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Quality Monitoring in AM Metal Through Efficient Streaming Machine Learning
A low-latency in-situ monitoring pipeline to locate and study suspicious areas
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Chalmers University of Technology and University of Gothenburg

Abstract

Additive Manufacturing (AM), popularly known as 3D printing, has become a trans-
formative technology with wide-ranging applications in a number of industries such
as medical, aerospace, and automotive. The increasing adoption of AM in these
critical sectors necessitates a focus on ensuring the quality of printed components.
An emerging method to estimate the quality of an object is to process data coming
out of the printer during printing. This data can then help detect defects within the
object. Most of the current research focuses on the ability and accuracy of finding
defects but fails to take into account the crucial time aspect associated with pro-
cessing the data coming from the printer. This thesis proposes a method of quality
monitoring in AM through the integration of machine learning and low-latency data-
stream processing. Monitoring live sensor data from inside the printer (in-situ) has
been advocated to minimize time for defect detection, yet its successful implemen-
tation relies on establishing a quantitative relationship between sensing data and
the defects in an object. This proves challenging given the multitude of variables
involved with this specific type of AM method.

This thesis utilizes Optical Tomography (OT) images captured as the object is be-
ing printed. The OT images are used together with spatial algorithms and machine
learning models to identify defects in objects. The entire process is implemented in
a streaming fashion, enabling low-latency monitoring and assessment. Importantly,
the proposed approach supports not only the detection and position of defects but
also the size of the defects, addressing both aspects that are critical for assessing
the quality of AM components. The proposed methodology contributes to the ad-
vancement of in-situ quality control in AM, addressing the critical need for timely
defect detection and ensuring the production of high-quality components. The out-
put includes the location of defects, and the geometric attributes of porous areas
across the current layer, considering the adjacent layers in the object during the
manufacturing process.

The proposed method for finding defects has a sub-quadratic processing overhead
in the size of the input. In this work it was tested with data of multiple objects
and images for 250 layers; with a recall of up to 95%, its running time for finding
overlapping clusters in two adjacent layers is a few milliseconds, hence allowing
significant margin for closed-loop control.

Keywords: Outlier Detection, Machine learning, Optical Tomography, In-situ Sens-
ing
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Glossary

AM - Additive Manufacturing refers to the process of creating a three-dimensional
object by adding materials through various techniques, as opposed to removing
material.

A ABB - Axis-Aligned Bounding Box, a bounding box where the edges are
the minimum and maximum of each dimension.

ML - Machine Learning

L-PBF - Laser Powder Bed Fusion, a type of additive manufacturing utilizing
a laser to melt a metal powder into a solid object.

DBSCAN - Density-based Spatial Clustering of Applications with Noise, a
clustering algorithm using the density of data points to build clusters.

OT - Optical Tomography, a non-invasive imaging technique that uses light to
capture detailed, cross-sectional images of the internal structure of an object.

Stream Processing, the real-time processing of continuous data streams to
enable immediate analysis and response.

DAG - Directed Acyclic Graph, graphs with directed edges and no cycles,
meaning they do not contain loops.
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1

Introduction

1.1 Additive Manufacturing

Additive Manufacturing (AM), colloquially known as 3D printing, has revolutionized
modern manufacturing by offering unprecedented design flexibility and customiza-
tion. Among the various AM techniques, Laser Powder Bed Fusion (L-PBF) stands
out for its efficacy in producing intricate metal components with precise mechanical
properties. As the demand for high-quality, complex, and customized metal parts
continues to grow, optimizing the L-PBF process becomes paramount.

The L-PBF process involves the layer-by-layer deposition of metal powder, selec-
tively melted by a focused laser beam. This approach allows for the creation of
intricate designs and novel geometric configurations, making L-PBF particularly at-
tractive for the precise manufacturing of complex structures [1]. However, achieving
consistent quality in L-PBF presents challenges that traditional post-process con-
trol methods struggle to address. In L-PBF manufacturing, defects such as balling,
porosity, spatters, geometric defects, and surface roughness, may arise. Of particular
concern is porosity, a defect marked by voids or gaps that can significantly impact
mechanical properties and spatters, particles ejected from the melt pool[2][3]. Both
these defects occur in regions of high thermal energy.

Current quality control practices rely heavily on post-process defect detection, in
which an expert analyzes the quality of the printed object using a set of data at-
tained by sensors during the print and using techniques such as Visual Inspection,
Ultrasonic Testing, or Radiographic Testing [4]. Post-process analysis is inefficient
and costly as it may lead to the identification of defects only after the completion
of the print, resulting in wasted resources and time.

1.2 In-situ Monitoring

In contrast to post-processing techniques, in-situ monitoring aims to enable control
of the quality of the object as it is being constructed. To achieve this in-situ monitor-
ing retrieves and processes data from the printer as it is printing. It takes advantage
of the layer-wise production that is inherent for AM to detect flaws in each layer.
This provides a more informative view of the object as it contains information about
the inside of it. The interest in the subject has risen greatly in the last couple of
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years as the possibility of using a closed-looped system, meaning having real-time
feedback to the printer as it prints, has emerged [5].

