranging from 0.1-15 MHz (3'2 — 210
nanometer), in the object and a sensor is used to measure the resulting wave after
travelling through the medium. Differences between the in- and output are used to
determine whether there are defects present in the material [61, 62, 63]. Typical sampling
frequencies used for measurement of the signal is 50 [6] or 100 [65] Mega Hertz, resulting
in 50000-100000 data instances per second. Solidified defect detection in the form of
porosity or surface defects is where ultrasonic is commonly used for. This form of testing
is of relatively low cost compared to CT, but the generated information density is much
lower. Furthermore, the detection of melt-pool geometry or flow dynamics is impossible,
as the measurement takes place after solidification.

Eddy current testing is, in its basic form, a coil of conductive wire that is excited with
an alternating electrical current, or probe. This probe produces an oscillating magnetic
field at the same frequency as the current running through the coil. When the probe
approaches a conductive material, currents opposite to the ones in the coil, called eddy
currents, are induced in the material [66]. Variations in the electrical conductivity,
magnetic permeability and the presence of defects cause a phase and amplitude that can
be detected by measuring the impedance changes in the coil [67]. The conventional eddy
current techniques are capable of detecting cracks and porosity [08, 69] and the data
produced is a sampled scalar signal in time much like ultrasonic testing.

Structured light refers to methods where light in the form of a line or pattern is
projected onto the object and measured by a vision camera. If calibrated, the relative
position and angle between the light source and the camera are known and allow for the
measurement of the objects geometry. Main use cases are the geometrical measurement of
the solidified melt-pool just after solidification [70, 71, 72, 73]. Data acquisition is highly
dependent on the resolution and frame rate of the camera allowing for low and high-speed
implementations equivalent to the previously discussed X-ray imaging implementations.
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2.3.2 Passive sensors

Passive sensors measure signals generated by the DED process itself, instead of actively
generating them. The interaction between the energy source and materials that occurs
during DED, emit energy in a variety of forms. Optical emission in the form of ultraviolet
(UV), visible (VIS) and infrared (IR) are the most dominant types of electromagnetic
radiation produced by the process [71]. Acoustic emissions of DED, can be divided into
air-borne and structure-borne emissions that originated from the stress waves induced by
changes in the internal structure of a work piece, the surface the metal vapour and laser
beam back reflection [75]. Additionally, the electric charge generated inside energy-source
induced plasma is the third signal that can be used. One end of the circuit is linked with
the base material, while the other end is connected with the energy source and a voltage
measurement between them can be used for sensing purposes [(66].

Contact type acoustic emission sensors mainly monitor the stress waves generated by
high temperature and high pressure inside the equipment [76] or substrate [77, 78] it is
attached to and usually detects wavelength less than 200 kHz. Porosity, cracks and internal
stresses are normally monitored using this technology. The non-contact type of sound signal
detection mainly monitor the pressure waves when plasma and metallic vapour occur in
the range of 20 Hz—20 kHz and could be used to relate plasma or vapour changes to the
creation of defects [74, 79].

Photo-diodes, also called pyrometers, are devices used to detect process radiation of
in the ultraviolet 200-400 nanometer (UV), visible 400-700 nanometer (VIS) or infrared
700-1700 nanometer (IR), as detection wavelengths commonly range between 260 and 1700
nanometer [30, 81, 82]. This device generates a scalar electric signal, which is proportional
to the radiation intensity and temperature [33]. The contributions from the plasma plume,
spatter, and melt-pool radiation/temperature are typically measured using photo-diodes

[57]

Spectrometers are another monitoring method, which is used for similar purposes as
photo-diodes to detect the plasma plume, spatter and melt-pool temperature. An array
of photo-diodes, which cover different ranges of the UV, VIS and IR spectrum are usually
combined to capture a large range of the electromagnetic spectrum in a spectrometer. The
electronic processing elements of the spectrometer then translate the electrical signal from
each photo-diode into a power associated with the wavelength range [34].

Cameras are generally used to detect process radiation in the UV, VIS and IR ranges
similar to photo-diodes but generate array-like signals in the form of images instead of
scalar signals. They are typically placed co-axially [$5] or at an angle [26, 87] relative to
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the energy source to detect the thermal footprint (IR) or geometry (VIS) of the melt-pool,
spatter or the plasma plume [7/] in space and time. A high frame rate and image size often
result in large amounts of data being generated. At 1500 frames per second at 1024 by
1024 pixels (8 bit) per frame resulted in data generation at a rate of 1.5+GB per second
in [36]. Wirth et al. [38] used a high speed camera generating images of 256 by 256 pixels
(8-bit) at 67,000 frames per second which leads to a the generation of approximately 4.4
GB of data per second which enabled them to observe melt-pool flow dynamics as well.
Cameras can provide a rich signal, that is both spatially and temporally resolved.

This overview of sensor data available for DED processes offers a glimpse of the range
of options available for capturing process phenomena. The fabrication of components by
virtue of fusion of units of materials together, in tandem with sensor data, can generate a
vast amount of data. One of the most challenging aspects in this field is extracting valuable
information from data.

2.4 Data-related challenges

Perhaps the most impressive and well-known results of AI/ML come from fields where
human opponents are directly defeated by, or competing with the AI. ResNet [39]
defeated humans in image classification on ImageNet, while AlphaGo [90] defeated
human champions in the game of Go. Google recently launched a chatbot called Meena
[01] that is able to have specific conversations with humans, while OpenAI developed a
large natural language processing engine called GPT-3 [92].

Their impressive performance is however largely made possible due to the use of vast
annotated datasets for training purposes of the Al. ResNet used ImageNet, which contains
about 1.2 million image-label pairs, while AlphaGo used more than 38 million game-play
positions to train, and Meena was trained on 391GB of text data, equivalent to 341,000
books. GPT-3 exceeds the previous training efforts by a large margin, as roughly 2TB of
text data was used to train the algorithm. Furthermore, training all 175 billion parameters
of GPT-3 on the Microsoft Azure Al supercomputer [93] costed 12 million dollars [94].
This mindset of creating larger models using as much data as possible is caused by the
unreasonable effectiveness of data, as proposed in the work by Halevy et al. [95]. One of
the authors Peter Norvig, who served as Google’s director of research, stated: ”We don’t
have better algorithms. We just have more data”.
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2.4.1 Dataset quality

Creating large datasets can however be problematic. In fact, in real-world industrial
applications data are hard to acquire and if it exists freely, it is often low quality. A
comprehensive survey [96] among 227 data scientists, Al experts and business
stakeholders from 5 continents showed that 96% of the companies run into training
related problems with data quality and annotation. Furthermore, 72% report that more
than 100,000 labeled data items are required for deployment of AT/ML models.

The creation of quality datasets is time-consuming and often difficult [97]. In video
annotation, human-like judgements are required on an image-by-image basis, often for
multiple objects. Furthermore, segmentation of objects [98] requires even more time, as
object boundaries have to be determined on the pixel level [99]. Crowd-sourcing could be
a solution, but is expensive and misses domain knowledge, often leading to low quality
annotations [100]. To minimize bias, annotation is ideally performed by multiple people
[101], who all need to be experts in the field. Domain can be an issue, as you need ideally a
group of people trained on the subject and the capability to annotate; which is not trivial.
Also, preference is an issue, as not everyone agrees or wants the same thing with equal
data. Without proper annotation by a group of experts, the resulting datasets can direct
model training towards creating bias, even in very large datasets such as as ImageNet [102].
Access to data is not trivial either. The COVID-19 pandemic can serve as an example,
where not enough data was available beforehand to predict infectious behaviour at the
global scale [103]. Developing models for rare effects is therefore difficult and prone to
data-relates issues.

Other studies state that data alone is not enough. The authors of [101] argued that
learning algorithms should be improved to be able to perform on data beyond what is
presented during training, which requires the usage of domain knowledge. Generalization
towards new unseen cases is a big problem, as is pointed out by the authors in the work
by Alcorn et al. [105]. They show that popular ML models on ImageNet, such as ResNet
and Inception [106], are heavily over-fitting to the ImageNet dataset since slight changes
in the poses of the objects lead to incorrect classifications in 97% of their pose space [106].
Diversity in datasets is therefore necessary to train models that generalize well beyond their
training data [107]. More data does not necessary lead to better performance as pointed
out by Zhu et al. [103]. Google Research [109], came after comprehensive investigation of
the ImageNet dataset to the conclusion that 10% of the data is redundant and does not
lead to improved model performance when trained upon.

Creation-related challenges are largely referring to supervised machine learning
techniques, which require input-output data pairings for training purposes. To address
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these data-problems, research has shifted interest into the development of non-supervised
methods that provide data-efficient machine learning methods [110].

2.4.2 Generalizability

Creating ML models that are robust and generalize to unseen data is challenging due to
data accessibility and creation problems as discussed in the previous Section 2.4.1. With
this knowledge in mind, it is important to take another look at the current state of ML
in AM, focused on assessing the robustness and generalizing capabilities of the available
models instead of performance. Since it is challenging/impossible to have access to, and
test all trained ML models in literature on unseen data, or assess their data creation
procedure, we focus on the data sources first. The data sources used for training purposes
provide insight into the application domain and the generalizing capabilities of the model.

The review papers [4, 5, (] summarize the state-of-the-art ML applications, from the
design, to the build and validation stages of part production in AM. All reviewed papers,
which use experimental datasets (73 in total) acquired from process measurement, are
analyzed by their data sources leading to the following 2 observations. (1) All studies use
a single experimental setup with a specific set of hardware components. It is therefore
questionable if these models generalize to other AM machines, sensors within the same
class, or any change made to the specific hardware setup used for the generation of the
data. (2) A limited range of process operating conditions is used for the generation of
the datasets. A change in part design, process parameters or any other change in process
operation could therefore lead to decreased model performance.

Although the applications of ML in AM provide insight into how input data (such as
sensor measurements) can be used to make predictions using ML, their generalizability to
new unseen data is questionable. Furthermore, since the models are not trained and tested
on the same datasets, it is impossible to compare performance. Any change made to the
data-generating system could therefore require the generation, annotation, and re-training
of the model on new data.

2.4.3 Redundancy

Assessment of redundancy in datasets used for training and validation purposes of the ML
models developed is challenging without access to the actual datasets. However, a group of
ML models developed to perform a similar task by training on datasets which are generated
by similar data sources might provide inside into the influence of model choice and dataset
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Figure 2.6: ML model accuracy versus dataset size.
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, , , , , , | provide state-of-the-art ML models to classify input data
from sensor-based sources into defective or non-defective categories.

The sensory sources used in these studies are acoustic emission (AE), infrared/thermal
cameras (IR), plasma probes (PB), spectrometers (SPT), visual cameras (VIS), X-ray
imaging (XRY) or a combination of the former (Fusion). Measurements from these sensors
are used to predict whether a defect, in the form of geometrical surface defects or sub-
surface porosity type of defects, has occurred or not. The different ML models used are
Gaussian Mixture Models (GMM), K-means clustering (KM), K-nearest neighbors (KNN),
Logistic regression (LR), Neural networks (NN), Random forest (RF), Self-organizing maps
(SOM) and Support vector machines (SVM).

Figure 2.6 illustrates the highest classification performance achieved for each research
paper as a function of dataset size, with an impressive average accuracy of 93.4%.
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Although a linear trend was fitted to examine the relationship between dataset size and
performance, the resulting slope had a p-value of 0.9, suggesting that dataset size does
not significantly impact performance. This indicates that the machine learning models
are generally robust and perform well across different dataset types and sizes.
Additionally, the consistently high performance across all data sources suggests that each
dataset is sufficiently information-rich to predict defects effectively.

However, despite these promising results, there are concerns about the generalizability
of the models. The datasets used are relatively small compared to the 100,000 instances
recommended by [00], raising questions about the robustness of the models in real-world
applications. The observed independence of performance from dataset size may indicate
redundancy, as the models perform similarly regardless of dataset size. Thus, while the
performance appears high, the implications for model generalizability and practical
efficacy should be carefully considered, especially in light of the relatively small dataset
sizes used.
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Chapter 3

Active learning via adaptive weighted
uncertainty sampling applied to
additive manufacturing?

3.1 Preface

The acquisition of large amounts of high-dimensional data is becoming prevalent in
additive manufacturing, arising from sensor integration in such processes. Although
supervised machine learning has gained popularity to predict process quality from such
data, annotation can be time-consuming and labour intensive. Active learning is a
sub-field within machine learning concerned with maximizing model performance using
the least amount of annotated data. The focus of this study is twofold. Firstly, a novel
active learning method is introduced, called adaptive weighted uncertainty sampling
(AWUS) which balances uncertainty with random sampling using the model change
between active learning iterations. This way, AWUS is able to adapt from exploration of
the instance space to exploitation of model knowledge throughout the active learning
process. Secondly, a novel feature extraction and classification method is proposed for
directed-energy-deposition additive manufacturing processes which predicts image and
process quality based upon the visibility of the melt-pool using the visual signature of
occluding features in the image. AWUS is compared against 6 state-of-the-art query
strategies on 28 datasets from the OpenML database and 8 in-situ machine vision
recordings of directed-energy-deposition processes using 4 different classifiers. The results

!Chapter is adapted from a published article [1415]
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show that AWUS outperforms the state-of-the-art across the board of the datasets,
classifiers and active learning batch sizes. Furthermore, the application of AWUS reduces
the amount of necessary annotations by 20 to 70% in 90% of our experiments compared
to random sampling.

3.2 Introduction

Machine learning (ML) has been applied to many areas of the additive manufacturing
(AM) development cycle, and specifically to directed-energy-deposition (DED) processes.
The appearance and geometry of the molten material, or the melt-pool, at the point of
interaction between the energy source and material are popular features used for the
prediction of defects or geometry control. In-situ imaging is a popular and low-cost

solution to observe the melt-pool, with image processing heuristics [110, | or ML
feature extraction methods [148, | being used to extract melt-pool features or predict
defects.

Process instability or sub-optimal camera settings are often neglected process quality
metrics [1]; however, such metrics should arguably be the first step in vision data
processing and analytics. Smoke, spatter, or large melt-pool geometry deviations can
result from sub-optimal process parameters such as (but not limited to) deposition
trajectory, velocity, feed-stock delivery rate, and energy source power [23, 22], while pixel
saturation, obstructed field of view, or an out-of-focus lens are camera-related issues;
such issues are often not considered, with most studies focusing on unrealistic
laboratory-like conditions for observations. Sub-optimal process parameters and/or
camera setup can lead to the occlusion of melt-pool features and the inability to use
these images for further feature extraction, process control, or defect prediction. An
image-based classifier for DED AM processes that is able to detect whether an image can
be used for further information retrieval on melt-pool geometry based upon the visibility
and presence of the melt-pool in the image is currently missing in literature.

The predictive performance of supervised ML models depends on the quality and size of
the annotated training data-set. While data generation has become easier than ever with
innovations in monitoring technologies, annotating unlabeled data can be labour intensive,
difficult and time-consuming [149]. This is especially true in AM, where imaging-based
process monitoring can generate high-dimensional data over long periods of time, which
often requires manual annotation on the pixel level.

Active learning (AL) is a sub-field of ML focused on maximizing the performance of
ML models by using the least amount of annotated training data. Instead of annotating
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and training a model on a subset of the available data selected through uniform random
sampling (RND), AL trains a ML model in an iterative way. At each iteration, the ML
model is re-trained on the existing and newly labeled data instances, which have been
selected by a query strategy and manually annotated by humans. This process is repeated
until termination, or when the desired number of labeled instances is achieved [150].

The goal of the query strategy is to select unlabeled instances which will lead to the
highest performance gain of the ML model. Uncertainty sampling (US) is a popular
strategy which selects instances based upon the predicted class uncertainty [151], but can
lead to the selection of redundant instances or outliers which do not add to the model
performance. Although many efforts have been made to improve US [152], they often
introduce additional computational complexity [153]. Furthermore, comparison shows
that US still ranks near to top among existing query strategies [154, ].

In this research work, the first goal is to present a novel query strategy named
Adaptive Weighted Uncertainty Sampling (AWUS). This method combines US with
random exploration of the instance space to prevent the selection of redundant instances.
At each active learning iteration, a probability-mass-function (pmf) is defined, and
sampled without replacement, to form a batch of unlabeled instances. The shape of the
pmf is dependent on the change of the model predictions between AL iterations.
Whenever the model does not change, it is expected to have explored the instance space
enough such that it can focus on exploiting model knowledge. A large change on the
other hand, is thought to be exemplar of large parameter uncertainty in the model, and
exploration should be the focus. To achieve this, AWUS converges towards equal
sampling probability, equivalent to RND, for large model changes, while near equivalent
models between AL iteration assign a very large probability to the most uncertain
unlabeled instances. The latter case converges towards US.

Additionally, in this research work, the second goal is to propose a new feature
extraction and classification method via ML for in-situ quality prediction of DED
processes. The classifier predicts, based on melt-pool visibility, whether an image,
acquired through in-situ measurements, can be used for further quality assurance data
evaluation, with such evaluation as out of scope for this work. The in-situ vision data
sets of the AM process are often used for training purposes of ML models; such datasets
typically include redundant images, as the process is repetitive in nature. In this work,
we propose the use of AL via the AWUS method to significantly reduce the required
annotation workload for training ML models.

The proposed active learning methodology AWUS is general in nature and can be
applied to any ML task using a model capable of providing instance uncertainty. The
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DED feature extraction and classification methods can be extrapolated to other AM
processes where vision data is deployed to observe the interaction between an energy
source and material. Overall, AWUS was tested to prove superior performance against
state-of-the-art query strategies on 28 data-sets from the OpenML database and 8 DED
in-situ imaging data-sets, each captured form a different DED machine, using the
proposed feature extraction and quality classification method. The research contributions
of this work are outlined in the manuscript as follows: Section 3.3 reviews related work in
AL and melt-pool based ML in DED. AWUS and the DED feature extraction and
classification methods are presented in Section 3.4. Experimental results are discussed in
Section 3.5, followed by conclusions in Section 3.6.

3.3 Related work

3.3.1 Active learning

Supervised ML models require annotated data to train. A commonly-taken approach to
train these models is to annotate a subset of the available data to reduce annotation
time. Uniform random sampling, or RND, is a common data instance selection method, or
query strategy, and is considered a passive learning approach. Active learning extends the
annotation process by performing passive learning in an iterative way. At each iteration,
a small number of unlabeled instances, called a batch, are selected and added to the
already existing pool of labeled instances. Thereafter, the model is retrained on the new
set of labeled data instances. This iterative approach allows the query strategy to exploit
knowledge of the previously trained model for the selection of every new batch. Active
learning has proven to regularly outperform passive learning, as less annotated data is
needed to reach equivalent model performance [119, |. A visualization of the relation
between passive and AL is provided in Figure 3.1.

Many AL algorithms, with different query strategies, have been proposed in the past.
Recently, data-driven methods, which learn a query strategy from existing annotated
datasets have been proposed [150, , ]. A major drawback is however that
annotated, and possibly large, datasets representative of the problem need to exist for
training purposes on beforehand. We therefore focus on query strategy methods which do
not require training. These methods can roughly be divided by the heuristics used to
select instances for annotation. Two of the main categories include selection based upon
instance informativeness and representativeness. Heuristics based on informativeness try
to select instances which potentially lead to the largest decrease in the uncertainty of a
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Figure 3.1: Active vs Passive learning. Passive learning is a feed-forward method where a
supervised machine learning model is trained once on an annotated subset of the available
data. Active learning uses feedback to select batches of instances in an iterative way. The
query strategy in the active learning setting is able to exploit model knowledge of the
previous iteration to select the next batch possibly leading to improved model training
performance using less annotated data.

statistical model, while representativeness-based criteria seek to select instances which
represent the underlying data distribution.

A further distinction for informativeness-based methods can be made by their
frequency of model re-training. Using US [151, | for probabilistic classifiers, or
maximum hyperplane margin for support-vector-machine classifiers [160), | requires to
re-train the model once every AL iteration, while the query-by-committee methodology
[162] requires multiple models to be re-trained. Other methods require model re-training
proportional to the amount of unlabeled instances to evaluate the expected
informativeness of each instance once labeled [163, , 165].

Methods seeking representativeness regularly use pairwise instance similarity as the
basis for selection and are often used in combination with informativeness to select
instances with high model uncertainty that are representative of the underlying
distribution. Clustering and density weighted methods [166, | assign more weight to
instances in dense regions, while diversity methods [168, | provide exploration by
preferring the selection of dissimilar instances; others combine uncertainty, density and
diversity [170, 171, 172].

The computational complexity and performance of multiple instance selection
methods is reviewed in [173, , | and their results show that model re-training and
instance similarity based heuristics lead to a drastic increase in computational time for
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the selection of instances. These methods could therefore form a problem in ML, where
instance similarity is difficult to define or when model training is time consuming; such is
the case of image-based deep learning [174] and ML applications in AM, as further
discussed in Section 3.3.2.

The introduction of randommness into the selection of instances can provide a
computationally low cost alternative for instance similarity-based exploration.
Furthermore, ill-defined instance similarity metrics would be avoided.  Weighted
uncertainty sampling was introduced by [175]; the method assigns a selection probability
to each unlabeled instance, proportional to their classification uncertainty. Their method
does however not have the ability to adjust the sampling probability weight of instances
to focus more on exploration or exploitation. Furthermore, it does not adapt throughout
the AL process.

The works by [176] and [177] used the class predictions between AL iterations to
quantify ML model change. A low model change, is indicative of the exploitation phase
of the active learning process, while a high model change, is related to the exploration
phase. The authors used this metric as a probability to decide whether to use RND or
US respectively. However, a major drawback is that either unlabeled data instances have
the same probability of being selected whenever RND is chosen, or no probability of
being selected, with the exception of the most uncertain one, for US.

The proposed method in this present work, Adaptive Weighted Uncertainty Sampling,
called AWUS, combines weighted uncertainty sampling with the adaptability of model
change and solves the problems of [175, , | highlighted above by combining
approaches. This methodology will be explored on a variety of datasets from the
OpenML database [178] and vision data from metal AM processes, specifically DED.

3.3.2 Vision-based process quality prediction in AM (DED)

Several methods for process quality prediction in metal AM processes based on melt-pool
features have been proposed in the past [06]. Measuring the melt-pool geometry is useful
for monitoring the process stability deviations, as well as for real-time control of AM
processes. The extraction of the melt-pool boundary based on image processing heuristics
such as pixel intensity thresholding, filtering, morphology operations, and edge detection
[179, , , , 116] are popular due to their simplicity, but lack flexibility as they are
tuned to work for a specific DED process setup, with specific camera settings, and expected
melt-pool appearance. A more flexible and general approach is taken by [1418], which uses
a convolutional neural network (CNN) to perform melt-pool segmentation. However, the
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downside is the need to annotate large amounts of images to train the ML model, which is
time consuming since the melt-pool boundary needs to be manually determined by human
annotators, on the pixel level.

The appearance of the melt-pool is also used to predict the melt-pool depth of the
molten material as an indication of the melting mode physics phenomena. Over- or under-
melting of the metal can lead to creation of porosity in the material due to the formation
of cracks, gas-pores, or intra- or inter-layer overlap defects [55]. Examples of such efforts
include the work by [183] which applies principle component analysis to extract and reduce
appearance information from melt-pool images to a lower dimensional feature vector and
a hidden Markov model to predict the penetration quality. [126], [129] and [125], on the
other hand, use a CNN to extract features and classify melt-pool penetration from images
directly. These works do however rely on quality datasets without interference from smoke,
spatter or other phenomena obstructing the visibility of the melt-pool.

Perhaps the most interesting approach is taken by [1258], as an image classification step
is introduced before the prediction of the penetration level. They observed that saturated
pixels in the images would lead to meaningless predictions. Therefore, they trained a
CNN to distinguish between good and bad images before being fed into the penetration
prediction network. A more sophisticated process and image quality classification method
seems however to be missing in literature.

The proposed feature extraction and image quality classification method in this present
work extends upon the concept captured in the work by [128], by classifying image quality
into multiple categories based on the visibility of the melt-pool for DED processes. This
method contributes to the field of data science, with an application in DED, by introducing
a more general classification method based upon melt-pool occluding features as smoke,
spatter and the plasma arc.

3.4 Methods

3.4.1 Active learning methodology and performance evaluation

This work considers the pool-based batch-mode AL setting (PBAL), which is described in
Table B.1 of the Supplementary Material B, where a large pool of unlabeled data instances
is available beforehand. This approach translates well to the AM field, where unlabeled
instances in the form of in-situ acquired sensor data are often recorded during experiments,
leading to pools of unlabeled data instances such as frames from video-recordings. The
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amount of classes per dataset is considered variable, therefore binary- and multi-class
classification problems are considered. At each AL iteration, a single or a number of
unlabeled instances, called batch, are selected by a query strategy, labeled by human
annotators and added to the existing pool of labeled instances. The updated labeled pool
is then used to (re)train the ML classification model. The goal of the query strategy is to
select the unlabeled instances leading to the highest gain in classification performance.

Initially, we assume the existence of a large pool of u unlabeled data instances U =
{x;}%,, a small labeled pool L = {(y;,z;)}'_, of I instances, the set C of unique class
labels in U U L, a classification model m not trained on L, a set of human annotators
H and a query strategy ¢. Additionally, a batch size b and termination condition ¢ are
provided controlling the AL execution. Although this work considers the batch size to be
constant throughout the AL process, it is possible to select a different number of unlabeled
instances at each AL iteration. The termination condition can be as simple as a limited
number of AL iterations or based upon other criteria available during the process. The
complete history of the pools and models of every AL iteration is available, this present work
however considers the subset U, L, m, m to be the available prior information accessible by
query strategy q to select a batch Ug at each AL iteration with m and ™ the previous
and current model respectively. The annotators H are thereafter deployed to annotate Upg
leading to labeled batch Lg. The updated labeled pool is used to retrain the classification
model resulting in updated current model . This process is continued until termination
or when no unlabeled instances are left. The last trained model m and labeled pool L are
considered the results of the AL process and returned to the user.

In this present work, query strategy performance is evaluated through AL simulations
on pre-annotated datasets using the procedure described in Table B.3 of the Supplementary
material B. Each dataset is split into a training and validation set where AL is performed
on the training set and ML model classification performance is evaluated on the validation
set. The benchmark ML model performance, called BENCH, is the score achieved by the
classifier on the validation set whenever trained on the complete pre-annotated training
dataset. A trained model and sequence of labeled data instances L are the results from
each active learning experiment. Using sequence L, active learning curves are created
through retraining the classification model for every number of annotated data instances
in L, as shown in Figure 3.2(a), and evaluating the classification performance on the
validation set against BENCH. The distribution of the proportion of data instances needed
to reach BENCH could take any shape. Using the mean and standard deviation of the
distribution is therefore not used to compare active learning results, since it could provide
misleading results in case different distributions are compared. The cumulative distribution
provides insightful information on the distribution of results, as is displayed in Figure
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3.2(b). A direct comparison between query strategies is possible for different proportions
of simulations by reading the figure as; A % of the simulations needed B (or less) % of
the training data to reach BENCH for query strategy 1 while query strategy 2 needed C
(or less) %”. A single quantitative measure to compare query strategies is obtained by
calculating the area under the cumulative curve (AUCC) in percent where a higher score
relates to better AL performance.

(a) Active learning curves

% N — 9 : BENCH

I[\I r’,—
1 / i
r=
'I ol H W Query strategy 1 F1-macro score
II /l . Query strategy 2 on validation
'l s i —=- Example curve dataset
1/ b ® BENCH crossing
L4 ¥ Range of curves
T — 1
Annotated % of training dataset
0% used for classifier training 100%
(b) Cumulative dist. of BENCH crossings
r 100%
A

Area (AUCC)
Proportion of
simulations

| L ! L 0%
T 1
0% B C 100%

Annotated % of training dataset needed to reach BENCH

Figure 3.2: General query strategy performance evaluation strategy. (a) Active learning
curves example where BENCH is the score achieved by the classifier when training on the
complete training dataset. (b) Cumulative distribution of BENCH crossings. Read as: ”A
% of the simulations needed B(or less) % of the training dataset to reach an equivalent
Fl-macro score as if trained on the complete training dataset for query strategy 1 while
query strategy 2 needed C (or less) %”. The area under the cumulative curve (AUCC) is
used to compare query strategy performance where a larger area is better.

29



3.4.2 Adaptive weighted uncertainty sampling

In this section the authors present a novel query strategy, Adaptive- Weighted-Uncertainty-
Sampling, or AWUS, which is described in Table 3.1. The proposed method is adaptive,
since it balances exploration and exploitation based upon the change of model predictions
between AL iterations. This change, in combination with the classification uncertainty of
the unlabeled instances, assigns a weight to each unlabeled instance. At last, these weights
are turned into a pmf [181] which is sampled resulting in an unlabeled batch of instances
to be annotated.

To better understand the algorithm, the definition of model change is important. The
conditional probability of a label y, given data instance x, on the basis of a classifier
architecture m trained on L is defined as P(y|z). A decision function d which predicts the
class y for a given instance x can then be described as follows:

d(x) = argerréax P(y|z) (3.1)

The previous and current decision functions d and d are available at each AL iteration
since the previous and current classification models m and m are available. The difference
between the predictions, which is related to model change, can be quantified using any
metric able to define similarity. In this work we explore two metrics. The first metric is

the cosine similarity metric s., which is used by the authors of [176] and [177], and defined
as: _
D, D
Se = D, D) _> (3.2)
IDIH[Dl]

with D = (d(z)|z € X) and D = (d(z)|r € X) representing ordered sets of the real-
valued previous and current class label predictions for all labeled and unlabeled instances

X = LUU. The ratio similarity metric s, is the second metric used in this work which is
defined as:

(3.3)

with N =37 1)—a@ the number of equivalent predictions and 1 as the indicator
function. Both s, and s, have positive range 0 < s < 1 since d(z) € Z'. Instead
of weighting the sampling probability of each instance proportional to the classification
uncertainty, as in [175], our method calculates an exponential weight e at each AL iteration,
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which is defined by similarity s, to shape the pmf of the instances according to model
change. We define exponent e as:

B (3.4)

1 —max(s,e)

with € &~ 0 as a very small number to prevent zero division. For our experiments we
used € = le™®. The exponent inversely scales s and is used to weight the classification
uncertainty of each unlabeled instance. Although multiple metrics exist to quantify
classification uncertainty [153], in this present work the authors use least confidence [151]
for its simplicity, where instance uncertainty is defined as:

u(z) = 1 — max P(y|z) (3.5)

yel

where P represents the conditional probability of model . Since the range 0 < u(z) <
C]-1
IC]
uncertainty n(z) according to:

is dependent on the number of possible classes in the dataset we introduce normalized

_ ]
n(z) = o= 1u(:c) (3.6)

with range 0 < n(z) < 1. The exponent e and normalized uncertainty n(z) are
thereafter used to assign a weight w(x) to each unlabeled instance = by

w(z) = (n(z) +1)° (3.7)

with range 1 < w(z) < 2:72 ~ 00. At last, instance weights are transformed into pmf
p(x) by:
o) =8y e, (3.8)

with Us; C U the subset of available unlabeled instances during batch construction.
Normalizing constant W =, w(x) scales the weights w such that ., p(z) = 1 and
p(z) resembles a pmf. The relation between instance uncertainty u(z) and the probability
of being sampled from p(z) as a function of s is showcased in Figure 3.3.

AWUS is applicable to any ML dataset or task, with the only constraint being a model
capable of providing instance uncertainty. No definition of instance similarity for instance
exploration is needed, AWUS is therefore well suited for AL tasks where instance similarity
can be difficult to define, such as computer vision in AM, and DED particularly.
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Table 3.1: Adaptive Weighted Uncertainty Sampling (AWUS). A batch Up of unlabeled
data instances is selected /sampled from the pool of unlabeled data U.

Input : U - Pool of unlabeled data instances
L - Pool of labeled data instances
m - previous model
m - current model
C - Set of unique class labels
b - Batch size
Output : Ug - Batch sequence of unlabeled instances

1 e+ m,m,UL,C // Construct exponent using eqs.3.1,3.2,3.3,3.4

2 Up+ O // Empty batch

3 while |Up| < b do

4 Us+ U\Up // Get available unlabeled instances

5 p<+m,C e, Us // Construct pmf using eqs.3.5,3.6,3.7,3.8
gample // Sample unlabeled instance

Up+ UpUx // Add unlabeled instance

3.4.3 DED process quality classification based on melt-pool
visibility

In this work, we consider 8 different wire-fed directed energy deposition processes with
vision-based in-situ measurement setups using camera’s. The location and orientation of
the camera is assumed to be variable. From the acquired DED datasets, which are further
discussed in Section 3.4.4, recurring features are observed to be present in the images. An
example image with all of these features, or objects, is shown in Figure 3.4.

The prediction of process quality from imaging data is dependent on the quality of
acquired sensor data. Since the melt-pool geometric features are used for the prediction
of melting mode phenomena, defects, deposition geometry, melt depth, cooling and
solidification rates, as discussed in Section 3.3, the ability to observe and measure the
melt-pool geometric features is crucial. Based on melt-pool visibility, every image is
classified as either (i) no melt-pool, (ii) occluded melt-pool or (iii) segmentable melt-pool
based on the presence and visibility of features in the field-of-view of the camera. The
definition of the three classes, along with reasons to assign an image to a specific class,
are provided in Table 3.2.

In the proposed methodology, each image is compressed to a lower dimensional feature
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Figure 3.3: Showcasing of the relation between similarity s and instance sampling
probability p(z) for various values of s. The particular values s = 0,0.5,1 result in
exponents e = 0, 1, oo leading to uniform random sampling (RND), proportionally weighted
uncertainty sampling (WUS) and max uncertainty sampling (US) respectively.

vector to reduce computational complexity, extract features related to the visual signature
of the objects observed in Figure 3.4, reduce the sensitivity to different lighting conditions,
and ensure invariance of response to rotation and position in the field-of-view. To reduce
sensitivity to different lighting conditions, a min-max scaling is used on every image [

according to:
I —min/
N = e (3.9)

max ] — min [

resulting in scaled image N such that max N = 1 and min N = 0. Thereafter, we
construct feature vectors for each image by concatenating the histogram of pixel
intensities and histogram of pixel gradient magnitudes. Histograms provide information
on the distribution of pixel values, therefore being invariant to rotation or position.
Furthermore, The value of each histogram bin (or feature) is achieved by calculating the
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Figure 3.4: General recurring objects observed in images from DED datasets

Table 3.2: DED image classification

Classification Reasons to classify

No melt-pool Melt-pool not visible (process did not start yet, has ended, is
interrupted or obstructed) or outside camera field-of-view.

Occluded melt-pool Melt-pool visible but boundary obstructed through spatter,
smoke, arc, torch, bead, wire, pixel saturation, bad lens focus.

Segmentable melt-pool ~ Melt-pool visible and boundary not obstructed.

number of pixel values in a value range. Each bin is assigned a different value range. A
smaller range of pixel values assigned to each bin requires more bins to capture the
complete range of pixel values. This provides the ability to increase or reduce the
histogram size, thereby controlling the number of features. In the following paragraphs,
the rationale and mathematics behind the feature extraction methodology are discussed.
Conformation of our approach as well classification results are further discussed in
Section 3.5.1.

Each melt-pool class, as presented in Table 3.2, is expected to show, on average, a
different image signature in terms of pixel intensities distribution. The distribution of pixel
intensities in images NN classified as "No melt-pool” is expected to be relatively uniform
compared to the other classes due to the absence of higher intensity process signatures
such as the plasma arc and spatter. The ”Segmentable melt-pool” images show larger
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differences in pixel intensities, since low intensity pixels belong to the background, while
high intensity pixels belong to the melt-pool, arc, bead and other bright features. Occluding
image signatures, such as smoke and spatter, are of equal or lower intensity compared to
the plasma. Furthermore, these features tend to blend the images due to the smoothing
effect of process, setup, and sensor phenomena. The distribution shape of pixel intensities
for ”Occluded melt-pool” images is therefore expected to show more differences between
the number of low and high intensity pixels than the ”No melt-pool” class but less than the
”Segmentable melt-pool” images. To capture the intensity distribution of scaled images
N, a histogram of intensities hist(N,by), is computed for every image leading to a vector
of by features (bins), with bin edges (0, ;=,...,1).