To overcome the challenges of post-print analyzing and the need to re-print, proac-
tive, data-driven monitoring is essential, as highlighted by the correlation between
defects and printing parameters [5]-[7]. To make use of this correlation data analyt-
ics needs to be used to summarize and capture patterns in the data. This should be
done with high accuracy and low latency to compete with the current, more manual,
analysis. This is challenging because the data is often vast, complicating timeliness,
and often quite heterogeneous, requiring small margins of error. The sensors in the
printer, including acoustic sensors, high-resolution optical cameras, high-speed cam-
eras, infrared thermography, and IR cameras, enable continuous data acquisition
during the manufacturing process. Realizing real-time error identification neces-
sitates online analysis of the data produced by these sensors. One of the most
informative types of sensor data is infrared thermography. This is because it gives
a complete 2D image of the thermal radiance in each layer [8].

1.3 Stream Processing

To effectively monitor live data that is produced by the AM machine there is a need
to process it continuously. This paradigm of processing is called stream processing.
Stream processing means processing live data in a continuous fashion to enable
support for immediate decision-making and aggregating data for long-term analysis.
In the context of this work, it means to process the data as it comes out of the
sensors from inside the printer [9].

The use of stream processing technology along with incremental algorithms emerges
as a crucial aspect of this thesis, as time to process the layer data is a deciding factor
of the implementation’s usefulness. Stream processing also includes tools to keep
state using time or event-based windows allowing for comparisons between different
data segments, e.g. data from 2 layers in an L-PBF print. More details about
stream processing and the stream processing framework used in this thesis are given
in Section 2.3.

1.4 Problem Statement

As mentioned above, there are several types of sensors in AM such as melt pool
monitoring, laser power monitoring, etc., that provide complementary information.
However, this thesis uses optical tomography images from a thermal camera inside
an L-PBF printer. These images provide a 2D representation of each layer and show
the heat signature, which is particularly useful since some defects in AM correlate
with temperature [7]. So given a stream of images from a thermal camera situated
inside an L-PBF printer the problem is locating suspicious areas, i.e. areas that
possibly represent defects, in the print using the thermal values retrieved. This has
to be done in a timely fashion as there is an inherent deadline as the printer keeps
working on future layers and fixing errors becomes more difficult as time progresses.
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An example of the image outputted by the thermal camera inside the printer is
shown in Figure 1.1.

Figure 1.1: A thermal image of an object printed in an L-PBF printer where the
intensity of the image indicates the thermal output of that area.

The overarching objective of the system is to output the suspicious areas of each
layer and the geometry of suspicious areas across layers (in 3D) with low latency
and high throughput analysis. Given the dynamic nature of the AM process, precise
defect identification and localization are crucial for effective quality monitoring and
ensuring the integrity of the final printed objects.

1.4.1 Problem Modeling

In L-PBF the laser transitions the powder bed to melt the powder into a solid. As
the laser melts the powder, different parts can get a different thermal signature due
to their geometry or input parameters. If the thermal signature of an area deviates
from the rest of the object that area can be considered suspicious for defects. This
means that the area has a higher probability of having a defect.

Without sensors and data from within the printer, defects can only be found after
printing by having an expert examine the objects either by sawing them apart and
looking for defects or using expensive X-ray equipment to give an inside look at
them. This process is time-consuming and a waste of resources if it is found that
the object is defective and not usable. Therefore it would be preferable to have a
larger part of the process automated and be able to detect defects during printing.

In this thesis, we create a pipeline that uses in-situ monitor data in the form of
thermal images to, during printing, find deviating thermal points, i.e. thermal out-
liers, and cluster them to quantify suspicious areas. Furthermore, we compare these
clusters across layers to combine them into inter-layer clusters. Since what is most
interesting about these clusters is the area/volume they span we also do a geometric
summary of them using axis-aligned bounding boxes (AABB). This gives an expert

3
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the possibility to use simple summaries of suspicious areas to quantify the quality
of the print, automating and simplifying the decision to discard prints/objects.

In L-PBF there is also an inherent time aspect in analyzing the data as the printer
keeps on working on the next layer and the longer time it takes to realize the quality
of an object the more material and time is wasted. Because of this, we implemented
this method of clustering in a streaming pipeline to allow for processing the images
as they are created and to do so with low latency and high throughput.

1.4.2 Problem Formulation

Given a set of thermal images {Si,Ss,...,S,} from a camera situated inside the
printer and where S; represents the pixels of layer i, we want to identify the outlier
pixels in each layer and cluster them into a set of 2D clusters. Continuing we want to
combine the clusters of adjacent layers ¢ and j into a set of 3D clusters C such that
the size of each cluster |C;;| > minPts, where minPts is a predetermined minimum
number of points required to call C;; a cluster. And for each 2D sub-cluster ¢; and
¢; in Cj; there is at least one pair of points p; and p; where |p; —p;| < €, where € is a
predetermined distance to consider points to belong to the same cluster. These 3D
clusters represent the suspicious or defective areas across layers of the object. This
is to be done in a low-latency fashion and be able to classify potential defects with
high accuracy.