) bN bl

Besides intensity information, the magnitude of gradients’ distribution in each image,
capturing edges, is used to further distinguish between the classes. Images belonging to
the ”Segmentable melt-pool” class are generally sharp without the presence of many
occluding features blending the images. Sharp edges at the melt-pool boundary are
therefore preserved. This in contrast to the ”"Occluded melt-pool” images where the
melt-pool boundary could be occluded by process, setup and/or sensor phenomena. The
edge gradient intensities are therefore expected to be lower as well. The distribution of
gradients in scaled images /N belonging to the "No melt-pool” class will generally show a
more uniform distribution of gradient intensities. The differences in distribution shape
between the classes is therefore expected to be comparable to the distribution of pixel
intensities. The magnitude of gradients for each scaled image NV is calculated using Sobel
operators as follows:

[121)7 % ([L0 — 1] * N) (3.10)
(10 —1]" % ([121] * N) (3.11)

\/S2+S2/V2 (3.12)

with ”*” the convolutional operator leading to image of gradient magnitudes G. The
magnitude is divided by v/2 to ensure maxG < 1 and min G > 0. The resulting feature
vector H is constructed by concatenation of the histogram of normalized intensities
hist(N,by) and histogram of magnitude of gradients hist(G, bg) according to:

Sa
Sy
G

H = (hist(G, b), hist(N, by)) (3.13)

The choice for the number of bins by and b¢ is further discussed in Section 3.5.1. Large
differences in scale are possible with the use of histograms which could possibly lead to
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difficulties during classifier training. We therefore apply a normalized natural logarithm
transformation by:
In(H +1)

T H/2 1)

—05 (3.14)

such that maxz < 0.5 and minx > —0.5. The resulting feature vector x is calculated
for every image and used for classifier training as will be further discussed in Section 3.5.1.
A visualization of the feature extraction process is displayed in Figure 3.5.
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Figure 3.5: Feature extraction of in-situ images from DED processes. Min-max scaling (
equation 3.9 ) of input image, magnitude of gradients (equation 3.10), histogram of pixel
intensities and gradients ( equations 3.13), stacking and normalizing ( equation 3.14) lead
to feature feature vector x, with bg gradient features and by intensity features.

3.4.4 Experimental setting

Our proposed novel active learning query strategy, as discussed in Section 3.4.2, is compared
against b state-of-the-art query strategies and RND, which serves as a baseline performer,
using the performance evaluation method described in 3.4.1. Related to the discussion in
Section 3.3, the following query strategies are selected:

e Uncertainty sampling (US), which selects unlabeled instances with the highest
uncertainty [151, 153].

e Proportionally weighted uncertainty sampling (WUS), which samples unlabeled
instances weighted by their model prediction uncertainty [175].

e Uncertainty, density and diversity sampling (UDD), which selects uncertain instances
in dense regions far away from other labeled instances (diverse) using the cosine
instance similarity metric [172].

36



e Uncertainty sampling with a random exploration component (EGA), which randomly
chooses to use uncertainty or random sampling at each query with a probability
defined by model change [177].

e Another combination of uncertainty and random sampling (BEE), with a slightly
different selection method compared to EGA [176].

A diverse set of 36 datasets is selected to evaluate and compare AL performance of
the query strategies and AWUS. The majority, 28 datasets, are acquired from the
OpenML database [178] with most of them originating from the UCI repository [135].
These datasets are commonly used in active learning research [155, 154] and selected
based upon popularity. The other 8 datasets are created through feature extraction and
annotation of 8 in-situ video-recordings, each acquired from a different DED process, as
described in Section 3.4.3. An example image per DED dataset and class is visualized in
Figure 3.6. The number of images assigned to each specific class, in each dataset, is
displayed in the right lower corner of each example image. Specifics for each dataset are
presented in Table B.2 of the Supplementary material B. The annotation protocol used to
link each image with a specific class is provided in Figure A.1 of Supplementary material

! ~
N - . .
103 85 § 48 :

Figure 3.6: Image examples for every DED dataset [a,h] and class [N,0,S]. Each is image
in every dataset is manually labeled as either No(N)-,0Occluded(O)- or Segmentable(S)-
melt-pool. Number of images per class shown in corner of image. Additional information
can be found in Table B.2 in the Supplementary material B.

ul,

All DED datasets are acquired through in-situ video recordings of steel wire-fed DED
deposition systems on steel using a Xiris XVC-1000 camera at 55 frames per second with a
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50mm Ricoh FL-CC5028-2M optical lens creating gray-scale images of 1024x1280 pixels. A
Midwest optical systems BP635-27 red light bandpass filter is used during data acquisition
of datasets [b,e,f] (see Figure 3.6) while the rest is acquired without any filter. Datasets
[a,d,e] are created using T-joint deposition while the rest uses a flat surface. The camera
view is leading the deposition in [a,b,e,f,h], trailing in [d] and from the side in [c,g].

Logistic Regression (LR) [151, |, support vector machines (SVM) [159, , ,

, 164, 186], Gaussian naive bayes (GNB) [163, 169] and Random Forest (RF) [172, 187]
are popular classifiers within active learning research. In this present work, all 4 classifiers
were used for the comparison with the active learning and DED classification performance
experiments. For the RF, 10 decision trees were used and a linear kernel for the SVM.
The Fl-macro metric was used to evaluate classification performance. This metric can
be interpreted as a weighted average of the precision and recall for each class, and is
appropriate for multi-class classification problems. The definition of conditional probability
P(y|z) of a class label y given data instance feature vector x is crucial for the workings of
many active learning query strategies, as discussed in Section 3.4.2. For details regarding
the implementation of the classifiers, definition of conditional probability and the F1-macro
metric please refer to the Scikit-learn [188] ML library version 0.24. All experiments are
implemented in Python 3.9 and computations are performed on a Intel i7-9700K CPU.

3.5 Results and Discussion

This section provides experimental simulation results for (i) the proposed DED

classification methodology as described in Section 3.4.3 and (ii) the proposed active
learning query strategy AWUS as described in Section 3.4.2.

3.5.1 DED feature extraction and classification results

To determine the influence of feature vector construction, as discussed in Section 3.4.3,
on classification performance, we performed 1000 repeated experiments for each classifier,
DED dataset and intensity and gradient features combination. For each experiment, each
annotated dataset is divided into a 50/50 % training and validation set split using uniform
random sampling. All images in both the training and validation set are thereafter turned
into feature vectors of sizes 4, 8, 16, 32, 64, 128 and 256 for 3 feature balance cases; (i)
100% gradient features, such that the all features in the feature vector originate from the
magnitudes of gradients histogram, (ii) 100% intensity features, such that only features
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from the histogram of intensities are used, or (iii) 50/50% gradient and intensity features,
where equal size histograms are used such that b = by. Each classifier is thereafter trained
and evaluated for every feature vector size and case.

The Fl-macro classification performance results over all classifiers and datasets is
presented in Figure 3.7(a). Although feature vectors consisting out of 100% intensity
histogram features perform better than 100% gradient histogram features, the
combination of both intensity and gradient features provides superior performance for an
equal amount of features. For feature vectors with more than 4 features a 50/50%
contribution of gradient and intensity features consistently outperforms the others, with a
median Fl-macro score of approximately 90%.

For all DED datasets, the 50/50% gradient and intensity 16-bin feature vector were
selected for further analysis. This amount of features is chosen as a trade-off between size
and performance. Detailed performance figures for each classifier and DED dataset using
this type of feature vector are provided in Table B.2 of the Supplementary material B. To
test the proposed feature extraction approach as described in Section 3.4.3, the authors
have shown the distribution of the values of the features in all 16-bin feature vectors for
each class in Figure 3.7(b). The results confirm the hypothesis as the different signatures
in the lower, middle and higher intensity and gradient regions are indeed showing the
expected differences between the classes as discussed in Section 3.4.3.

The proposed feature extraction and classification method for DED processes shows to
be an effective tool in classifying DED images based upon the visibility of the melt-pool.
Our feature extraction method is performed on an image-by-image bases without the need
to normalize based on a global dataset mean and standard deviation. As a result, our
extraction method is therefore easy to implement for real-time applications as a feature
vector can be generated whenever the image is acquired from the sensor. Although not
investigated in this research, other ratios between the number of gradient and intensity
features, or different feature extraction methods and classifiers can possibly lead to even
better results; this can be an avenue for future work.

3.5.2 Active learning results on reference dataset

To clarify and visualize the difference between query strategies, the authors performed
10000 active learning simulations for each strategy using a batch size of 32 on a newly
created reference dataset, named the ”"Horizon dataset”, as presented in Figure 3.8. This
binary dataset (two classes) has 1800 data instances with 2 features (x and y), where 225
points belong to the yellow and 1575 points to the blue class leading to a class imbalance
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Figure 3.7: DED feature extraction and classification performance. All transparent areas
correspond to the 25 and 75 data percentiles, while solid lines are the medians. (a) F1-
macro score distribution over all classifiers combined on validation set against the number
of features in each feature vector. (b) Distribution of 16-bin feature vector (50/50% grad.

int) values for each class. The first 8 Features of each feature vector hold gradient features
and the last 8 hold intensity features.
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ratio of 1:7. Half of the data instances are positioned in a regular grid between -1 and 1
and a dense cluster of 900 instances in the yellow class provides the other half. A Fl-macro
classification score of 100% could be achieved by predicting the yellow class when y > —0.5
and blue otherwise. Class separation based on clustering is impossible for this dataset as
the decision boundary lies within the regular grid. Exploration of the instance space
and exploitation of model knowledge is therefore necessary to achieve good classification
performance.

RND selects many instances in the majority class cluster. Since the actual decision
boundary is far from this cluster, these labeled instances do not add to AL performance.
US selects redundant instances close to the decision boundary of the current model.
Initially however, the model has been trained only on a few labeled instances, leading to
incorrect predictions and the selection of instances far from the actual decision boundary.
WUS improves RND by incorporating instance uncertainty. The proportional weighting
is however static throughout the AL process, therefore not exploiting model knowledge
enough at later AL iterations. BEE and EGA randomly choose between random and
uncertainty sampling based on a probability defined by model change between AL
iterations. BEE uses less random sampling compared to EGA. Early AL iterations
however show that either instances are selected in the majority class cluster when
random sampling is chosen, or instances close to the decision boundary of the current
model. Therefore combining both problems of random and uncertainty sampling. UDD
selects instances near the cluster and across the instance space but lacks fast convergence
towards the actual decision boundary. AWUS, the proposed algorithm by the authors, is
evaluated using the cosine similarity metric (AWUS-C) and the ratio similarity metric
(AWUS-R) as described by Equations 3.2 and 3.3 in Section 3.4.2. Both methods initially
select unlabeled instances similar to RND and gradually adjust towards US at later AL
iterations.

AWUS-C and AWUS-R outperform all other methods and reach a 99.88+ and 100%
Fl-macro classification score in 6 AL iterations by annotating only 11% of the unlabeled

dataset, regardless of the initial conditions. Computationally, RND is most efficient,
followed by WUS, AWUS-R, AWUS-C, US, EGA, BEE and UDD.

3.5.3 Active learning results on OpenML and DED datasets

Additionally, the performance of each query strategy is evaluated by performing active
learning simulation experiments on the 36 real-world pre-annotated OpenML and DED
datasets as described in Section 3.4.4. The exact simulation procedure is described in Table
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Figure 3.8: Results from 10,000 AL simulations with a linear SVM on ”Horizon.” Two
initial labeled instances (column 1) is followed by 6 AL iterations (columns 2-7). Each
iteration shows the lowest F1-macro score and average time. Red lines are the 95% decision
boundary range; green lines show one simulation’s boundary. White and black dots denote
unlabeled and labeled instances.
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B.3 of the Supplementary material B. We continue by providing a high-level overview of
the procedure.

Each dataset is randomly split into a 50/50% training and validation set while
maintaining the class balance ratio of the complete dataset in both sets. A single labeled
instance per class from the training set is randomly selected leading to labeled pool Lj.
The unlabeled pool of instances Uy is created by selecting all instances (without labels)
from the training set which are not already present in the labeled pool. To investigate
the effect of batch size on the performance of each query strategy, active learning is
performed for batch sizes 1, 4, 16 and 64. For each combination of batch size, classifier
and query strategy active learning is performed on the same initial datasets Ly and Uj.
Since many combinations of splitting the dataset and initial known labeled instances
exist, which might affect classification performance, we perform 1000 repeated active
learning simulations, with different random selections of instances, on every dataset for
all combinations of batch size, query strategy and classification model.

Overall, AL results over 4 batch sizes, 4 classifiers and 36 datasets, repeated 1000
times per query strategy is displayed in Figure 3.9. Each query strategy is sorted by their
resulting AUCC score. AWUS-C (cosine similarity) and AWUS-R (ratio similarity) are the
winners overall, as they outperform all other query strategies, not only in AUCC value,
but also by examining the cumulative curve as less annotations are needed compared to
the others at every proportion of simulations.

The performance per classifier and dataset is shown in Figure 3.10. The choice of
classifier has a large effect on the distribution of active learning results. The AUCC
evaluation method proposed in this work, with the use of cumulative curves, is therefore
an appropriate choice as discussed earlier. AWUS-C and AWUS-R are not only
outperforming most query strategies on the DED as well as OpenML datasets, but also
the most robust, as other strategies show mixed performance and a high sensitivity to the
usage of different datasets and classifiers.

The influence of batch size on the performance of query strategies per classifier is
displayed in Figure 3.11. As expected, the overall AL performance decreases with an
increase in batch size due to the less frequent model updates throughout the AL process.
AWUS, and its variants however, are least affected by an increase in batch size compared
to the other query strategies. AUCC scores for each classifier, dataset and query strategy
are presented in Table B.4 in the Supplementary material B.

In real-world AL applications, larger batch sizes are normally preferred over smaller
batch sizes [152, 189]. This way, the number of times the model needs retraining (which
can be time-consuming) can be reduced. Especially in scenarios where multiple annotators
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Figure 3.9: Active learning performance comparison of state-of-the-art query strategies
and AWUS over all 36 datasets, 4 classifiers and 4 different batch sizes. Each parameter
setting repeated 1000 times with different dataset splits (50/50% train-test) and initial
conditions. See Figure 3.2 for evaluation metric details on AUCC and BENCH.
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Figure 3.10: Active learning performance comparison of state-of-the-art query strategies
separated by dataset source ( DED or OpenML ), and classifier. See Figure 3.2 for
evaluation metric details on AUCC and BENCH.

are involved, since single instance selection would require each annotator to wait for the
model to retrain after another annotator selected an instance to be labeled. Larger batch
sizes allow multiple annotators to annotate in parallel on the selected batch of instances.
Furthermore, the low computational cost of AWUS, since random instead of similarity
based exploration is used, allows for faster AL iterations. Pairwise instance similarity can
be difficult to define. Particularly in image processing where a definition of image similarity
is often based upon the objects present in the image rather than pixel value distance [190].
As discussed in Section 3.4.3, DED image feature extraction and classification is performed
based upon the visibility of the melt-pool. The performance of similarity based AL query
strategies is dependent on the feature extraction method while AWUS, and other methods
incorporating random exploration, can operate solely on model uncertainty. This can be
useful in deep learning based ML methods where feature extraction and classification are
embedded into a single neural network.
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Figure 3.11: Active learning performance comparison of state-of-the-art query strategies
separated by batch size (1,4,16,64) and classifier over all 36 datasets. See Figure 3.2 for
evaluation metric details on AUCC and BENCH.
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3.6 Conclusions

This work presents a novel active learning method AWUS which adaptively balances
random exploration with uncertainty based exploration using model change. AWUS
outperforms the state-of-the-art and is computationally low-cost. Since random
exploration instead of instance similarity based exploration is used, feature representation
does not affect active learning performance. Our method is therefore especially suited for
image-based machine learning models where image similarity is difficult to define, such as
in-situ  process quality prediction for directed-energy-deposition (DED) additive
manufacturing.

AWUS outperforms the state-of-the-art across 36 datasets from different domains
(UCI, OpenML) on 4 batch sizes (1, 4, 16, 64) over 4 different classifier architectures
(Logistic Regression, Support Vector Machine, Random Forest, Gaussian Naive Bayes) as
the required amount of annotations needed to for training supervised machine learning
models is reduced by 20 to 70% in 90% of the simulations.

Furthermore, we present a novel process quality classification method for DED processes
based on the visibility of the melt-pool boundary in in-situ acquired imaging data. Our
DED feature extraction and classification method is evaluated on 8 datasets acquired from
different DED machines showing a median F1-macro score performance of 90+%.

47



Chapter 4

The impact of domain shift on deep
learning model performance in
directed energy deposition process
quality prediction!

4.1 Preface

Additive manufacturing (AM) processes can generate a wealth of in-process data.
Current machine learning (ML) modelling efforts focused on informing quality of directed
energy deposition (DED) processes are often created using small non-diversified datasets
with significant similarity between training and validation data. This can potentially
provide an unrealistic view on model performance in real-world operating scenarios,
where input data can differ significantly from the training data. Although domain
adaptation methods adapt existing models to new environments, they are inoperative in
real-time quality prediction on edge devices, where re-training is impossible, and there is
insufficient available target-environment data. A detailed definition of potentially
experienced environment changes and their effect on machine learning performance is
however missing in the AM and DED literature but could provide insights into the
operability of ML models with and without the need for domain adaptation. In this work,
we introduce a novel diverse DED dataset that enables training and validation across

IChapter is adapted from an article submitted for publication
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multiple newly defined environmental changes typically experienced in DED. We evaluate
a multitude of modern ML architectures and provide insights into the applicability of the
models considering cross-environment performance and inference latency.

4.2 Introduction

Metal additive manufacturing (AM) is a promising smart manufacturing technology class
due to its potential to reduce the product supply chain, from design to physical component,
with increased customization possibilities and material utilization, thus leading to a smaller
operational footprint, and on-demand manufacturing [191]. Directed energy deposition
(DED) is a type of metal AM process where an energy source, typically a laser, melts a
feed-stock material, typically powder, that solidifies to a substrate to build parts or features.
DED processes can generate a wealth of in-process data across spatial, temporal, spectral,
and radiometric scales of resolution. The input parameter space such as design, process
parameters, material characteristics, and the associated post-process part characterization
measurands are data streams which can be leveraged for extracting intelligence pertaining
to part quality and process performance. Advancements in sensor technologies and data
acquisition methods have led to a drastic increase in AM data available before, during, and
after part fabrication, leading to new opportunities for knowledge discovery and quality
improvement [192]. Recent efforts to improve process repeatability and part quality are
focused on learning as much as possible about parts and processes through in-process
monitoring and analytics [193]. Machine learning (ML) methods especially, have gained
the attention of the AM and DED community, for the prediction of part quality and defect
detection throughout the AM development cycle [194].

A recent thorough review on machine learning defect detection in metal AM has been
conducted by Fu et al. [195] where studies on geometrical defects, porosity, cracks and
incomplete fusion detection are summarized for several ML architectures and sensor data
types. Although the overall average classification accuracy of 90+% across the 56 studies
shows promise, the applicability and operability of these models is questionable as: (1)
each study uses a single hardware setup consisting of a specific AM machine and data
acquisition system; (2) a single or small finite set of experiments are conducted; (3) a
single or limited set of different process parameters or machine settings are used; (4) All
studies use uniform random sampling to divide their dataset into a training and validation
set; (5) a robust justification of model selection is typically missing. Whether these models
perform well in practical applications, with changes to the operating environment relative
to the training data, such as but not limited to, different process parameters, a different
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AM machine, a different part to build, changes in air-density, is unclear. A ML model
trained and validated on data coming from the same data distribution, where a dataset
is split into a training and validation set using uniform random sampling, only provides
insights into model performance on that particular dataset and experimental setup.

The vast number of process parameters [11], material options [196], AM technologies
[191], sensor technologies [197], and furthermore the possibilities and differences in input-
data distribution are extensive. ML model training and validation is currently impossible
for all of these possibilities due to time and cost constraints [195], leaving only room for a
limited amount of AM experiments and therefore, in-situ data acquisition campaigns.

Transfer learning (TL) is a branch of ML focused on re-using a pre-trained model for
a new task, with the potential to reduce the amount of data needed to re-train a model
for the target environment, and has gained the interest of the AM community for the
aforementioned reasons. The state of TL in AM has recently been reviewed by Tang,
Dehaghani and Wang [199], and they concluded that the amount of training data in the
target environment could be reduced to 20-70% of the data in the source environment.
Although TL could reduce the amount of experiments needed to develop new ML models,
it does not provide the tools or insight into ML: model performance under changes in the
operating environment it has not observed during training. The studies in [199] and [195]
are therefore burdened by the same problems as only uniform random sampling is used to
split training and validation data. Access to target data is required for TL, but often not
practical in AM, and specifically DED, in case of on-demand manufacturing. TL would
require experiments, possibly data annotation, and model re-training, before it can be used
in the target domain, possibly for every novel manufactured part, and every machine.

The application, and predictive performance, of trained ML models on unseen data from
different AM setups, process parameters, or builds is presently under-explored. If existing
ML models could be used beyond their own specific setup, redundant model training, and
TL, could be prevented. The creation of new supervised ML models requires the acquisition
and annotation of new training and validation data, as well as model re-training which
could be very inefficient, expensive and time consuming [115]. Training and validating ML
models on datasets coming from a different input-data distribution could provide insight
into ML model performance under different operating conditions. The effect of such a shift
in input-data distributions, or domain shifts, on ML model performance has however yet
to be investigated within AM and is part of the goal of the present study.

To motivate the exploration of novel ML architectures to improve performance under
domain shifts, the evaluation of the existing state-of-the-art (SOTA) supervised ML model
architectures under different domain shifts is imperative; such is the focus of this present
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work. Studying the effect of multiple domain shifts on ML model performance requires
a rich and diverse enough dataset such that a sufficient number of different training and
validation splits can be generated to simulate and validate the different domain shifts.

This work, to the best of the authors’ knowledge, is the first to define and investigate
the effect of multiple larger domain shifts that are typically experienced in the AM space,
with a demonstration on DED processes. A range of 83 different existing SOTA
supervised ML classification models are trained and validated on a range of different
machine vision training and validation dataset splits to simulate the different domain
shifts. We study the effect of process dynamics from different classes of DED, a broad
spectrum of process parameters, and different sensor/AM hardware configurations on the
classification performance based on observing melt-pool phenomena.

As such, we introduce the most diverse DED classification dataset to date, to our
knowledge. This dataset consists out 9,806 annotated images, iteratively selected using
active learning [115] from 285 in-situ videos, acquired from 49 different DED machines.
Each video is taken in-situ and represents real-world operation in the field. This is in
contrast to the laboratory conditions typically used in the literature [195] [199].
Additionally, different process parameters, camera settings, AM machine settings,
hardware positioning, and/or hardware components are used for each video. The result is
a highly diverse dataset, which enables splitting the dataset into a training and validation
subset in multiple different ways to simulate domain shifts. We analyze and compare the
different model architectures by their size, speed (CPU/GPU) and their classification
performance across 3 novel domain shift categories, and the naive baseline typically used
by the literature (uniform random sampling), for AM, and DED specifically.

Our results show that, dependent on the severity of the domain shift, classification
performance can drop by 43.2% relative to uniform random sampling. Based on these in-
depth analyses, our findings indicate that the existing literature on ML-based DED defect
detection models could therefore have questionable usability as these models are trained
and validated on small, non-diverse datasets [195]. Since uniform random sampling is
used, which represents the smallest possible domain shift, their performance figures are
only representative for a very small operating window, and experienced dynamics at the
time of data acquisition. Recommendations on appropriate model architectures and best
practices are provided.

ol



4.3 Methods

In this work we study the effect of input data distribution shifts, or domain-shifts, in
vision-based data acquired from DED processes, on the performance of SOTA ML
classification models typically used for DED defect detection, classification, and/or
prediction [195]. This section is divided in 4 subsections. The DED process quality
prediction methods are discussed in Section 4.3.1, where the classification task and model
architectures are discussed. Our novel dataset, created with diversity in mind, that allows
multi-domain validation for DED processes, is discussed in Section 4.3.2. Multi-domain
validation methods are presented in Section 4.3.3, where we introduce our novel dataset
and novel domain shift simulation methods for DED. Lastly, the experimental details are
detailed in Section 4.3.4, where we present details regarding the hardware, software and
model training/validation.

4.3.1 DED process quality prediction

The machine learning model details are detailed herein. At the start, the DED process
quality classification task is described, followed by a description of general ML classification
architecture used, and lastly, a description of the different architectural implementations
explored during our experiments.

Classification task

A representation of a typical set of images acquired during in-situ video recording of
wire-arc DED processes is presented in Figure 4.1, alongside a close-up view of typical
objects present in the acquired images, specifically the torch, wire, spatter, arc, smoke
and melt-pool. The classification task used throughout this work is equivalent to the task
described by van Houtum et al. [I15] where each image is classified separately by its
usability for further information extraction. Melt-pool visibility is of special interest since
its geometric features are often used and are crucial for proper for defect detection as
described by the former and other related works [200]. The visibility of the melt-pool is
however often obstructed, or occluded, by the other objects making melt-pool related
information extraction impossible. Also, sensor related issues such as pixel saturation, an
out-of-focus lens, and badly chosen camera parameters such as shutter time can lead to
the inability of further information retrieval.
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The duration of video recordings is typically longer than the period where the process
is active to ensure completeness of acquisition, or due to dwell time in deposition during
production. As a result, images without any process are present. Being able to identify
whether a process is active/visible could be useful as it provides feedback on whether the
process is running or not, as well as feedback on any process interruptions such as lack of
material fed into the substrate. Therefore, each image can be classified as either (i) no
process, (ii) bad process, or (iii) good process. Examples of each classification as well as
the reasons to classify are provided in Figure 4.1. Further details are available in the work
by van Houtum and Vlasea [115].

ML architecture for DED image quality classification

Deep learning and convolutional neural networks (CNN) specifically have become a popular
tool for machine learning classifications methods. Since 2013, the state-of-the-art (SOTA)

in image classification has, with the introduction of AlexNet [201] and the more recent
BASIC-L [202], predominately been topped by CNN-based architectures on the Imagnet
database [190]. The AM community has picked up on this popularity, as many defect

classification methods are based on CNN architectures [195].

Using TF by pre-training CNN backbones on the Imagenet database and fine-tuning
a novel classification head, which is tailored specifically to the new task at hand, has
proven to be a successful approach. Training time is reduced due to faster convergence,
while leading to better performing models compared to training the complete model from
scratch [203]. This approach is also favourable for smaller task-specific datasets, as training
the classification head only is much less prone to over-fitting than training the complete
model due to the large amount of parameters in the backbones. We therefore adopted this
approach for our DED process quality classification task.

The output of a CNN backbone, without classification head, is a feature vector of size
C, typically different for each backbone. For each CNN backbone used in our experiments,
we employ a different trainable classification head which consists of a single fully connected
layer which outputs a vector of size 3. A softmax function turns the vector into a probability
vector, where each entry represents a probability. The argmax function is used to select
the category with the highest probability as the prediction, which is one of the classes as
discussed in Section 4.3.1. Before the images enter the CNN backbone, they are resized
and tiled to a size of 224 x 224 x 3 using bi-linear down-sampling. This step is necessary
to ensure a common input size to the backbone for all images sizes. Image pre-processing
is included in the CNN backbones where the 8-bit integer images with a range of 0-255
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Figure 4.1: A representative example of images from in-situ DED video recordings, an
image with annotated phenomena typically observed in DED images, and the general
DED quality prediction classification architecture is shown. Image quality categories are
represented by color. No process (red); DED process did not start yet, is interrupted,
has ended or is outside of the field-of-view. Bad process (blue); DED process is inside
field-of-view but not visible due to occlusions caused by any combination of observed
phenomena (see bottom left picture). Good process (green); DED process is inside the
camera field-of-view and the melt-pool boundary is visible and segmentable. The CNN
backbone is pre-trained on the Imagenet database [190] and fixed during training while the
classification head is trained to adapt to the new DED defect detection task.

are casted to 32-bit floating point and normalized. A visual overview of the general model
architecture is shown in Figure 4.1.

CNN backbone selection

A wide variety of CNN backbones exists to date and 83 Imagenet pre-trained CNN
backbones from 10 model families; ResNet(13), RegNet(24), NasNet(2), MobileNet(16),
EfficientNet(15), VGG(2), Densenet(3), ConvNext(5), Inception(2), Xception(1l) are
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commonly available in the popular machine learning framework Tensorflow [204].
Throughout the years, several architectures have been developed with different purposes
in mind. Large and complex architectures are generally slow, but provide maximum
Imagenet classification accuracy, while smaller architectures enable real-time operation
for mobile or edge devices at the cost of accuracy [205]. In general, graphical processing
units (GPUs) provide superior performance for model training and inference relative to
central processing units (CPU), they are however expensive and are often impractical on
mobile or edge devices with limited form factors. The relative difference in model
inference speed on a central processing unit (CPU) or graphical processing unit (GPU)
can differ as well due to architecture specific implementations.

Combined with a new classification head, as discussed in Section 4.3.1, we
train/fine-tune and validate all 83 different classification architectures provided by the
Tensorflow framework [204]. The existing classification heads, which are tailored for
Imagnet classification, are omitted and replaced with our own custom classification head,
as discussed in Section 4.3.1. The total amount of parameters, of the created
classification models including our trainable classification head, ranges from 219,315
(MobileNet 0.25) to 348,154,115 (ConvNeXtXLarge) parameters. The number of
parameters for the classification heads range from 771 (Mobilenet 0.25) to 12,099
(NASNetLarge). The difference in classification head parameters is driven by the size C'
of the CNN backbone output feature vector, which differs among the backbones.
Additional details regarding the model parameters for all the classification models can be
found in the Supplementary material Figure C.3.

Although performance and latency benchmarks have been studied for the Imagenet
classification head [205], there does not exist a thorough investigation of the performance of
these models specifically tailored for DED processes. Also, the changed classification head
results in a different number of parameters, and therefore a different inference speed. We
therefore conduct multiple performance and latency tests for each specific model. Specifics
regarding performance evaluation methods are discussed in Section 4.3.3.

Model inference latency requirements for AM

Metal AM processes, specifically laser powder bed fusion (LPBF) and DED, differ in
deposition spatial resolution (melt-pool size) and temporal resolution (scanning or
deposition speed) respectively. Detecting defects in-situ requires the ability to observe
every scanning/deposition location during the build with high sampling fidelity matching
the spatial and temporal resolution of the specific process, otherwise important defects
could be missed [206]. If the field-of-view (FOV) of the detector is small, a high
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frame-rate is required to ensure the energy source-material interaction phenomena are
captured with good spatial and temporal resolution. A large FOV would cover a larger
area, therefore reducing the required frame-rate to be able to cover ever spatial location;
however the reduced information density (temporal resolution) could lead to the inability
to observe important dynamics and micro-structural defects. A small FOV might observe
local dynamics only, and potentially miss global dynamics that contribute to the
formation of defects.

In-situ observations of the melt-pool geometry have been proven to be a popular and
effective data stream used to predict the occurrence of defects [1415, |. The minimal
required FOV of the camera that is able to observe the complete melt-pool could be a
sufficient starting point, providing a lower boundary on the required camera frame-rate.
The melt-pool size is however dependent on many factors, including the material feed-
stock rate, energy-source power and velocity. The energy-source spot size, or beam spot
diameter, could be a better constraint as it is indicative of the smallest possible melt-pool
size. Beam-spot sizes typically range from 1.0-5.0 mm and 0.05-0.2 mm for DED and
LPBEF respectively, while scanning speeds lie between 5-70 mm/s and 500-3000 mm /s [207]
respectively. A lower bound can be calculated based on these metrics to ensure that every
location is captured, with sampling happening at least once per melt-pool length. DED
would require a minimal frame-rate, in frames per second (FPS), of 70/1.0 = 70 FPS.
LPBF on the other hand requires much higher frame rates at 3000/0.05 = 60,000 FPS.

The time between the acquisition of two frames, or frame-rate, is the maximum time
the quality classification system is allowed to consume. Besides quality prediction time
determined by the ML model architecture complexity, communication between the camera,
model and AM system is required as well. A frame-rate in the 100+ FPS range is what we
aim for in this study on DED systems to leave room for communication and other types
of computation overhead. We use this as a constraint in our model architecture selection
process as discussed in Section 4.4.

4.3.2 Dataset

The novel DED dataset considered for this work has a broad diversity in scenery. The
dataset is a continuation, or super-set, of the dataset introduced in [145]. A set of 285
wire-arc in-situ videos were acquired from 49 different DED machines. Each video is taken
by either a Xiris XVC-1100 or a XVC-700 NIR camera. These cameras are specifically
tailored for welding or AM applications, as they feature a high dynamic range (4140dB)
and are able to handle large differences in brightness. These cameras are monochrome,
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producing a single channel gray-scale output resolution of 1080x1280x1 at a frame-rate
up to 55 frames-per-second for the full resolution. Higher frame-rates can be achieved
by reducing the camera field-of-view setting proportionally. A total number of 557,164
images were acquired; this data set was deemed too large to be annotated completely. To
visualize the differences, we have selected an example image for each machine/scene in the
Supplementary material Figure C.1.

Furthermore, in terms of data selection for annotation, it is important to note that in
industrial settings, similar images are present due to static recordings before or after the
deposition process or due to steady state process dynamics and tool paths; this leads to
redundancy in annotation efforts, as discussed in Section 4.3.1. For this reason the AWUS
active learning method was deployed [115], to iteratively select annotation instances for 5
domain-expert annotators to annotate 9,806 images iteratively. This increased the chances
of having a smaller, yet diverse dataset. The annotation protocol used to link each image
with a specific class is provided in Figure A.1 of Supplementary material A.

Statistics of the resulting dataset after annotation are provided in Table 4.3.2. The
relative class balance between the no-, occluded-, and segmentable-meltpool are 37.5%,
17.1%, and 45.4% respectively. Each specific hardware setup, consisting of a specific DED
machine, with a specific camera setup (machine position and rotation, optical lens, etc.)
leads to a certain visual scenery. We therefore refer to these specific setups as ”scenes”
from now on. Table 4.3.2 provides insights into the distribution of images, videos and
classes across the scenes. Each scene has at minimum 31 annotated images, and 1028 at
maximum.

Most videos and scenes contain labels from all 3 classes, some however contain only
two or a single class. During data acquisition, recording generally started before the
process started. However, in certain videos, this is reversed, leading to less no-meltpool
class images, and in some cases, none. Other videos, observe DED processes tuned with
either very good or bad process parameters, therefore leading to either many occluded or
segmentable class images. Experimental details on training and validation splits is further
discussed in Section 4.3.4.

4.3.3 Multi-domain validation

ML model performance will never be completely predictable for unknown input-data.
Training ML models and validating them on data from a different input-data distribution
might provide insights into what real-world performance can be expected when deployed
under different operating conditions that share similarity with the validated domain
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Table 4.1: Xiris dataset statistics

Per Scene Per Video

Total Min Mean Max Min Mean Max
Scenes 49 - - - - - -
Videos 285 1 58 34 - - -
Images 9806 31 200.1 1028 1 344 135
Classes 3 1 2.9 3 1 2.6 3
-None 3685 0 752 765 0 129 118
-Occluded 1666 0 340 165 O 5.8 45
-Segmentable 4455 1 90.9 687 0 15.6 124

shifts during the training process. Validating ML models on different domains has been
studied before [105], but has yet to be investigated within AM. Our approach is therefore,
as far as we know, the first. Simulating domain shifts requires a highly diverse dataset
that can be split into a training set and multiple validation sets, where each validation
set represents a specific domain shift type.

There is a literature gap pertaining to specific definitions or exhaustive lists of possible
domain shifts within AM, and specifically DED. Furthermore, there is a gap in DED
machine learning literature (and AM machine learning literature in general) that focuses
on domain shift simulated through specific data splitting methodologies. These gaps pose
a significant impediment towards reliable adoption of lab-scale ML models to industrial
or real-world applications. In the present work, we therefore propose a novel, and to our
knowledge first, domain-shift simulation standard for DED that can be used for ML, model
training and evaluation. This standard is based on the different domain shifts identified in
our novel dataset (described in Section 4.3.2). The work stands to help the AM community
for ML, model performance comparison and provide insight into model performance under
different domain-shifts possible within DED.