1.5 Challenges

The main challenge of the thesis is the identification and quantification of suspected
defects, that is, classifying a region as a defect and assessing the size of that region.
This requires knowledge of the physical phenomenons that cause defects. Another
challenge is the development of an incremental algorithm that utilizes stream pro-
cessing to continuously compare images from different layers and merge suspected
defects of one layer with suspected defects of an adjacent layer to build a view of
defects across the layers throughout the object. A further challenge is the timeli-
ness that the processing will need due to the inherent deadline as the printer keeps
producing a specimen. This is challenging since the rates of data can be high with
several images being taken per layer.



2

Preliminaries

In this section, the background information of this thesis is explained. First, we
give an introduction to AM and specifically the type of AM from which the data
in this thesis is gathered. After that, stream processing and its basics are covered
to give a better understanding of the methodology of this work. We then introduce
some clustering and data summary concepts including axis-aligned bounding boxes
used to summarize the shape of suspicious areas, and lastly, we explain classification
using machine learning.

2.1 Overview of Additive Manufacturing (AM)

Additive manufacturing (AM) is a method of manufacturing that consists of adding
materials together to create an object rather than, as done traditionally, removing
material to get the desired result, as is the case using a lathe or mill. One commonly
known form of AM is 3D printing by melting a thin wire of plastic and layer by layer
building an object described by a 3D modeling file.

As advancements continue in AM, a wide array of materials have been developed for
3D printing. These materials encompass metals, polymers, composites, ceramics,
wood, powders, glass, building materials, biodegradable materials, smart materi-
als, and more [10]. Each material is compatible with specific 3D printing methods
tailored for particular applications.

2.1.1 Introduction to L-PBF

There are many different types of AM methods but in this thesis, our research is
specific to L-PBF AM which is a powder-based AM process. It works by having
a bed of powder that is usually some form of metal alloy and selectively melting
and fusing the metal powder material layer by layer, guided by a 3D digital model.
This process enables the creation of intricate metal parts with high precision and
customizable geometries.

In the L-PBF process, a powder bed is initially created by depositing powder across
a substrate or platform using a recoater. A computer-controlled electron or laser
beam energy source then supplies thermal energy to the surface of the powder bed,
melting the powder into the desired shape. Subsequently, the substrate is lowered
by one layer thickness, and the process is repeated until a solid 3D component is
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formed. To promote bonding and minimize distortion, the powders used are often
preheated to temperatures below their melting point. Additionally, the process
typically occurs in an argon-inert gas-filled enclosed chamber to minimize oxidation
of reactive powders. Figure 2.1 shows an overview of the L-PBF build chamber.

Laser Mirror

Recoater Build object

Build powder
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Figure 2.1: An overview of the L-PBF build chamber.

Some of the main in-process parameters for L-PBF include laser power, scanning
speed, laser spot size, layer thickness, hatch distance, and build platform pre-heating
temperature. These parameters affect the outcome of the print in terms of porosity
as mentioned in [7]. For a more detailed view of the parameters and their effect
please see [11].

2.1.2 Types of Defects in L-PBF

In L-PBF AM, several types of defects can occur during the printing process [12].
These defects can affect the surface finish, mechanical properties, and overall quality
of the manufactured parts. Some of the common types of defects in L-PBF AM are
pores and spatters.

o Pores: Pores are small voids or cavities within the printed material. They can
be caused by trapped gas bubbles, incomplete fusion between powder particles,
or insufficient material flow during the printing process. Pores are typically
smaller in size compared to other types of voids and may not always be visible
to the naked eye.
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Porosity: Porosity refers to the overall volume fraction of void spaces within
the printed part. It is a measure of how much of the material volume is
occupied by pores relative to the total volume of the part. Porosity can be
expressed as a percentage and is often used to assess the quality and density
of AM parts. Higher porosity levels generally indicate lower material density
and reduced mechanical strength.

There are three different types of pores:

Gas Pores: Gas pores are voids formed by trapped gas bubbles within the
melted material. These bubbles can originate from various sources, such as
entrapped air between powder particles, escaping from the powder material,
or vaporization of volatile components. Gas pores are typically small in size
and can be evenly distributed throughout the part.

Keyhole Pores: Keyhole pores are larger voids formed by the collapse of
vapor-filled cavities within the melt pool. During the L-PBF process, intense
laser energy vaporizes the metal at the center of the melt pool, creating a
cavity known as a keyhole. If the keyhole collapses before the surrounding
metal solidifies, it can leave behind a void in the printed part.

Lack of Fusion Pores: Lack of fusion pores occurs when adjacent layers
of melted material fail to bond properly during the printing process. This
can happen due to insufficient energy input, inadequate powder spreading, or
improper scanning strategies. Lack of fusion pores are typically elongated or
irregular in shape and can weaken the mechanical integrity of the part.

Spatters: Spatters are particles that are ejected from the melt pool in L-PBF
due to the high thermal energy caused by the laser. They can lead to structural
weakness and surface irregularities in a print. Spatters also disturb the printing
process by causing blockages and contaminating the build environment which
can cause other types of defects such as pores [3].

2.2 Optical Tomography

Optical thermography (OT) [13] images, also known as infrared thermography images,
are created using thermal cameras that capture the infrared radiation emitted by
objects. These images, or thermograms, reveal the temperature distribution within
an object, allowing for the identification of areas with different temperatures.

The process of creating thermograms involves the use of infrared cameras that detect
radiation in the long-infrared range of the electromagnetic spectrum (wavelength 9
- 14 pm). This range is chosen because, for all objects with a temperature above
absolute zero, it is possible to see infrared radiation, meaning it is possible to see
their thermal output without illuminating the object using a light source. The
radiation quantity released by an object increases with temperature, which is why
thermography allows for the visualization of temperature differences. Objects of
high thermal intensity stand out against colder backgrounds, making it easier to
identify areas of interest or defects within a part.
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In the context of AM, thermographic images can be used to monitor the quality of
parts during the manufacturing process. By analyzing the temperature distribution
within a part, manufacturers can identify defects such as cracks or voids that may
affect the part’s performance. This non-destructive testing method is beneficial
because it does not alter the part, allowing for adjustments to be made to improve
the quality of the part.

2.3 Stream Processing

Stream processing is the process of continuously analyzing, manipulating, and acting
upon unbounded data streams in real-time or almost real-time as they are generated.
Instead of storing data initially and processing it afterward, it entails processing data
as it is being generated. Stream processing is widely employed in many different
applications, including real-time analytics, fraud detection, monitoring systems, and
Internet of Things (IoT) applications, where prompt insights and actions are needed.

2.3.1 Key Concepts in Stream Processing

e Data Streams: Data streams are continuous flows of data that can come
from various sources such as sensors, logs, or other operators.

e Tuples: The data streams in stream processing consist of tuples. A tuple
consists of multiple elements, typically including metadata, such as timestamp
and size, and the actual payload (the data itself) [14]. The notation of a tuple
used in this thesis is Tuple<metadata, data>.

e Operators: The processes that perform transformations on the data streams.
Operators can be stateless or stateful:

— Stateless Operators: Process each tuple independently, without main-
taining any state between different tuples. An example is a map operator
that transforms each input tuple individually.

— Stateful Operators: Maintain a state that is updated across multiple
tuples. These often use a window to manage subsets of the data stream.
An example is a window operator that calculates a running average over
a defined time window, for example, aggregating weather data over one
hour to one data point.

e Job: The entire data processing application created by the user is referred
to as a job in stream processing. The job consists of multiple operators that
execute the data-processing logic to perform operations on the data stream.
These operations can handle a wide range of data transformations and aggrega-
tions, enabling complex processing workflows. These operators are structured
as a directed acyclic graph (DAG).

o Task: A task is the basic unit of work that is scheduled and executed by the
stream processing system. Each task corresponds to a single parallel instance
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of an operator. For example, if the operator has a parallelism of 5, it is divided
into 5 different tasks, each executed individually.

« Directed Acyclic Graph (DAG): The job is structurally represented by a
directed acyclic graph where the nodes represent the operators and the edges
represent the data streams between them. A DAG has no cycles and thus data
in the job only flow in one direction, from upstream operators to downstream
ones.

2.3.2 Overview of Apache Flink

Reader’s Note: This section provides an overview of Apache Flink. While the in-
formation presented is comprehensive, not all details are essential for understanding
the subsequent chapters of this report. This background is crucial for grasping the
broader context of stream processing. The most relevant subsections are 2.5.2.3 on
Flink Operators (specifically source, map, window, and sink operators) and 2.3.2.}
on State Management.

Apache Flink [15] is an open-source stream processing framework for distributed
systems that supports batch and stream data processing. It includes high-level
libraries for Java, Scala, and Python. Unlike other stream processing frameworks,
such as Apache Hadoop, which typically operates on processing time, Flink processes
data based on event time, ensuring accurate timely analysis. Financial transactions
and IoT sensor data requiring correct time semantics are two examples of scenarios
where Flink is more useful.

2.3.2.1 Apache Flink Architecture

Apache Flink operates within a distributed cluster environment. At its core, Flink
programs are represented as Directed Acyclic Graphs (DAGs), known as dataflow
graphs. The dataflow graph serves as the blueprint for job execution, detailing the
flow of data and the sequence of operations that need to be performed. This structure
allows Flink to execute complex data processing tasks efficiently and reliably.

The two main components of the Flink architecture are a Job Manager and mul-
tiple Task Managers. The Job Manager plays a crucial role by scheduling tasks,
managing their states, and recovering from failures. In contrast, Task Managers are
responsible for executing the tasks assigned to them by the Job Manager. Each Task
Manager handles one or more subtasks, managing their state and communication
while targeting efficiency.

Each Task Manager can offer one or more task slots to the job, representing the
maximum number of parallel tasks the Task Manager can execute simultaneously.
To minimize thread synchronization and buffering overhead, Flink may combine
operators into a single task. Furthermore, tasks within the same job can share a
task slot to optimize resource utilization. The number of task slots required for a
job is determined by the highest parallelism level of any operator in that job. For
example, if a job has operators with parallelism levels of 2, 4, and 3, the cluster
would need only 4 task slots.
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Figure 2.2: An overview of the Apache Flink architecture. Picture taken from [16]

In a high availability configuration, multiple Job Manager instances can be estab-
lished, with one designated as the active leader and the remaining instances set as
standby. These standby Job Managers are prepared to assume the leadership role
when the active leader fails.