Domain shift - hardware shift

Each of the 49 different DED machines has been used to take a single or multiple videos
of the deposition process using a single camera (Xiris XVC-1100 or XVC-700), mounted
either co-axially or off-axis. The hardware setups for each machine remained fixed for the
duration of each individual experiment conducted. The effect of the differences in hardware
in the visuals captured by the camera is the first proposed domain shift to be investigated.
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A ML model that is able to perform well under a change in hardware or positioning could
be a powerful tool, as it would scale to many different use cases and different machines.
Simulating this domain shift can be achieved by dividing the data based upon the DED
machine used. After investigation of the dataset, we observed the following hardware-
related differences which are kept constant across the multiple experiments conducted
on each specific machine: (1) the camera is placed at either a leading, trailing or side-
view position; (2) camera zoom is different, as different optical lens setups are used; (3)
the camera is rotated in different ways relative to the DED machine; (4) the camera is
positioned at different distances from the process zone; (5) the camera is either fixed to
the DED machine (moving at the same rate as the deposition head) or to the build plate
(stationary with respect to the deposition head); (6) tool-path patterns are either straight
lines, or zig-zag patterns. An example of a change in scenery can be observed in Figure
4.2 under validation set D.

Scene 1 Scene2 = me=mmsseee— Scene K

Step 1 - Val D: Sample K scenes

Step 2 - Val C: Sample L videos
from each left over scene

Step 3 - Val B: Sample M image
sequences from remaining videos

Step 4 - Val A: Sample N images
from all remaining images

Small domain shift » Large domain shift

Figure 4.2: Validation dataset differences and examples. Images in the training dataset and
validation dataset A are sampled at uniform random from the videos. Validation dataset
B are image sequences taken out of each video at uniform random. Validation set C are
images from videos where the process is using different process parameters and validation
D are images from videos acquired while observing different processes.
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Domain shift - parameter shift

Each video within a scene is considered a different experiment, as different operational
settings are used for each trial. Machine settings such as feed-stock material type, and
process parameters differ between experiments, leading to different visuals, as phenomena
such as smoke and spatter (see Figure 4.1) can be excessive under sub-optimal operation. In
turn, these phenomena can influence the camera operation since pixel saturation, spatter,
smoke and other occluding features can lead to bad process visuals, as discussed in Section
4.3.1. Training a model on a range of process settings and parameters, and validating on
other settings and parameters, but conducted on an equivalent hardware setup (or scene)
is what we define as a parameter domain shift. Companies typically do not have many
different DED machines at their disposal and could only be interested in a ML model that
performs well under any process settings or parameters. For this work, there are however
many unknowns, as we do not have access to the specific settings and parameters used.
The only certainty is that these videos are generated on different machines, where each
machine is tuned with its specific process parameters. Additionally, none of the scenes have
influenced each other. The videos within a scene differ from one another typically in the
following ways: (1) different tool-paths with a single, multiple, or overlapping deposition
lines; (2) differences in spatter, smoke, melt-pool size and shape caused by changes in
process parameters; (3) geometrical build plate differences caused by previous depositions,
or build plate shape differences such as flat plate versus corners. All 285 videos have at least
some form of these differences present; some smaller, some larger. An example image of a
process under different process parameters can be observed in Figure 4.2 under validation
set C.

Domain shift - time shift

Every video consists of a sequence of images. The dynamics of the process might however
change in time as heat accumulation could affect the process signatures. The tool-path
might also affect the process indirectly, as heat affected zones might be visited more than
once and geometric defects in the substrate may influence the instantaneous process zone.
Training and validating a model on different sequences of images within each video might
provide insights into the effect of these changes in process dynamics on the performance
of the ML model. The flexibility of AM and nearly limitless freedom in fabrication has
the potential to fabricate different parts without much effort. These parts will however
be executed based on different tool-paths and resulting process dynamics. New parts will
therefore always lead to unknowns in terms of quality and observable process dynamics.
We therefore consider this domain shift of type B.
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Domain shift - minimal shift

A minimal shift is what we consider the smallest possible shift that can be generated using
a specific dataset. This type of shift is achieved by not taking into account any of the
former and simply select data-points at uniform random for training and validation from
the same experiment set. This has been the choice of all literature on defect detection in
DED. The insight this specific type of domain shift provides is limited in the sense that
the only differences between the training and validation dataset distribution is based upon
local dynamics, which are specific to each image are not present in other frames. This
type of validation is specific to the DED machine, process settings/parameters, camera
settings/parameters, tool-path, build-plate, and every other specifics used during data
acquisition. We designate this a minimal domain shift as type A. An example can be
observed in Figure 4.2.

4.3.4 Experimental details

This section provides details regarding the domain shift simulation methods and model
training /validation implementations.

Simulating domain shifts

In this work, we simulate/validate the performance of ML models during training on the
4 different domain-shifts mentioned previously. The total dataset of 285 videos is
therefore divided/split into 5 sub-datasets. A single training and 4 validation datasets
(Val AB,C and D). There are however multiple ways of splitting the data and a lucky or
unlucky split could provide an unrealistic result. Training and validating on all possible
combinations of training and validation sets is not practical as the numbers grow very
large. We approximate the distribution of possibilities in combinations by conducting 30
different cross-validation trials where each training and validation trial is selected using
uniform random sampling.

The algorithm used to create the different dataset splits for each trial is visually
represented in Figure 4.2. At first, a set of K scenes is selected at uniform random and all
the videos, and therefore images are set apart as Validation dataset D. From each
remaining scene, L videos are selected at uniform random at set apart as Validation
dataset C. From each remaining video, M image sequences are selected at uniform
random and set apart as Validation dataset B. At last, N images are sampled at uniform
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random from all remaining videos. All images that remain are combined into the training
dataset.

During the selection of each validation split we take the imbalance in images/classes
per scene/video into consideration. Scenes that are selected for the training dataset are
required to have multiple experimental videos, this is necessary to be able to split the
videos, one set of videos are reserved for the training dataset, while other videos are assigned
to validation set C, to be able simulate the process parameter shift. The number of classes
present in the training videos should be equal or larger than the videos in validation set
C, to ensure every class has been seen before. To be able to split videos into a training
part and validation sets A and B the number of annotated images in the video should be
sufficient. We selected videos with at least 9 data instances, 3 for each class present in the
video.

As discussed in Section 4.3.2, there exists a class imbalance in our dataset. During the
creation of the dataset splits we maintain this class imbalance roughly for each split. Each
validation dataset represents approximately 16.67% of the complete dataset at each trial.
The resulting training datasets for each trial are approximately 2 times larger than each
validation dataset at 33.33%.

Model training and validation

Each one of the 83 classification models, as discussed in Sections 4.3.1 and 4.3.1, is
trained with the CNN backbone parameters frozen, such that only the classification head
parameters are trained. We use a mini-batch size of 32, the Adam optimizer [208] with a
fixed learning rate of le — 3, a categorical cross-entropy loss (CCE) function and data
augmentation with random flipping in the vertical and horizontal direction during
training. We keep track of the model weight using an exponential moving average (EMA)
with an decay rate of 0.999 which is updated after each mini-batch. We swap the model
weights with those stored by the EMA for model evaluation on the different domain
shifts as is discussed in Section 4.3.3, and swap them back with the original weights
before training continuation. We use early-stopping during training, meaning that we
stop training whenever the CCE loss of the minimal shift, or validation set A, has not
decreased 2 epochs. The choice for 2 epochs is estimated empirically, and seems short.
The use of EMA resulted however in a very smooth validation curve such that we were
able to pinpoint within 2 epochs if the models were over-fitting.

The number of trainable parameters in the classification heads range from 771 to 12,099.
Although most smaller backbones have smaller output feature vectors C, there are many

62



exceptions, as shown in Figure C.3 in the Supplementary material. The relatively small
amount of parameters to optimize led to short training times, fast convergence and no need
to add additional regularization, such as dropout, as it did not offer any advantage during
our tests.

After each epoch, the models are validated on all 4 domain shifts, validation sets A, B,
C and D. We record the average loss and accuracy over each epoch for the training and
validation datasets for all 30 domain-shift simulation trials as discussed in Section 4.3.4.
Other metrics, such as the F1-macro score, could be included in future studies, we however
decided that was beyond the scope of this study, with the relative performance between
domain-shifts as the main area of focus. Class imbalance is present in our training and
validation datasets, and solutions to compensate, such as oversampling and class weighting,
during training could remedy this problem. This is however considered in future work, as
well for the aforementioned reason. All experiments are conducted on Ubuntu 22.04.2 LTS
using Python 3.9 and Tensorflow 2.13 for model training and validation. Hardware includes
a Intel i7-9700K CPU and Gigabyte RTX 3090 Turbo GPU.

4.4 Results

This section presents and discusses the results from all training and validation trails. All 83
models were trained and validated on 30 different cross validation trails and their inference
speed on the CPU and GPU were evaluated as well. Detailed quantitative performance
and inference speed results per specific model can be observed in Supplementary Figures
C.2 and C.3 respectively.

4.4.1 Overall results

The overall performance results are presented in Figure 4.3 where all training simulations of
the 83 classification architectures combined are shown. As anticipated, validation dataset
A is performing best with an average accuracy of 81.8%. Within this domain shift category
(Val A), the worst performing model run achieved an accuracy of 75.9% while to best model
run reached 86.6%. As validation dataset Val A represents the smallest domain shift, it
confirms our hypotheses that small domain shifts lead to higher performance. This is
corroborated by similar performance reported in literature [4, |, where this is the most
common domain shift. If we compare Val A with Val B, Val C and Val D, the larger the
domain shift, with Val D being the largest, the lower the classification performance, with
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the worst model run reaching an accuracy of 35.0% on Val D. Model performance results
for the different validation sets relative to validation set A are presented in the subplot on
the right of Figure 4.3. The average performance loss for Val B is -2.5%, Val C is -5.8%
and val D with -20.8%. We observe that model performance can drop by -43.4%, -16.2%
and -10.1% in accuracy relative to Val A whenever operated in environments similar to Val
D,C and B respectively. This drop in performance is not uncommon and has been studied
extensively in areas such as medical image segmentation [209].

Classification performance Classification performance relative to Val A

35.0 88.2 -43.4 B 8.2
Val D A 4 1
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Figure 4.3: Overall classification results, collected from 30 cross-validation trails for each
of the 83 different classification architectures. Each dataset, excluding training, represents
a different domain shift. Val D (hardware shift) is the largest domain shift followed by
Val C (parameter shift), Val B (time shift) and Val A (uniform random sampling). The
left subplot provides insights into the accuracy while the right subplot shows relative
performance towards the general case, uniform random sampling, Val A.

An interesting observation is the spread in the performance results for each validation
dataset, which is made visible by the violin distributions in Figure 4.3. As expected, the
spread in the performance results increases with domain shift severity as the results for
Val D show significantly larger variation compared to Val A. The increasing spread can
potentially be explained by the variation in validation datasets between trails. Each trail
selects a different subset of videos from different processes out of the 49 at uniform random
to create a different validation set D. As there is expected to be a significant variability
between the images in the videos from each process, there is also a larger difference between
the validation datasets in Val D. Although not as severe, this is also expected to explain
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the increasing spread in validation datasets A, B and C. This work demonstrates that
the transitional CNN type image classification models are able to generalize to certain
changes in the environment rather well, such as Val A, B and C. The results on Val D do
however imply the need for different types of ML models that generalize in performance
across changes in hardware if the trained model is expected to generalize to different DED
machines.

4.4.2 Relative performance

As uniform random sampling is often used for validation in the literature (see Section
4.2), we investigate how the performance on Validation set A (uniform random sampling)
compares to the performance of each model architecture on the other validation datasets. If
a good performing model on validation dataset A, performs well on other domain shifts, it
might provide insight into what model performance to expect for other domain shifts while
only validating model performance under uniform random sampling, such as Validation
set A. In many cases for AM, the dataset available for the development of an ML model
is too small to simulate different domain shifts, as is discussed in Section 4.2. If an initial
performance evaluation using uniform random sampling could provide an initial guess
on what the performance will be under different domain shifts, it might help the AM
community in developing better and more practically oriented ML solutions, specifically
solutions in the in-situ defect detection space.

An overview of these results are presented in the bubble chart Figure 4.4 where the size
of the bubbles represent to model architecture size in terms of total amount of parameters.
Model architectures that in general perform well on Val A, perform well on the other
datasets. There is however a significant performance drop depending on the domain shift
as previously discussed in Section 4.4.1.

The best performing models across the board of validation datasets generally have a
backbone from the RegNet family with RegNetY320, model number 74, performing best on
validation datasets A and B, see Figure 4.4(a), over all cross-validation trails. RegNetY 160,
number 70, slightly outperforms RegNetY320 on Validation dataset C, Figure 4.4(b), while
MobileNetV3Large_1,0M, with number 5, performs best on validation dataset D as shown
in Figure 4.4(c).

Another observation of all sub-figures in Figure 4.4 is that larger models, represented
by the larger bubbles, in terms of number of parameters tend to outperform smaller
models. There are however exceptions, such as MobileNetV3Large_1,0M which is small in
size but performing very well, especially when compared against large models such as
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ConvNextXLarge, number 82. Model architectures with a lower amount of parameters
tend to be faster in inference on the CPU and GPU [205]. Although performance is
important, the trade-off between speed and performance might be crucial as a slower
model might not be fast enough. For DED specifically, a slow model architecture might
not be able to predict in real-time, and not be able to observe important dynamics under
motion.

4.4.3 Performance/Speed trade-off

Sufficient inference speed of the model architecture is crucial for the application of real-
time defect detection in DED or LPBF, as discussed in Section 4.3.1; typical DED systems
require ML, model architectures capable of running at 1004+ FPS. We therefore conducted
30 repeated model inference speed experiments for each of the 83 models on the CPU as well
as the GPU. Figure 4.4 (d,e) show the average validation accuracy over all validation sets
A,B,C and D versus the CPU and GPU speed respectively for each of the 83 classification
architectures. The size of the bubbles represents the total number of parameters in the
model.

It becomes apparent that the model family most appropriate for DED, and possibly
LPBF purposes, are the MobileNet architectures, as they all reach 100+ FPS on the CPU.
The ConvNeXt family are outliers compared to the rest, which could be related to the
specific software implementation. The additional parallelization a GPU offers. compared
to a CPU, leads to higher speeds, easily surpassing 100+ FPS for most models except very
large models such as ResNet350, number 76, and ResNet420, number 77, are relatively
slow.

Models that reside at the top right corner of both plots provide the best balance in
terms of accuracy versus speed. MobileNetV3Large_1.0M is standing out as it is fast on
both the CPU and GPU, while providing good accuracy. Models that perform well on the
CPU, perform well on the GPU in general and have a low amount of parameters. The
comparison between model inference performance on different hardware architectures has
become a popular topic with the introduction of edge devices such as studied by Suzen
et al. [210] and might serve the AM community for future ML studies in the selection of
CNN backbones.
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4.5 Discussion

When comparing the findings herein with the findings from literature, similarities can be
observed in terms of concluding that if domain shifts exist from the training data, this
generally leads to worse model performance. The authors of [105] have found that a
simple pose change, in the form of rotation, scaling, or any other geometric
transformation, of familiar objects will lead to a drastic decrease in classification
performance, as 97 % of the objects were mis-classified. Their findings are conducted on
the Imagenet Database using SOTA CNN models, including a AlexNet, ResNet, and
Inception architectures. The consequences of their results can be severe, since objects in
operation (in real life), are very likely to appear in a different pose. The question that
therefore arises is whether these models trained on Imagenet are useful at all beyond
their training dataset. Similarly, for DED and AM in general, changes in operating
conditions due to hardware changes, process parameter changes, materials, part design
changes, toolpath changes or other external factors like lighting might result in model
performance degradation. The current work showcases a worst case performance drop of
43 % whenever the hardware, or DED machinery, is changed.

Another more comprehensive analysis of model performance under data distribution
shift was conducted by Wiles et al [211]. They trained and validated more than 85,000
different model architectures using a variety of datasets, and data distribution shifts.
They propose that the development of a new model for every specific domain is
unpractical, and instead the focus should move towards domain adaptive models.
Furthermore, they find that pre-training models on existing datasets such as Imagenet,
lead to better performance under domain shifts. Finally, they state that it is crucial to
validate models using different domain shifts to understand realistic model performance
in practice. Therefore, an important research direction for machine learning in AM,
particularly for DED, is to explore adaptive models and human-in-the-loop models that
can be tailored to new domain shifts with minimal annotation and re-training, such as
the work on active learning by van Houtum et al. [145].

The results presented in this present work show similar behaviour as described by [105]
and [211]. Therefore, we bring into question the usability of the existing machine learning
model architectures beyond their training dataset in AM, as reviewed by [195], as they
are trained on excessively small and non-diversified datasets, and furthermore validated
on data from the same distribution. The findings in this present work show that fairly
common domain shifts in the AM space, as discussion in Section 4.3.3, lead to a drastic
drop in performance.

In the authors’ opinion, future work in defect detection and any other machine
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learning application in AM should aim to focus more on model robustness under different
(but plausible) operating conditions in practice, instead of maximum model performance
under ideal and un-realistic operating conditions. Furthermore, if datasets for such
robust performance testing criteria are not fully available, there is a need for changing
the direction towards adaptive models such as the work by Oh et al [110].

4.6 Conclusions

This work presents a machine learning model validation methodology based on the
simulation of different domain shifts. The findings were demonstrated by introducing a
novel diverse dataset consisting out of 9,806 images selected and annotated from set of
285 videos, generated by observing 49 different DED machines in real-world operating
conditions.  The multi-domain validation strategy exposes machine learning model
performance when wused in different environments and can help the additive
manufacturing community with the development of multi-domain models which perform
better under changing environments. The contributions and conclusions are as follows:

1. The work defines a standard set of domain shift categories of interest for DED (and
AM in general) that can be used to develop more robust ML models for the AM
space that provide practical performance insights.

2. The work illustrates that current ML architectures are performing relatively well, if
the domain shift is relatively small, i.e. small process parameter changes, unseen
dynamics and tool-path changes, with and average performance drop between -2.5
and -5.8 % compared to uniform random sampling of the same domain.

3. The work illustrates that hardware changes, such as changes in sensor type or machine
type lead to large performance drops with an average of -20.9 % in classification
accuracy.

4. The work provides an overview of the applicability of 83 CNN backbones for DED
quality prediction with regards to classification performance and inference latency.
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Chapter 5

AMVOS: Semi-supervised video
object segmentation for additive
manufacturing!