In addition to the Job Manager and Task Managers, the Flink architecture includes
several other key components: the Dispatcher, Resource Manager, Checkpointing,
and the Dataflow Graph. The Dispatcher is responsible for handling job submission
requests from clients. It manages the Job Manager and provides an interface for job
monitoring and management, targeting that job submissions are processed smoothly
and efficiently.

The Resource Manager is another vital component, tasked with allocating resources
such as memory and CPU for Flink jobs. It interacts with underlying resource man-
agement frameworks like YARN, Mesos, or Kubernetes to ensure that the necessary
resources are available and properly allocated for job execution [17]-[19].

Fault tolerance in Flink is supported through mechanisms like checkpointing and
savepoints. Checkpointing periodically saves the state of the application, enabling
recovery in case of failures. Savepoints, on the other hand, are manually triggered,
consistent snapshots of the application’s state that can be used to restart jobs from
a specific point.

10
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2.3.2.2 Apache Flink Key Features

A key feature of Apache Flink is its ability to achieve parallelism, to enable concur-
rent execution of tasks across distributed computing resources. Flink’s parallelism
is achieved through its distributed runtime environment, which allows the streaming
dataflow to be partitioned and executed in parallel across multiple worker nodes in
a cluster. The sample dataflow with Apache Flink parallelism can be seen in Figure
2.3. The degree of parallelism can be configured at various levels, including the
operator level, the execution environment level, or the individual task level. This
flexibility allows users to fine-tune the parallelism based on their specific workload
characteristics, resource availability, and performance requirements.

Flink’s state management functionalities provide storage and retrieval of applica-
tion state, which is essential for constructing stateful stream processing pipelines.
With an array of Connectors, Flink integrates with various data sources and sinks,
facilitating interoperability with diverse ecosystems.

i keyBy(/ | Streaming Dataflow

¢ window()/ ! Sink (condensed view)
apply() i

keyBy()/

i window()/ i
apply() i
[1]

T Sink
Subtask Subtask — | 1 .
(= thread) (= thread) [1j | Streaming Dataflow

(parallelized view)

| keyBy(/ |
window(})/ i
apply()
2i |

Figure 2.3: A figure demonstrating Apache Flink parallelism. Picture taken from
[16]

2.3.2.3 Apache Flink Operators

Apache Flink provides a set of operators for transforming and analyzing data streams.
These operators can be combined to build complex data processing pipelines. The
Flink operators can be categorized into three types:

e Source Operator:

Source operators are the entry points for data streams in Apache Flink. They
ingest data from external sources and emit it into the Flink streaming dataflow

11
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12

[15]. The source operators in FLink can read the data from multiple data
sources such as the local file systems, distributed file systems such as HDFS
or S3, sockets, message queues such as Apache Kafka, etc.

Transformation Operators:

Transformation operators [15] transform one form of the data stream into
another form of the data stream by performing some logical operation. Some
commonly used transformation operators are

— Map Operator: The map operator takes a DataStream as input and
produces a DataStream as output. It independently transforms each
element in the data stream. Each element is taken as input and exactly
one element is produced as output. The transformation logic is defined
by a user-defined function that implements the MapFunction interface.

— FlatMap Operator: The flatMap operator is a versatile transformation
operator that takes a DataStream as input and produces a DataStream
as output. Unlike the map operator, which emits exactly one element for
each input element, the flatMap operator can emit zero, one, or multi-
ple output elements for each input element. This makes it suitable for
operations such as splitting elements, filtering out certain elements, or
emitting multiple results from a single input. The transformation logic
for the flatMap operator is defined by a user-defined function that imple-
ments the FlatMapFunction interface.

— KeyBy Operator: The KeyBy operator transformation from a DataS-
tream to a KeyedStream is used to logically partition a data stream into
disjoint partitions based on a key. The result is a KeyedStream, where
each partition contains elements that share the same key. This partition-
ing is essential for operations like windowing, aggregations, and stateful
processing, where it is crucial to process records with the same key to-
gether. Keying a stream is achieved by specifying a key selector function
that extracts the key from each element in the stream. Once keyed, Flink
ensures that all records with the same key are sent to the same parallel in-
stance of an operator, enabling efficient and accurate processing of keyed
operations.

— Window Operator: Window operators in Apache Flink are used to
divide a data stream into finite chunks called windows. This transfor-
mation is applied to a KeyedStream/DataStream, resulting in a Win-
dowedStream, which allows operations over specific subsets of the data.
Windows can be time-driven, like every 30 seconds, or data-driven, like
every 100 elements. Flink supports various types of windows, including
tumbling windows, which are fixed-size and non-overlapping; sliding win-
dows, which are fixed-size and can overlap; and session windows, which
group events based on periods of inactivity. This windowing capability
is crucial for performing time-based aggregations, calculations, and other
stateful processing tasks on a stream of data. To understand more about
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the window operator refer to Figure 2.4.
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Figure 2.4: A figure demonstrating different types of window operations in Apache
Flink. Figure adapted from [20]

— Join Operator: Join operator in Apache Flink is used to combine two
data streams based on a common key and lie in the same window. Uti-
lizing the Join operator enables users to build complex data processing
pipelines integrating information from diverse sources for comprehensive
analysis. Flink supports various types of joins, including Window Joins,
Tumbling Window Joins, Sliding Window Joins, Session Window Joins,
and Interval Joins. These joins allow for flexible data integration strate-
gies, accommodating different time-based and key-based matching cri-
teria. For instance, Window Joins combine elements from two streams
that share a common key and fall within the same defined window, while
Interval Joins match elements based on relative time intervals. Each join
type has specific use cases and behaviors, such as the inner-join semantics
of Window Joins or the time-bounded matching of Interval Joins.

13
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e Sink Operator:

The Sink Operator is the endpoint of the Flink streaming pipeline. It is
responsible for writing the output of the Flink streaming pipeline to external
systems, such as databases, file systems, or message queues. Similar to how
the Source Operator can read data from multiple sources, the Sink Operator
can write data to various destinations such as local or distributed file systems
(e.g., HDFS, S3), relational databases (e.g., JDBC, MySQL, PostgreSQL),
messaging systems (e.g., Apache Kafka, RabbitMQ), Elasticsearch for search
and analytics, etc [21].

2.3.2.4 State Management in Apache FLink

In Apache Flink, state management is an essential component of stream processing,
particularly for stateful operations. The Map State Descriptor is one of the primary
state abstractions offered by Flink. This descriptor is used to specify a state struc-
tured as a map, with each key associated to a value. This is especially useful in
situations when a dynamic set of key-value pairs have to be kept.

o State Descriptor: A state descriptor in Flink defines the type and attributes
of the state that an operator will use. A particular kind of state descriptor for
handling map-like state is the Map State Descriptor.

o Map State: The Map State allows to store and retrieve values based on keys.
New entries can be added, existing ones can be updated, or removed from
the state. It is similar to a dictionary or a hash map in other programming
languages. Each entry in the map consists of a key and a value.

2.4 OQOutlier Detection

Detecting anomalies in data is known as outlier detection; that is, finding points
of data in a data set that deviates significantly from the values of the other points
in that data set. Outlier detection has multiple use cases ranging from credit card
fraud detection to finding irregularities in urban traffic [22]. In this thesis, the
outlier detection is based on spatial data analysis. In L-PBF an anomalous thermal
radiance, i.e. temperature, can lead to porous areas being created [6]. Therefore
thermal outliers can be marked as suspicious points when looking for porous areas.
In this thesis, the outlier detection method is based on the one used in [11] and
the basis of it is to find outliers by comparing their Z-scores to their neighborhood
Z-scores using the equation in 2.1, where p is the value of a data point and p is the
mean value of the set (in this work the set is the thermal intensity of a layer) and o
the standard deviation.

(2.1)

The neighborhood size and shape are specified individually and explained in Section

14
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4.3. How much of an outlier a point is depends on the difference in its Z-score and
the average Z-score of its neighborhood. A plot of an example output of this method
is shown in Figure 2.5.

-2 -1 0 1 2
Z-Score of Attribute Values

Average Z-Score of Attribute Values Over Neighborhooc

Figure 2.5: A mock plot of data point’s Z-score on the x-axis compared to the
average Z-score of their neighborhoods on the y-axis, closer to the line means less
of an outlier.

2.5 Data-point Clustering and Associated Repre-
sentations

2.5.1 Clustering of Data-points

In this thesis, to identify suspicious areas within each layer of the OT image, we
employed an unsupervised machine learning (ML) technique known as clustering.
Clustering means to divide a set of points into distinct groups, and clusters, based
on their values. The two most widely used clustering algorithms are K-Means and
Density-Based Spatial Clustering of Applications with Noise (DBSCAN), each with
distinct characteristics [23], [24].

K-Means work by selecting k& random data points as centroids. The clusters are
then initially created by assigning each data point to the closest centroid. After
that, the centroids are updated by calculating the mean of each cluster created,
and the points are again assigned to their closest centroid. This is done iteratively
until the clusters do not change significantly or a maximum number of iterations is
reached. The drawback of this method is of course that there needs to be an idea
of the number of clusters beforehand. This is why DBSCAN is often used instead.

DBSCAN uses data point density to identify clusters. Unlike K-Means, DBSCAN
does not require a predefined number of clusters and can detect clusters of arbitrary
shape. DBSCAN is also more suitable for datasets with different densities and

15
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unusual cluster forms since it can effectively label and handle noise points. This
capability makes DBSCAN a better fit for our purpose. An image demonstrating
the differences between K-Means and DBSCAN clustering algorithms can be seen in
Figure 2.6. It clearly shows the need for K-Means to divide the set into a predefined
number of clusters even though it might not be the best solution in many cases.

Figure 2.6: Clustering differences between K-Means and DBSCAN. Image is taken
from [25].