5.1 Preface

Additive manufacturing (AM) involves intricate processes with a multitude of process
parameters and operating variables that typically fluctuate either stochastically or
deterministically, or vary between machinery, processes, builds, and materials to optimize
part quality. Real-time (in-situ) process measurement using machine learning (ML) has
emerged as a promising approach to enhance quality control, yet it remains challenging in
the face of varying process conditions. Current ML methodologies primarily focus on
constructing models tailored to a narrow operational window of a specific AM machine,
which typically requires model retraining on newly acquired and annotated data from the
target operational environment. While methods like transfer learning, domain
adaptation, and active learning have been proposed to reduce retraining time and
resources to create new ML models, they still require them. In this work, we introduce a
novel training-free domain adaptation ML framework capable of adapting to diverse
operational contexts requiring image/video segmentation. This innovation leverages
human-in-the-loop interactive annotation, guided by insights from the architecture itself.
Notably, the proposed architecture demonstrates real-time processing capabilities,
achieving state-of-the-art inference latency at 155 frames per second (FPS). Performance

LChapter is adapted from an article submitted for publication
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evaluation is conducted on vision-based in-situ directed energy deposition (DED)
melt-pool segmentation, and indicates that merely a few annotations (less than five) are
needed to attain an impressive 834+% intersection-over-union score.

5.2 Introduction

Additive manufacturing (AM) offers compelling advantages over traditional methods,
such as enhanced design flexibility, customizable and complex parts, and lower tooling
costs—all achieved through material waste reduction and simplified supply chains [10].
Quality control is however challenging due to the wvariability in design, material,
operating conditions and/or AM process/machine variations. Re-tuning of process
parameters is typical for each variation in experimental conditions; this is expensive and
time-consuming, but necessary to achieve consistent part quality [21]. Although these
challenges may restrict the benefits and adoption rate of additive manufacturing (AM),
manufacturing variations offer valuable insights into part quality and process
performance across different operational settings. Analyzing data from part design,
material characteristics, in-process dynamics, and post-process attributes can enhance
the AM process [212]. Advancements in sensor technologies and data acquisition methods
have greatly expanded the amount of AM data available before, during, and after part
fabrication, creating new opportunities for knowledge discovery and quality enhancement.
Recent efforts to improve process repeatability and part quality focus on gaining
comprehensive understanding through in-process monitoring and analytics [197].
Machine learning (ML) has become a popular choice to leverage these data streams and
generate models that are able to provide feedback on process and part quality during and
after fabrication and report on detect defects throughout the entire AM development
cycle [194].

Directed energy deposition (DED) is a type of metal AM process where a laser melts
a feed-stock material delivered onto a substrate to form parts or features. DED processes
yield a significant amount of in-process data that can be harnessed across various scales
of resolution, including spatial, temporal, spectral, and radiometric dimensions [213].
Vision-based in-process observation of the molten material, called melt-pool, created
through the interaction between the energy source and feed-stock material has been
studied extensively and forms a popular data stream for the creation of ML models for
real-time in-situ control in DED [211]. Image segmentation models are particular popular
in DED as they provide feedback that can be utilized to develop closed-loop feedback
control algorithms that control the geometrical dimensions, leading to more accurate
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deposition and part dimensions [215].

The performance of ML models in AM applications has been studied by Fu et al.
[195], and model prediction accuracies typically exceed 90%. The data used to create and
validate these models is however typically small (<1000) and low in diversity (single AM
process/machine, small process parameter set). Large-scale machine learning systems for
industrial applications, such as AM and DED, suffer from a lack in adaptability and
scalability as reported by Lwakatare et al. [2106]. Naive ML implementations and
evaluations, such as the models studied by Fu et al. [195], tend to report performance
only on a very specific setup, without investigations on model performance caused by
operational variations or environments. These models therefore lack in their ability to
adapt and scale, which typically is of importance in industrial settings. AM machines are
complex machines, with a vast number of possibilities in combinations of process
parameters, machine settings, material types, part designs, and tool-paths. Experiments
are typically expensive and time-consuming as well. The creation of sufficiently large and
diverse datasets in AM is therefore currently impossible leaving only room for a limited
amount of AM experiments to inform and validate models [195].

Transfer learning (TL) is a type of ML where pre-trained models are re-used for a new
task, typically leading to better model performance, and requiring less target training data.
Pre-trained convolutional neural network (CNN) backbones on the Imagenet classification
dataset [190] are a popular transfer learning choice in AM, as these backbones operate as
general image feature extractors, for any image input distribution, and can be re-trained
for different tasks, such as DED image segmentation [215]. Domain adaptation (DA) is a
type of TL where the source and target data have the same task, but different input data
distributions. In DED melt-pool image segmentation this could translate to developing
a model on data acquired from DED machine A and using DA methods to re-train and
adapt the model for operation on DED machine B using a much smaller dataset acquired
from in-situ process observation of DED machine B [199]. Target domain data is required
for re-training based TL and DA methods, but often not practical in AM and DED, where
time-consuming and expensive experiments would be needed every time a change is made
to the input distribution domain. Any change made to the AM process could require a
new re-trained model, which is orthogonal to the manufacturing flexibility of AM machines

[198].

Video object segmentation (VOS) is a relatively new type of ML aimed at segmenting
and tracking objects in image sequences. Semi-supervised VOS (SVOS) refers to the setting
where a few initial hints, in the form image and object mask pairs are provided, and the
other masks of that specific object should be predicted for the remaining images in the
sequence. Interactive VOS (IVOS) extents the SVOS setting by providing human-in-the-
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loop interaction through scribbles. From SVOS predictions, a select few is annotated by
humans, combined with the image, and added to the stack of initial hints [217]. SVOS, and
even more so [IVOS, are extremely challenging tasks, as it asks objects to be segmented while
experiencing changes in occlusions, motion, appearance, and perspective. Furthermore,
the model should be object agnostic, meaning that any type of image and object could be
segmented and tracked without any model re-training. Additionally for IVOS, a selection
algorithm is required to provide the interaction. Memory-based matching methods are
VOS architectures that have gained particular attention since the solution provided by
Oh et al. [110] has been proposed. These methods [218, , , | form the state-of-
the-art in VOS and employ a memory bank with encoded features from previous images,
annotations and predictions. Encoded features from the current image are used to match
and select specific memory features, combined and decoded into the a prediction mask.
The difference between TL, and therefore DA, and VOS methods is four-fold: (1) TL
typically requires model re-training to adapt, VOS does not; (2) TL requires relatively
large amounts of annotated data, VOS requires few; (3) TL in AM segmentation methods
are object specific, VOS is object agnostic, and (4) TL methods have been explored in AM,
while VOS methods have not to the best of our knowledge.

This work is the first to investigate the applicability of VOS methods in additive
manufacturing (AM), specifically in DED melt-pool segmentation. The main five
contributions are summarized as follows: (1) A novel scalable VOS architecture is
proposed, featuring a simplified cross attention and decoder design, as well as a single
CNN backbone encoder, making it faster than the current state-of-the-art; (2) A novel
object-specific and object-agnostic training regime is introduced, enabling VOS
architectures to be trained for specific objects, a concept previously unexplored in the
VOS literature; (3) The first application of VOS in AM is demonstrated through a case
study on DED melt-pool segmentation; (4) A series of performance and run-time
comparisons is conducted, examining the effects of object-specific versus object-agnostic
training, static and dynamic memory sizes, and pre-training on unrelated datasets; (5)
The impact of human-in-the-loop annotation in the DED melt-pool setting is studied,
utilizing complete annotation feedback instead of mere scribbles.

Our results show that the novel proposed VOS architecture is able to adapt to newly
unseen DED process environments using only a few (< 5) annotated images, reaching an
83+% intersection-over-union (IOU) score. The outcomes indicate that training-free model
adaptation in the form of VOS is possible for AM related tasks and that it could potentially
solve the limitations of TL and DA. Only a few annotations are required for VOS to adapt
to a change in process, parameters, settings or any other change made to the experimental
AM environment. It could prove to be pivotal in the development of ML methods in the
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field of AM where flexibility and on-demand manufacturing is key.

5.3 Methods

In this section, a general description of video object segmentation (VOS) is provided.
Thereafter, the focus will be to introduce a novel VOS architecture, called AMVOS,
specifically tailored for AM and DED processes aimed at fast inference and architectural
simplicity. Thirdly, the different operational modes of AMVOS are discussed, followed by
a description of the training and validation experiments conducted. At last,
implementation details are provided.

5.3.1 General VOS description

VOS architectures generate segmentation mask probabilities P for each provided input
image I, for any resolution image. In memory bank based VOS methods [217], initially
provided information, called hints, in the form of pairs of ground-truth object masks and
corresponding images [(I1, My),...,(Iy,My)] can be provided and stored. During
operation, previously predicted object mask probabilities [Pyii,...,Px| and
corresponding images [Iy.1,..., k| are stored alongside the initially provided hints in
memory. Future prediction Py, therefore has access to initially provided ground truth
and previous predictions information. See Figure 5.1 for a visual interpretation of the
application of VOS on DED melt-pool data and footage of a human riding a bicycle.

State-of-the-art memory bank VOS methods typically use an encoder, decoder, and
cross attention module in their architectures [110, , , , ]. Typically two
separate encoders are used, one to encode image information into lower dimension features,
the other to encode ground-truth masks, and predicted masks. These encoders are typically
part of the ADD and PREDICT functional components in VOS architectures as shown
in Figure 5.1. A cross attention module is employed where current frame features are
matched with memory features, created from encoding previous images and masks. Based
on the the feature similarity, typically calculated using dot-product attention followed
by a softmax function, historical object and image memory features are selected and
concatenated with the current image features. The decoder turns the combined features
into output probability mask for each objects using a soft aggregation method introduced
by Oh et al. [I10]. The cross attention and decoder modules are typically part of the
PREDICT block as shown in Figure 5.1.
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Figure 5.1: AMVOS-A; Semi-supervised video object segmentation (VOS) on directed
energy deposition (DED) melt-pool data, and any other data represented by the human
an bicycle.

The amount of initial and previous information provided and maintained during VOS
operation is considered the memory management policy. In the standard SVOS setting
[222], a single initial hint is provided in the form of the first image-object masks pair
[I, M;]. Several studies [220, 221] indicate that keeping the first initial frame, and the last
prediction into memory leads to the best performance-latency trade-off. Other research
[110, 218] has focused solely on performance, often employing complex and typically slow
memory storage decision-making policies. In contrast, IVOS leverages an oracle, typically
a human, to intervene in the VOS process and provide new ground-truth data as initial
hints. Specifically, IVOS utilizes predictions generated by a SVOS model to select and
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re-annotate a single frame and its prediction masks.

5.3.2 VOS requirements for AM

Although fast VOS methods have been proposed in recent literature [220), , |, with
such methods reaching reaching 100+ frames per second (FPS), these methods utilize a
first and last only memory policy. A single initial and the previous prediction are stored in
memory alone, resulting in small memory occupation, fast cross attention, and therefore
fast VOS operation. Keeping such small amounts of information in memory might work
for SVOS settings, but does not translate to IVOS aimed at iteratively adding informative
new ground truth information. Their results can therefore be seen as an upper-bound to
inference performance, while not practical for IVOS purposes.

The size of the laser beam spot sizes in DED typically range from 1.0-5.0 mm while
scanning speeds lie between 5-70 mm/s [207]. The beam spot size is a good indicator
for the smallest possible melt-pool, and combined with the requirement to capture melt-
pool information at every deposition location, an upper bound on the maximum model
prediction inference latency can be calculated of 0.014 ms or 70 Frames per second (FPS).
Combined with data acquisition latency, we aim for 100+ FPS for our VOS architecture,
discussed in Section 5.3.3.

Existing VOS methods are often trained and validated on benchmark datasets
comprising of single annotated images [223] and videos [222, 224]. The vast amount of
objects in these datasets are all highly different but have in common that they represent
typical objects seen in normal life. In additive manufacturing, and DED melt-pool
segmentation specifically, the molten material is segmented from the solidified material.
These object domains are highly different, with differences in segmentation boundary
ambiguity, object geometry, object orientation, and occlusions as studied in [145].

This work studies the application of SVOS as well as IVOS for DED melt-pool
segmentation. Although the current state-of-the-art and fastest VOS implementation is
able to reach suitable inference latency in the SVOS setting, performance decreases
whenever more memory is utilized. The complexity of their VOS architecture is
sufficiently capable for a variety of objects, while VOS for melt-pool segmentation likely
does not require it, due to the more constraint operational environment. We therefore
introduce a novel VOS architecture, called AMVOS, in Section 5.3.3, specifically tailored
for AM. Our solution is focused on reducing latency and variable re-use to reduce model
memory storage occupation.
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5.3.3 AMVOS: VOS specifically for AM

Our VOS solution, which is specifically tailored for the inference requirements necessary
for real-time melt-pool segmentation of DED footage, is generally applicable beyond AM
and DED to any object segmentation task, and image input dimension, for any number of
objects. The following paragraphs provide insights in the most significant changes AMVOS
incorporates compared to existing VOS methods [220, ]. A complete description of the
AMVOS architecture can be found in the Supplementary material 5.3.6, Figure D.1 and
Figure D.2.

We wuse a single (instead of two) CNN encoder for image and object
ground-truth/prediction encoding to save memory occupation, and reduce the total
number of parameters, reducing the likelihood of over-fitting. Since object ground truth
and prediction mask have shape [H, W, 1] with the first two dimensions referring to the
height and width, we repeat the prediction mask along the channel dimension to have
similar shape as the input images [H,W,3|. Instead of the older ResNet-50 and
MobileNetV2 CNN encoders used by authors in their recent work [220), , |, we
employ the more modern MobileNetV3 architecture [225], pre-trained on the Imagenet
dataset since it is faster on CPU and GPU platforms. Only part of MobileNetV3 is used,
where two intermediate features are selected as encoder outputs, with dimensions
[H/16,W/16,112] and [H/4,W/4,40]. The former being used by the cross attention
module and the latter used as skip connection to the decoder.

The decoders used in prior literature [110, , , , |, combine the features
from the cross attention module with 2 skip connection outputs from the encoders. In 3
up-sampling stages, the features are combined using three 1x1 convolutional blocks and
five 3x3 convolutional residual blocks with each residual block consisting out of 2 reLLU
activation functions and two 3x3 convolutional blocks. Our solution greatly simplifies this
design by using a single skip connection, 2 up-sampling stages, and 2 residual blocks, only
with each block consisting of two 3x3 convolutional blocks and a single reLLU.

The cross attention module is inspired by the transformer architecture described by
Vaswami et al. [220]. The lowest spatial dimension features from the image and mask
encoders are turned into keys and values respectively using two 3x3 convolutional blocks.
The keys from the current frame are matched with keys from images stored in memory using
scaled dot-product attention and turned into probabilities using the softmax function. The
probability matrix is multiplied with the value features, that combines feature along the
spatial and temporal dimension. AMVOS, simplifies this design by taking away the key
and value encoding convolutional blocks and using the lowest dimensional encoder output
[H/16.W/16,112] directly as key and value at the same time. Furthermore, using the
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softmax probability map, we combine not only mask encodings, but image encodings as
well. This added complexity is deemed necessary for object specific model training, where
object information is stored in the parameters.

5.3.4 Operation modes

VOS training and validation are typically conducted with a single initial image-mask
pair, similar to the SVOS setting. However, AMVOS and VOS architectures, in general,
offer flexibility for various modes of operation, primarily influenced by the memory
management policies. In the general semi-supervised setting (SVOS), initial ground truth
[(Iy, M), ...,(In, My)] and previous prediction [(Ini1, Pyi1),--., Ik, Px)] information
is ideally available for the next prediction Pg,;. Since memory occupation would grow
infinitely large, different policies have been introduced to limit memory. The most
popular policy is to store encoded information from the first initial hint and last previous
prediction [(I1, My), (I, Mk)] for current prediction Py ,q given image Ixyq [220, 221].
AMVOS utilizes an first-in-first-out (FIFO) policy for the prediction memory to limit
memory occupation. The size ¢p is indicating the maximum size of the FIFO queue,
while the size of initially provided image-mask pairs is referred to as g4 from here on.
These runtime parameters can be changed and experimented with during operation.
Implementation details are provided in the Supplementary material Figure D.2.

In this work we investigate two different operating modes for the AMVOS architecture.
AMVOS-A, see Figure 5.1, refers the object agnostic mode, which is equivalent to the
traditional SVOS setting, where ground-truth data g4 > 0 is provided initially. Training
and inference in this mode forces the AMVOS architecture to be object agnostic, as the
segmentation output is dependent on the initially provided information. During AMVOS-
A training, the network is prevented to possess object specific knowledge. Besides object
agnostic operation, it is possible to train and use the AMVOS architecture in an object
specific manner which we call the AMVOS-S operating mode, as presented in Figure 5.2.
AMVOS-S, in contrast to AMVOS-A, is operated without initial ground-truth information
g4 = 0 and therefore requires the network parameters to learn object specific knowledge
as the first prediction has no previous information to attend to.

IVOS is traditionally performed using scribbles instead of complete ground truth masks
[222]. In this study we however perform full ground-truth mask IVOS, called AMVOS-I
from here on. AMVOS-I is similar to training-free active learning methods [227], where
iteratively, an image sequence can be annotated and potentially used to train other ML
architectures. A visual representation of AMVOS-I is provided in Figure 5.3. AMVOS-I
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Figure 5.2: AMVOS-S; Object specific video object segmentation without initial hints.

uses AMVOS-A as a recommendation system. Initially, a set of ground truth information,
and a sequence of images is provided to AMVOS-A. The output sequence of predictions
is thereafter used by a selection algorithm which selects a subset of the predictions. This
subset is thereafter annotated by an oracle, typically a human, and added to the already
existing set of ground truth information. The selection algorithm used in this study is
based on the information entropy in the predictions, related to prediction uncertainty and
is specified as:

uncertainty(P) = — > P(i) - log(P(i)) (5.1)

i€O-H-W

with M the ground truth masks, P the prediction, O the number of objects, and H, W
the height and width respectively. Index 7 refers to a specific spatial and object location
in the prediction. A subset can then be formed by selecting the ¢; predictions with the
highest uncertainty:.

5.3.5 Datasets

AMVOS operation in an object agnostic manner (AMVOS-A), enables transfer learning
and exploiting different datasets for training purposes, while object specific operation
(AMVOS-S) is tied to single object type datasets. Object agnostic operation can
therefore have a significant advantage over object specific operation. To explore the effect
of transfer learning, AMVOS operation modes, and memory policies, we utilize several
datasets. An overview of these datasets is provided in Table 5.3.5.

The first, and most important dataset, used for training and validation in the object
agnostic and specific setting, is called the XIRIS dataset. From a set of 49 different
DED machines, from now on referred to as "scenes”, a collection of 178 in-process videos
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Figure 5.3: AMVOS-I; Interactive video object segmentation (IVOS) using full ground-
truth annotations.

Table 5.1: AMVOS training and validation datasets

Dataset Videos Images Objects
XIRIS(train) 163 2403 163
XIRIS(validation) 15 763 15
COCO (2017) [223] - 99787 592985
YOUTUBE-VOS (2018) [224] 3468 94496 6025
DAVIS (2017) [222] 90 6208 206

is acquired, all using different, but unknown, process parameters, camera settings, and
materials, as these videos were acquired from external sources without further information.
Due to time-constraints a subset of 3166 images from all scenes is annotated using the
AWUS active learning method as introduced by van Houtum et al.[115]. Since AWUS leads
to the annotation of information that is rich and in general difficult data instances, some
videos have little annotated images, while others have many. AMVOS validation ideally
requires long image sequences to observe the impact of memory policies, while training does
not as VOS architectures are able to train on very short sequences [110]. Furthermore,
proper out-of-domain validation requires training and validation on different scenes. From
the 49 scenes, 15 are selected for the validation set. From these scenes, the video with the
most annotations is selected, resulting in a validation dataset of 15 videos, with 16 to 121
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annotated melt-pool images. The rest of the videos, totalling 2403 images, are selected for
training. The annotation protocol used to create melt-pool boundary polygons is provided
in Figure A.1 of Supplementary material A.

Object agnostic operation enables transfer learning through AMVOS training on any
segmentation dataset from static images, to annotated videos. The COCO dataset [223],
is a common dataset used in VOS training. Small objects are typically removed from the
dataset, leading to a total of 95,787 images in our implementation, with a total of 592,985
different objects. COCO therefore adds significantly to the object diversity AMVOS-A
experiences compared to the XIRIS dataset, when trained upon. Synthetic image sequences
are created by repeating the static images. Data augmentation is further discussed in
Section 5.3.6. Additionally, we train on the DAVIS 2017 [222] and YOUTUBE-VOS 2018
[224] video sequence datasets. These datasets have multiple annotated objects per video.
In total DAVIS 2017 comprises of 90 videos with 25 to 104 annotated images, and 6,208
images in total. YOUTUBE-VOS is much larger with 3,468 videos, 4 to 36 images per
video, and 94,496 images in total. These number differ slightly from the original size, as
small objects and very short (< 5) sequences are removed.

5.3.6 Training experiments

Object specific AMVOS-S is trained solely on the XIRIS dataset, as the other datasets
cannot be used for transfer learning. Object agnostic AMVOS-A, is trained on XIRIS
alone, and COCO, DAVIS, YOUTUBE-VOS, followed by XIRIS to study the impact of
transfer learning. Training solely on the XIRIS dataset allows to directly compare the
operating modes, while using the same AMVOS architecture. The MobileNetV3 encoder
is initialized with Imagenet [190] pre-trained weights before any training.

To train object specific and agnostic AMVOS, we create image sequences of length 5
just as previously proposed by Miles et al. [220]. From the COCO dataset a single image
is repeated, while for the XIRIS, DAVIS and YOUTUBE-VOS datasets a window of 5
sequential frames in the videos are selected at uniform random. A batch size of 8 is used,
combining 8 sequences of 5 image-ground-truth mask pairs, and 1 object is selected at
uniform random that is present in the first frame as the initial hint.

The image resolution of all datasets differs and are initially resized to H = W = 480,
with H the height and W the width, using bi-linear and nearest neighbor down-sampling
for the image and masks respectively. The RGB images are normalized between 0 and
1 through division by 255 and different data augmentation protocols are applied to the
images similar to previous works [220, | to mitigate over-fitting. Random horizontal
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and vertical flipping and random 90 degree rotation is applied the same to each image in a
sequence. For each image separately, random 30-100 % cropping, random contrast 0-50 %
and random brightness 0-50% adjustments are applied. Cropping selects a random patch
in the image and resales it back to the H = W = 480 resolution.

To train AMVOS, the sequential segmentation steps are unfolded. In case of object
specific AMVOS-S, all 85 images in the augmented batches are segmented sequentially
without any initial provided image-ground truth memory. Agnostic AMVOS-A uses the
first image-mask pair in each sequence as the initial hint and segments the other images
in the batch. Both settings store all previous image-prediction mask pairs in memory for
the next prediction.

A categorical cross-entropy loss is used to minimize the difference between the ground
truth masks M and the predicted object probability masks P generated by AMVOS.
The total loss is a sum of all cross entropy losses over the batch of prediction sequences
combined. The loss of a single prediction is defined as:

loss(M, P) = - > M) - log(P(i) (5.2)

5.3.7 Validation experiments

AMVOS performance validation is performed for the AMVOS-A, AMVOS-S and AMVOS-
I operating modes on the XIRIS validation dataset. Additionally, run-time analysis is
investigated. Semi-supervised (SVOS) performance is evaluated for the AMVOS-A and
AMVOS-S architectures trained on different datasets as discussed in Section 5.3.6.

The SVOS validation experiments are driven by different memory management
policies for the prediction memory for both AMVOS-A and AMVOS-S. The effect of
different FIFO prediction memory queue sizes gp is investigated to determine an optimal
latency-performance trade-off for DED melt-pool segmentation. Performance is measured
by calculating the average intersection-over-union (IOU) metric for each object in a

sequence, over all objects, equivalent to the work by Perazzi et al. [222] with M and P
the ground-truth masks and predictions respectively of object o in image sequence V,:
1 1
metric = o Z v Z IOU(M, P) (5.3)
| | 0€0 | "| M,PeV,

To study the effect full-feedback IVOS on the performance on the XIRIS validation
dataset, several AMVOS-I iterations are performed. From the SVOS experiments, several
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qp sizes, and there effect on performance, are investigated throughout the AMVOS-I
experiments.

5.3.8 Implementation details

Training is conducted using a single Nvidia RTX 3090 GPU. XIRIS dataset training
takes about 2 hours for 60,000 batch iterations, while pre-training on the other datasets
(DAVIS,YOUTUBE,COCO) takes about 5 hours for 150,000 batch iterations. For
numerical stability, we train using mixed precision, leaving variables 32-bit, while
performing computation in 16-bit to speed up training. A static loss scale of 1000 is used
to prevent gradient over and underflow. To further decrease training time, and memory
occupation during training, XLA compilation is used. We use the RMSprop optimizer,
with a learning rate of 1le — 4, and use gradient clipping with a clip value of 1 to be able
to run a higher learning rate. Inference is conducted in 32-bit without XLA.

Our implementation of AMVOS is created from scratch in Tensorflow [228], while all
other works in VOS are derived from a single implementation in Pytorch [229]. We consider
this a significant practical contribution to the field of VOS on its own as it will potentially
enable research and development of new VOS solutions in the Tensorflow framework.

5.4 Results

This section starts with a running time analysis of the AMVOS architecture described in
Section 5.3.3, followed by semi-supervised performance evaluations for the AMVOS-A and
AMVOS-S operating modes described in Section 5.3.4. At last, performance is investigated
for interactive video object segmentation using the AMVOS-I training-free active learning
method. The results indicate that AMVOS-A offers superior performance compared to
AMVOS-S, and that interactive AMVOS-I leads to an additional performance increase.

5.4.1 Running time analysis

The architectural changes made in AMVOS compared to existing VOS architectures
[220, ] as discussed in Section 5.3.3, are aimed at reducing inference latency for the
requirements of AM and DED as discussed in Section 5.3.2. The influence of the size of
memory features maintained during prediction is investigated through multiple
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experimental runs with different total memory FIFO queue sizes as the relative queue
size between initial g4 and prediction memory gp is not affecting performance. Whether
a prediction memory is used (gp > 0) or not (gp = 0), does however impact performance.
Without prediction memory updating, prediction encoding and memory updating is
prevented, resulting in less computations as shown in Figure D.1 and Figure D.2 of the
Supplementary material.

Inference latency results are presented in Figure 5.4, with (¢p # 0) and without (¢gp =
0) prediction memory for different sizes of the total memory. For evaluation, an image
resolution of H = 480, W = 854 is used, which is similar to other literature studies [220),
110, 221]. Without memory (g4 = gp = 0), AMVOS operates as a simple encoder-decoder
image segmentation network without cross-attention, only applicable for object specific
operation, or AMVOS-S. The lowest latency is achieved in this setting of 323 frames per
second (FPS). With prediction memory (¢gp # 0), AMVOS latency increases drastically
relative to operation without (¢gp = 0). Total memory size of 1 with gp = 0 and g4 = 1 is
only possible in the AMVOS-A setting achieving 162 FPS, while gp = 1 and ¢4 = 0 with
261 FPS refers to the AMVOS-S mode only. Larger amounts of memory (g4 + gp > 1)
lead to an increase in latency.
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Figure 5.4: Speed and memory occupation of AMVOS between inference without and with
prediction memory using an image resolution of [H = 480, W = 854] on 32-bit RTX 3090
GPU.

Considering the requirements for VOS operation in AM, and DED specifically, as
discussed in 5.3.2, a total memory of size g4 + qp < 16 and g4 + gp < 25 are required for
operation with and without prediction memory respectively to achieve 100+ FPS.
Therefore providing room for experimentation of different values of g4 and gp in the
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SVOS and IVOS settings respectively. Memory occupation as shown in Figure 5.4 shows
that the additional computation required when ¢p # 0 does not significantly affect peak
GPU memory occupation, providing only a small overhead. A large memory size
(ga + gp = 25) does however require significant more memory (= 1 GB) compared to a
small memory size (g4 + gp = 2) with ~ 40 MB.

5.4.2 Semi-supervised performance

Semi-supervised VOS operation (SVOS) of object agnostic AMVOS-A, and object specific
AMVOS-S, as discussed in Section 5.3.4 are compared for different prediction memory
queue sizes gp whenever trained on different training protocols as discussed in Section
5.3.6. Semi-supervision is provided to AMVOS-A by providing the first frame and object
mask g4 = 1 while employing different prediction memory queue sizes gp. AMVOS-S
is evaluated without initial hint, as it does not require it. SVOS performance is shown
in Figure 5.5 for the 4 different trained models created using the AMVOS architecture.
AMVOS-A(XIRIS) and AMVOS-S(XIRIS) are trained on the XIRIS dataset without pre-
training on other object datasets (DAVIS, YOUTUBE-VOS, COCO), from here on referred
to as OTHER. AMVOS-A(OTHER) is pre-trained only and AMVOS-A(OTHER—XIRIS)
is AMVOS-A(OTHER) fine-tuned on the XIRIS dataset.

The overall results show that a relatively high IOU of 80+ % is achieved for all
AMVOS models trained on the XIRIS dataset, while AMVOS-A(OTHER) shows a
significant lower performance indicating the importance of observing melt-pool related
objects during training. Another important observation is that without prediction
memory (gp = 0), AMVOS-A and AMVOS-S under-perform significantly compared to
using a last prediction only memory (gp = 1) as the models show a drop in IOU ranging
from 1.0 to 4.1%. Larger prediction memory sizes (gp > 1) show improved performance
compared to last only (gp = 1) for all models with gains ranging from 0.3 to 0.6% IOU.
The gains are however relatively small, indicating the effectiveness of last only memory
(gp = 1), especially when inference latency is taken in consideration as discussed in
Section 5.4.1.

Pre-training AMVOS-A on OTHER results in 70.3 to 73.7 % IOU indicating that
knowledge gained during training on other objects transfers to DED melt-pool data.
Object specific training in AMVOS-S leads to 80+% IOU for ¢p > 0 while not improving
significantly for larger prediction memory sizes. Object agnostic AMVOS-A without
pre-training shows superior performance to AMVOS-S whenever trained solely on the
XIRIS train dataset by achieving 81.8 to 82.3% IOU indicating the importance of initial
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Figure 5.5: AMVOS; semi-supervised performance analysis

ground truth information as AMVOS-S is operated without initial memory (g4 = 0). The
best performance is achieved by fine-tuning AMVOS-A(OTHERS) on the XIRIS train
dataset as AMVOS-A reaches 82.2 to 82.9 % IOU.

5.4.3 Interactive performance

Interactive VOS operation of AMVOS-I is investigated for object agnostic AMVOS-A,
which is pre-trained on OTHER, and fine-tuned on the XIRIS dataset. The other trained
models as discussed in Section 5.4.2 are omitted as they under-perform in the AMVOS-
I setting. Experiments are conducted without initial memory, so g4 = 0. Iteratively,
the most uncertain single prediction is selected, the mask prediction is replaced with the
original ground-truth annotation, and added the the existing memory leading to a memory
of size g4 = 1 after 1 iteration. This process is repeated for several iterations. As shown in
Figure 5.5, prediction memory size gp has a large impact on performance, therefore several
experiments are conducted using different values of ¢p.

AMVOS-I results are presented in Figure 5.6. Inference using a large prediction
memory of ¢gp = 15 shows the best performance, which is expected, as the most historical
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information is maintained during operation. An interesting observation is the difference
in performance between choosing the first frame and ground truth mask as initial hint,
which shows 82.3 % IOU in Figure 5.5, versus the initial choice AMVOS-I made with
83.2 % IOU. The choice of initial information provided to AMVOS-A is therefore
affecting performance and should be chosen carefully. Each AMVOS-I iteration is leading
to better AMVOS-A performance leading to 83.4 % IOU at qp = 15,q4 = 14. A total
memory of g4 + gp = 29 is however too slow to operate for DED processes as shown in
Figure 5.4. Iteratively adding ground truth information using AMVOS-I generally leads
to increased performance each iteration, but only for larger prediction memory sizes
gp > 7. Last only prediction memory gp = 1 shows erratic behaviour as AMVOS-I does
not contribute to performance after each iteration. Without prediction memory ¢gp = 0,
AMVOS-I does not add to the performance at all. AMVOS-I is therefore useful under the
constraint that a larger prediction memory is maintained.

AMVOS-A(OTHER+XIRIS) Interactive (IVOS) performance in % IOU
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Figure 5.6: AMVOS-I; interactive performance analysis
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5.5 Discussion

This section provides the explanation and interpretation of the results presented in Section
5.4. First the inference runtime is compared to prior studies, followed by a discussion on
the implications and limitations of the performance results.

5.5.1 Running time comparison

AMVOS shows superior inference speed performance whenever compared to existing state-
of-the-art VOS methods as shown in Table 5.5.1. The architecture and platform used by
Skartados et al.[221] is most comparable to AMVOS. AMVOS is however almost 1.5z
faster and uses less than half the number of parameters indicating the effectiveness of the
architectural changes introduced in Section 5.3.3.

Table 5.2: Parameter count and inference speed comparison with state-of-the-art VOS
(Memory size = 2)

VOS architecture Parameters (M) FPS (GPU)
STM (2019) [110] 38.9 6.3 (1080ti)
STCN (2021) [21] 54.4 26.9 (2080t1)
SwiftNet (2021) [219] - 70 (P100)
MobileVOS (2023) [220] 2.5 99 (A10)
TrickVOS (2023) [221] 1.9 102 (RTX 3090)
AMVOS (ours) 0.9 155 (RTX 3090)

AMVOS is able to operate at sufficient speed for DED (100+ FPS) for total memory
sizes up to qp + qa < 25 without prediction memory ¢p = 0, and ¢4 + qp < 16 with
prediction memory ¢p # 0. Even-though ¢p = 0 provides a significant inference speed
advantage over ¢p > 0, it leads to significant worse performance as shown in Figures 5.5
and 5.6. AMVOS provides room to experiment with different memory policies, which is
something that prior studies [220), | do not provide as they are only able to operate
using a total memory size of g4 + qp < 3.

5.5.2 Memory policy performance influence

Maintaining a larger set of historical information generally leads to better performance and
increased latency, as discussed in Sections 5.4.2 and 5.4.3. The memory policy determined
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by the hint (¢4) and prediction (¢p) memory queue sizes has a significant effect on AMVOS
operation in terms of robustness and performance. Potentially the biggest insight is that
adding initial hint memory ¢4 using AMVOS-I only works well for larger prediction memory
sizes gp. A last only prediction memory policy gp = 1 leads to erratic prediction behaviour
while larger sizes lead to more stable results. A potential cause could be that maintaining
a larger temporal history could provide AMVOS with information related to velocity and
acceleration of objects in the field-of-view of the images provided. Without prediction
memory, no temporal information is available, leaving AMVOS-I operation useless. A
general advice is therefore to use a prediction memory as large as possible without violating
the DED inference latency requirement of 100 FPS.

The performance of AMVOS on the XIRIS validation dataset seems to stagnate at
around 83 % IOU of which prediction and annotation ambiguity could be the cause as
discussed in 5.3.2. Two temporally close images with annotations and AMVOS
predictions, which showed the biggest discrepancy between annotation and prediction is
shown in Figure 5.7. It is unlikely that the melt-pool changes size as drastically as
depicted in the figure according to the annotations. Furthermore, most errors in the left
picture belong to pixels predicted as being melt-pool which seems more plausible than
the annotation. The exact opposite is visible in the right picture, where most errors
belong to pixels not being predicted as melt-pool. The former and latter are generally
considered false-negative and false-positive cases. Whether the annotation or predictions
are correct is uncertain with stagnating AMVOS performance as a plausible result.