2.5.2 DBSCAN

DBSCAN is a clustering algorithm first introduced in [24], that is designed to find
clusters in a dataset by looking at the density of data points in the set. It has two
input parameters € and minPts, € is the maximum distance in which the algorithm
will look for neighboring points, minPts is the minimum number of points required
to lay within distance € from the point at hand for this point to be called a core
point. If a point does not have minPts neighbors within distance € it is called a
noise point. The algorithm randomly chooses a point and if it is a core point it starts
building a cluster there and expands it incrementally by adding the neighboring core
points. This is done until there are no more core points in the distance e¢. All the
noise points within € of a core point in the cluster also get added to the cluster but
not their neighbors. If there are still non-clustered core points after a cluster has
been built, the algorithm starts a new cluster at a random non-added core point.
A pseudo-code for the DBSCAN algorithm can be seen in Algorithm 1. DBSCAN
runs with worst-case complexity O(n?) but expected complexity O(n*log(n)), with
n being the number of points in the dataset. There exists some stream-compliant
(incremental) algorithmic implementations with near-linear complexity if the data
has spatiotemporal correlations [26] or some approximation is allowed [27], [28].

16



2. Preliminaries

Algorithm 1 DBSCAN algorithm [24]
Input: A set of points A, €, minPts

1: for each unvisited node a € A do

2 N < Neighbours(a,e)

3 if |N| < minPts then

4: noisePoints <+ a

5: mark a as visited

6 else

7 C+a

8 for each unvisited node @’ € N do
9 N« N/d

10: if o’ is not visited then
11: mark a’ as visited

12: N’ «+ Neighbours(d',e)
13: if |[N'| < minPts then
14: N« NUN'

15: end if

16: end if

17: if o’ is not yet a member of any cluster then
18: C+Ccud

19: end if

20: end for

21: end if

22: end for

2.5.3 Axis-Aligned Bounding Boxes

When given a set of points it can be beneficial to have a geometric shape to enclose
the points to give an approximate description of the shape, size, and density of the
points. This is what is called a geometric summary and it can simplify calculations
on data points as utilized in [28] to do an approximate parallel implementation
of DBSCAN. Creating a geometric summary can vary in complexity depending on
the specific method utilized and how tight of a fit around the points is needed. A
simple geometric summary method is called azis aligned bounding boxes (AABB),
and it works by finding the boundary points of a dataset, i.e. points that have
the maximum or minimum value in any dimension [29]. For example, for a data set
consisting of two dimensions we would have a Z,,in, Ymin as well as a T4, and a Ymae
that gives a set of points of which a bounding box will be created. An illustration of
this can be seen in Figure 2.7. An advantage of AABB is its simplicity and relatively
low complexity, linear search means O(n). A disadvantage is that it might yield a
bad fit for data points that do not cover a rectangular area resulting in empty space
in the geometric summary.

17
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121

10

Figure 2.7: An example of Axis Aligned Bounding Boxes in 2D where the lines
indicate the max and min value of the dataset and their intersections indicate the
corners of the boxes. Red line = x,,,;,,, green line = x,,,4,, blue line = ¥,,,;, and yellow
line = Yz

2.6 Classification Metrics

A classification ML model converts the input of the model into an estimate of that
input belonging to a certain category [23]. A classification ML model could for
example take as input a picture and output whether that picture has a dog or a
cat in it. A binary classification is simply a classification model that only has two
possible outputs. For such a model the evaluation of the outcome ends up in one of
four classes:

 True Positive (TP): An instance the model classifies as positive and is positive.

o False Positive (FP): An instance that the model classifies to be positive but is
negative.

o True Negative (TN): An instance that the model classifies as negative and is
negative.

o False Negative (FN): An instance that the model classifies as negative but is
positive.

To evaluate the performance of these types of models there are three metrics: Accu-
racy, Precision, and Recall. they are calculated as follows.

TP+TN
TP+TN+ FP+ FN

Accuracy =

18
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Related Work

This section contains a summary of related literature that discusses Quality Moni-
toring in AM, utilizing streaming techniques, and incremental clustering methods.

There are multiple methods to classify defects in AM using different types of ground
truth data and ML. Most existing works focus on the accuracy of classification
within individual layers (intra-layer) rather than examining how defects span across
multiple layers (inter-layer) or the time required to analyze these layers. Additionally,
there is ongoing research on creating the outline of an entire Stream Processing
Framework to be able to integrate in-situ monitoring online and live.

3.1 In-Situ Defect Detection in L-PBF

Grasso et al. [5] provide a comprehensive review of in-situ measurement and monitor-
ing methods for metal powder bed fusion (PBF) processes. The authors classify the
in-situ methods into five levels based on measurement scale and type, ranging from
machine state monitoring to subsurface imaging. In this thesis, thermal images will
be used which aligns with their Level 2 classification, which involves measurements
taken during laser scanning of each layer. The authors emphasize the critical link be-
tween in-situ measured quantities and the quality of the final part, highlighting the
influence of process parameters on defect formation mechanisms. This aligns closely
with our approach which aims to use thermal signatures to identify potential de-
fects. The review also underscores the growing research interest in developing novel
in-situ measurement, monitoring, and control solutions, which resonates with our
work on low-latency defect detection using thermal imaging. The work done in [5]
serves as an important reference point for understanding the current state-of-the-art
in-situ monitoring for metal powder bed fusion and helps position our work within
the broader landscape of ongoing research efforts to advance zero-defect additive
manufacturing capabilities.