Predictions

Figure 5.7: Annotation and prediction disagreement. Annotation and prediction agreement
is shown in green, disagreement in red, indicating errors. Boxes are determined manually
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5.6 Conclusions

This work presents a novel training-free adaptive image segmentation model called AMVOS
that can segment any object without requiring re-training. AMVOS is versatile, as it can
be trained to be object specific or agnostic. Furthermore, it can be used as a annotation
recommendation system, much like active learning, but without the need to re-train. The
architecture is developed with real-time deployment on additive manufacturing processes,
and specifically directed energy deposition in mind, as it is capable of reaching 83.4 %
intersection-over-union at 100+ frames-per-second for larger external memory sizes. The
speed of AMVOS is unprecedented in the field of video object segmentation as it is 1.5z
faster than the competition. Our work can help the additive manufacturing community as
the need for large and diverse annotated datasets is minimized as only a few (less than 5)
annotations are typically needed for AMVOS to adapt to newly unseen scenery without
training. Furthermore, AMVOS can be trained on any image or video sequence dataset,
and any object, therefore greatly expanding the available data for training with better
generalization and performance as a result.
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Chapter 6

Conclusions and future work

6.1 Conclusions

This thesis proposes several advancements in the application of ML tools within AM, and
specifically DED. The focus was to enhance both the generalizability and scalability of
ML models, ensuring their effectiveness across a wide range of industrial applications and
operating conditions. This research was centered around three main objectives: reducing
the need for extensive annotated data, developing and evaluating ML models on their
cross-domain generalization capabilities, and creating efficient and adaptable solutions for
real-time deployment.

In Chapter 3, AWUS is introduced, which is a novel active learning method that
balances random exploration with uncertainty based exploitation through model change.
AWUS significantly reduces the amount of annotated data required for training ML
models, with reductions ranging from 20% to 70% across 36 datasets from various
domains, including DED. The ability to leverage random exploration is particularly useful
in scenarios where defining image similarity is complex or difficult, such as in-situ process
quality prediction for DED. Furthermore, AWUS was used to create the diverse dataset
used in Chapter 4. This dataset, consisting of 9,806 images from 285 videos of 49 different
DED machines, was essential for validating ML models across different domain shifts.

Chapter 4 presented a novel methodology for validating ML-based DED process
quality classification models by simulating various input-distribution domain shifts, likely
to be experienced in real-world DED operation. The dataset created with AWUS enabled
a comprehensive analysis of model performance in diverse operating environments. Our
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findings indicate that supervised vision-based ML models perform relatively well with
minor domain shifts, such as small changes in process parameters or tool-path variations.
Performance significantly degrades with hardware changes, averaging a -20.9% reduction
in classification accuracy. This finding highlighted the need for models capable of
adapting to hardware shifts and directly influenced the development of AMVOS. This
chapter also reviewed 83 convolutional neural network (CNN) architectures for DED
quality prediction, providing valuable insights into model selection based on performance
and inference latency.

In Chapter 5, we introduced AMVOS, a training-free adaptive image segmentation
model designed for real-time deployment in AM and DED. AMVOS addresses the
challenge of performance degradation due to hardware domain shifts by providing a
solution that does not require re-training. It achieved an intersection-over-union score of
83.4% at over 100 frames per second, making it 1.5 times faster than existing solutions in
video object segmentation. The model’s ability to adapt to new environments with fewer
than five annotations significantly enhances its generalizability and deployment efficiency.
The development of AMVOS was directly motivated by the need for robust solutions to
handle significant domain shifts, particularly those identified in Chapter 4.

6.2 Future work

There are several ways future work can extend this dissertation. One promising direction
is the exploration of integrating AWUS and AMVOS into other AM processes beyond
DED. Investigating how these methods can be adapted to different additive manufacturing
technologies, such as powder bed fusion or binder jetting, could extend the applicability of
the contributions to AM.

Additionally, there is potential for combining AWUS and AMVOS with emerging
technologies, such as advanced sensor systems or real-time process monitoring tools in
industrial environments. Exploring these combinations could lead to innovative solutions
that better handle the complexities of modern manufacturing environments.

Improving AWUS and AMVOS could also be valuable. For AWUS, future work could
focus on optimizing and validating the balancing between exploration and exploitation to
further reduce annotation requirements. For AMVOS, enhancing its capabilities to manage
more complex segmentation tasks, such as increased occlusions or object ambiguity, could
be helpful in real-world operating scenarios where sub-optimal process parameters are used.

Finally, conducting real-world validation studies to test the developed ML models in
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practical industrial settings beyond AM and DED would provide valuable insights into their
effectiveness and robustness. These studies could help to refine the models and ensure their
applicability in real-world operating scenarios.

In conclusion, this work provides a foundation for data-efficient machine learning
solutions in additive manufacturing that could be build upon. By addressing key
challenges related to generalizability and scalability, the research has made contributions
to the field of AM, and DED specifically. The integration of these findings into future
research can continue to drive innovation and progress in ML applications for additive
manufacturing.
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Annotation protocol
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Figure A.1: Annotation protocol used to create DED datasets described in Chapters 3, 4,

and 5.
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Appendix B

Active learning

Table B.1: Pool-based Batch-mode Active Learning (PBAL)

2 while |U| > 0 and t is satisfied do
Up < q(U,L,m,m,C,b)

annotate

3

N O vk

Input : U - Pool of unlabeled data instances

L - Pool of labeled data instances

C - Set of unique class labels in U U L

m - Classification model not trained on L

H - Annotators

b - Batch size

t - Termination condition
q - Query strategy function

Output : L,m
1 7m train L,C

Lp

U+—U
m<4—m
__ train
m

H,C,Up

L+ LULp

\Us

+—— L,C

// Train model on labeled data

// Query batch from U

// Annotators provide labels

// Add to labeled

// Remove from unlabeled

// Set current to previous model

// Re-train model
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Table B.2: 28 open-source datasets from the OpenML database and 8 datasets from 8
different directed-energy-deposition (DED) processes. The dataset name (N), number of
instances (I), features (F) and unique classes (C) per dataset are presented on the left.
F1l-macro classification performance, mean and standard deviation in %, on the validation
set ( 50%-50% train-validation split) on the right over 1000 repeated random dataset splits

vowel 990 12
credit-g 1000 20
DED-h 1078 16

84.4+2.4  85.7+3.0 95.5£2.3 90.2+2.0
92.8+1.5 96.2+1.0 94.6+1.3 96.6+0.9
97.0£1.7 97.9+1.4 959423  97.5%1.5

Dataset Classifier

N I F C GNB LR RF SVM
transplant 131 3 2 85.3+1.4 86.2+1.4 85.0+1.6 86.1+1.4
iris 150 4 3  91.3+2.5 90.8+2.7 90.94+2.8 90.8+2.5
tae 151 5 3 89.24+2.2 91.3+2.0 91.742.3 92.5+1.9
corral 160 6 2 79.7+£2.0 89.8+1.6 91.4+1.7 90.5+1.6
servo 167 4 2 95.6+1.4 96.0+1.1 97.9+1.1 97.7+£1.1
wine 178 13 3 70.94+2.2 73.942.3 81.3+£2.2 77.5+2.9
DED-a 181 16 3 76.2+2.1 83.0+2.5 87.742.2 88.5+2.2
flags 194 28 2 81.24+6.5 97.0+2.7 86.9+7.7 86.2+7.0
sonar 208 60 2 86.2+3.5 80.7+4.4 96.8+2.1 87.9+3.8
cpu 209 7 2  90.8t6.9 90.8+1.0 69.0£12.9 90.8+1.0
seeds 210 7 3 79.3£3.0 92.842.8 97.6+2.2 95.9+1.9
glass 214 9 2 74.3+2.3 85.5+1.9 85.9+1.9 86.0+1.9
bodyfat 252 14 2 79.7+2.7 78.7£2.7 77.842.8 78.7+2.7
heart-statlog 270 13 2 84.7+4.7 88.143.2 96.5+3.3 87.6+3.3
cleve 303 13 2 93.0+2.5 86.8+5.0 94.1£3.2 96.94+2.4
solar-flare 315 12 5 65.9+9.7 68.2+1.8 66.5+1.9 68.1+1.7
ecoli 336 7 2 72.0+1.9 72.5+1.9 69.2+2.1 72.94+1.8
ionosphere 351 34 2 729+11.6 95.6+£1.2 94.5+1.6 96.3+1.1
vinnie 380 2 2 60.3+3.9 70.0+4.2 63.6+t4.4 68.0+4.6
DED-b 412 16 3 57.1£5.1 49.3+5.2 75.844.3 52.0£4.5
DED-c 451 16 3 83.2+2.6 82.6+2.5 78.7+2.8 82.6+2.8
boston 506 13 2 86.943.0 85.24+2.3 91.3+1.9 85.2+2.7
wdbc 569 30 2 95.1+£2.0 89.2+3.5 94.6+2.0 93.0+2.9
DED-d 607 16 3 90.3+2.3 91.8+2.2 90.4+2.8 94.14+2.0
strikes 625 6 2  90.8t2.4 87.24+4.5 87.5+3.8 90.3+2.7
balance-scale 625 4 3 51.447.2 68.6+5.6 67.7£3.9 69.51+6.3
DED-e 639 16 3 67.8+4.9 75.44+3.6 76.4+4.1 74.1+£3.9
Australian 690 14 2 70.7+1.8 80.8+1.8 95.7+0.9 84.6+1.3
DED-f 694 16 3 60.242.8 60.1+3.1 93.9+2.1 61.84+3.1
diabetes 768 8 2 47.846.8 49.54+5.1 52.945.3 49.245.3
vehicle 846 18 4 96.0+2.1 96.7+2.3 97.9+2.2 98.7+1.6
DED-g 900 16 3 42.1+£3.9 71.8+1.9 72.9+1.8 76.2+1.6
stock 950 9 2 84.3+1.8 83.7+2.1 82.1+2.6 83.84+2.1

2

2

3
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Table B.3: Active learning simulation procedure

S R W N

EN|

10
11

12

13
14
15
16

17
18
19

20

21
22
23

24
25

Input :n - Nr of repeated simulations
M - Set of classifiers
Q@ - Set of query strategies
B - Set of batch sizes
D - Set of pre-annotated (labeled) datasets
p - Classifier performance scoring function
Output : R - Set of simulation results

R+—o // Empty simulations results
Viz—y // Virtual annotator
T < True // Perform PBAL until all labeled
for L in D do
C<+ VL // Identify all unique classes in dataset
for i <~ 1 ton do
1
Ly, L, i it L,C // Uniform 50% train-validation split per class
U + {z|(y,x) € Ly} // Get unlabeled train set
3 1
Lo &5 1,,C // Uniform sample 1 instance per class from train set

Uy« {x € Uslx ¢ L1} // Update unlabeled pool

for m in M do
myp Jram L, C,m // Train benchmark model
Sp gl p(my, Ly) // Get benchmark score on validation set
for ¢ in Q do
for b in B do
Lo,mq < PBAL(Uy, Ly, C,m,V,b,T,q) // Active learning, (see
B.1)
L+ o
for (y,x) in L, do
L+ LU(y,x) // Update for every instance
i L,C,m // Train model
i p(m, L) // get score on validation set
if s > s then
r < |L|/|Lt| // get ratio of training needed to reach
benchmark
R+ RU{i,d,m,q,b,r} // store result
break
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Table B.4: Active learning performance of query strategies for each dataset and
Each number represents the Area-Under-Cumulative-Curve (AUCC) of 1000 repeated
simulations for each batch sizes; 1,4,16 and 64. See Figure 3.2 for more details on AUCC.

GNB LR RF SVM

Q H Q& ? & ¢ &

%gwm@ﬁ gggmd@@ g%%@@@@ %%%@N@—c g
dataset EZ S8® £EE8E 228 ES8EE 2 S8YESeEE 220 ETE gk
transplant 81 80 80 79 76 78 80 80 84 82 76 79 73 80 76 80 83 81 83 82 7585 838383 79 79 78 70 81 79 76
iris 71 71 69 71 66 55 69 69 72 66 53 60 53 58 51 63 82 81 82 80 78 83 81 82 66 63 54 61 48 58 51 55
tae 62 63 60 63 62 60 60 60 57 57 53 55 55 59 54 56 43 43 42 42 42 47 42 43 54 56 48 54 55 BT 47 56
corral 62 63 50 59 61 58 50 52 70 69 70 66 59 69 70 66 63 61 60 58 51 67 60 62 72 70 72 68 62 71 72 67
servo 84 84 83 83 84 85 82 83 70 67 68 65 56 73 68 64 84 83 84 83 81 85 84 84 76 75 75 73 68 79 75 72
wine 56 55 53 55 49 56 54 55 67 65 61 61 52 63 60 58 66 65 64 63 59 67 64 65 72 69 71 68 55 71 71 59
DED-a 70 70 69 71 68 53 68 70 86 86 83 84 81 79 83 84 79 77 77 76 73 75 78 78 85 84 84 84 80 78 84 81
flags 82 82 81 83 83 81 80 81 52 53 52 52 50 53 52 52 76 76 76 75 75 74 76 76 56 56 54 55 55 56 53 55
sonar 82 81 82 82 80 80 82 82 51 52 49 50 49 51 49 51 58 57 58 57 57 59 57 57 57 57 54 55 55 57 54 56
cpu 70 70 69 69 65 74 69 70 83 79 84 81 53 87T 83 72 75 74 75 7262 757574 75 70 75 70 46 76 74 57
seeds 717166 71 70 59 67 68 83 79 74 78 68 76 73 75 71 70 70 67 61 727069 74 69 76 73 52 77 75 59
glass 88 88 87 89 89 83 86 86 92 93 91 92 94 92 91 93 54 56 52 53 53 54 52 54 89 91 86 &89 92 87 85 91
bodyfat 87 86 87 86 84 87 86 &7 68 62 68 59 34 71 67 52 78 78 78 76 72 79 78 77 68 63 69 62 39 69 69 50
heart-statlog 49 51 34 51 51 33 34 37 72 70 72 69 62 70 72 68 78 78 77 77 77 74 77 78 60 58 60 57 51 60 60 54
cleve 56 59 41 59 62 43 40 43 67 67 66 64 62 65 66 64 77 77 76 7776 74 76 77 60 59 59 57 56 61 59 56
solar-flare 80 80 74 79 81 74 73 76 56 51 51 51 40 58 51 45 79 79 TR TR TT 79 TT7 78 49 46 46 48 41 56 45 42
ecoli 96 96 96 96 96 91 95 95 83 81 78 77 65 83 77 76 82 82 80 80 75 83 80 81 81 79 80 77 61 84 79 69
ionosphere 68 70 63 68 68 53 63 63 53 48 53 50 38 57 52 41 70 70 68 67 62 59 67 69 40 39 40 44 41 46 40 37
vinnie 86 87 82 86 85 84 82 82 86 85 81 82 81 80 80 82 78 77 77 78 73 73 78 78 88 87 85 86 86 84 84 86
DED-b 70 69 67 69 64 70 67 67 84 82 82 79 62 85 82 74 T8 77 77 756580 77 7676 73 74 70 51 76 74 57
DED-c T4 77 66 T8 77 74 65 66 64 60 60 56 36 64 59 48 68 66 67 63 53 70 66 66 58 56 57 54 44 59 57 49
boston 88 89 80 90 91 78 81 81 67 65 66 58 45 65 66 56 TH 74 73 72 67 74 73 73 65 64 64 61 52 61 64 57
wdbc 89 88 90 89 84 92 91 90 85 83 82 80 44 83 81 74 84 83 83 81 70 84 83 82 82 79 81 77 53 83 81 68
DED-d 68 68 61 65 62 78 59 64 76 75 71 70 47 77 70 66 T8 76 77 7251 74 777575 72 75 69 35 65 75 44
balance-scale 66 66 63 58 37 60 63 57 84 84 80 80 80 81 80 83 73 73 72 7168 72 7173 78 81 74 74 78 75 73 80
strikes 97 97 97 97 97 98 97 97 81 82 79 82 80 79 79 81 61 59 59 53 3862 5955 72 74 6975 73 69 68 74
DED-e 91 92 86 92 93 90 &7 &7 93 92 91 90 83 94 90 87 79 76 78 7564 80 78 75 85 83 82 81 69 &84 &1 71
Australian 70 73 60 76 77 68 60 63 82 81 82 80 75 78 81 81 83 82 82 81 78 79 83 81 69 68 69 68 61 67 69 65
DED-f 97 97 96 97 96 93 96 97 95 95 93 93 87 95 93 91 85 83 85 80 70 86 85 85 85 82 85 80 60 88 85 65
diabetes 84 85 84 86 86 77 83 83 81 79 81 76 66 79 81 73 85 85 85 85 83 85 85 85 7H 74 74 73 71 70 73 72
vehicle 95 95 95 95 94 95 95 95 45 42 42 40 22 44 41 28 57 57 56 56 50 49 55 56 46 44 42 45 31 27 42 33
DED-g 97 97 97 97 96 92 97 97 87 86 86 84 36 85 85 71 95 95 95 94 90 95 95 95 91 91 91 90 79 92 91 81
stock 96 96 95 97 97 97 95 95 91 90 86 89 69 95 84 86 71 70 68 66 47 62 68 69 86 86 80 83 68 79 79 78
vowel 97 97 96 97 95 98 96 96 91 90 90 88 73 89 89 86 82 81 81 7752 79 81 7981 79 79 76 41 72 79 61
credit-g 61 63 55 68 72 64 55 55 64 63 63 64 62 63 6365 T8 77 78 7774 75 78 76 57 58 57 62 59 59 56 60
DED-h 91 91 91 92 85 89 9092 94 94 9595 83 9494 90 79 79 79 78 68 78 7R 78 66 67 63 77 60 89 61 63
Ave. OpenML 78 78 74 78 76 74 74 74 73 71 70 69 59 71 69 67 73 72 72 71 65 72 72 72 69 68 67 67 58 68 66 62
Ave. DED 82 82 79 82 80 80 79 80 85 84 83 82 65 84 82 76 80 78 79 77 67 80 7979 78 76 77 76 60 79 76 64
Ave. Overall 79 79 75 79 77 7575 76 76 74 73 72 61 74 72 69 75 74 74 7266 74 7474 71 70 69 69 58 70 69 63
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Appendix C

Domain shift

Figure C.1: An example image for each of the 49 different DED processes.
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Figure C.2: Classification accuracy of 83 architectures. Colors represent domain shifts.
Green (Val D); hardware changes, purple (Val C); parameter changes, red (Val B);
dynamics changes, and orange (Val A); uniform random sampling. Blue is training dataset
accuracy. Bar widths represent 50% quantiles. Error bars represent 25 and 75% quantiles.
Median values are provided on the right.
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Figure C.3: Inference speed for 83 architectures. Color groups represent a single model
CNN model architecture family. Bold edged bars represent FPS evaluated on a Intel i7-
9700K CPU. bars without edges represent model speed when computation is performed on

a Nvidia RTX-3090 GPU using Tensorflow 2.13 with XLA enabled.
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Figure D.1: AMVOS architecture blocks
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Figure D.2: AMVOS architecture blocks
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