Mohr et al. [7] presented a study on in-situ defect detection in L-PBF processes us-
ing thermography (thermal radiation) and optical tomography, with a comparison
to X-ray CT (CT). The research aims to enhance process understanding and quality
assurance in AM by integrating multiple sensing methods and advanced data anal-
ysis techniques. They show the effects different laser parameters have on the print
quality and that the thermal signature of the powder during printing can indicate
porous areas. The findings of [7] motivate the hypothesis of the work in this thesis
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which is based on the idea that those thermal outliers can indicate regions of interest
and quantify their size and location for further inspection.

Estalaki et al. [30] utilize in-situ thermal imaging to capture the thermal history
of voxels during the L-PBF process, providing direct insights into temperature vari-
ations that may lead to defect formation. They extract two key thermal features,
namely the time above the apparent melting threshold (7) and the maximum ra-
diance (Tiq4:) of each voxel, from the thermal imaging data. These features are
then used as input variables for several classifications ML models, such as k-nearest
neighbors and decision trees. Additionally, the thermal features of each neighboring
voxel, are considered as inputs to improve prediction accuracy. This preprocessing
step takes into account the thermal history around each voxel, considering heat
transfer effects in defect formation while excluding boundary pixels. Our thesis
builds on the premise created by [30] and others that ML can be used to interpret
data from printers. We do however do this using unsupervised ML.

Sievers [11] focuses on predicting porosity in Laser Powder Bed Fusion (L-PBF)
using thermal data extracted from optical tomography (OT) images. The thesis
emphasizes the importance of thermal outliers, which are pixels with temperatures
significantly different from their neighboring pixels. These outliers are identified us-
ing spatial statistics algorithms, specifically the Moran Scatter plot while excluding
boundary pixels. The identified thermal outliers are then used as input to trained
K-Nearest Neighbor (KNN) and Decision Tree ML models to classify whether par-
ticular objects are porous or not. Our thesis uses similar methods for detecting
outliers as [11], but diverges in several key aspects. We employ a different classi-
fication method, place more emphasis on timeliness in processing, and extend the
analysis to examine defects across multiple layers. This approach allows us to explore
new dimensions in defect detection while leveraging established outlier identification
techniques.

3.2 Data Driven Stream Processing Framework
for AM

Gulisano et al. [14] propose a framework called STRATA which supports online mon-
itoring in AM by leveraging stream processing, with a specific focus on L-PBF print-
ing. STRATA offers tailored APIs and processing paradigms for AM processes, facil-
itating the development of custom monitoring pipelines. The framework is designed
to provide scalable, low-latency, and high-throughput solutions for data-driven AM
processes. By utilizing common processing paradigms such as stream processing
and key-value stores, STRATA ensures scalable data analysis and portability. The
authors demonstrate the framework’s functionality through a real-world use case for
online monitoring of PBF-LB printing processes. Their evaluation involves cluster-
ing cold and warm regions both within and across layers using DBSCAN. In our
work, we use a similar approach to find regions of interest in that we use DBSCAN
but we do this without the need for a specific temperature threshold and also give
an overview of the geometry of the clusters. Our work is however complementary to
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[14] as the pipeline can be integrated into such a framework to aggregate the data
from the printer.

3.3 Incremental Clustering for LIDAR Data Streams

There are several methods for creating specific implementations of DBSCAN to
cluster LIDAR data. A LIDAR works similarly to short-range radar and builds up a
3D image of its surroundings by continuously sending out laser beams and measuring
the time until they come back. By measuring time it knows the distance to any
object nearby and due to its rotation, it gets a 360-degree view of its surroundings.

H. Najdataei et al. [26] introduce an algorithm called Lisco to do Euclidian distance-
based clustering (like DBSCAN) of point clouds coming from a LIDAR sensor con-
tinuously. The algorithm takes advantage of the inherent nature of data coming
from a LIDAR by creating a "e-neighborhood" around a received point and checking
if future points land within that neighborhood. As the new points will lay in front
of the points already looked like due to the rotation of the LIDAR sensor it is an
efficient way to cluster the data continuously. Because the data is already ordered
when it is delivered there is no need to put it in a spatial data structure to do
an optimized search of points. [26] also works with data streams other than from
LIDARs as long as the data points are correlated in time and space.

A. Keramatin et al. [28] introduce a set of parallel implementations of DBSCAN
called PARMA-CC that divides a data set into different regions and assigns each
region a thread to run DBSCAN on. The clusters of different regions were then
merged by comparing a geometric summary of their data points to see if they overlap.
The implementation was tested on LIDAR data and showed good scalability.

Also in A. Keramatin et al. [27], a method called MAD-C is created to utilize data
summaries of point clouds to are used to fuse point clouds coming from multiple

LIDAR sensors into one object to create a merged view of the surroundings of these
LIDAR sensors.

Our method is inspired by the aforementioned works, in the sense that geometric
summaries are combined, through comparisons of data objects that are spatiotem-
porally correlated. The next chapter describes the methods in detail, along with
implementation aspects in the Flink stream processing system.
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This chapter provides an overview of the data pipeline, detailing the pseudo-code
for each operator within it. It describes the input and output data streams for each
operator, as well as the parameters they require to function. Figure 4.1 illustrates
the directed acyclic graph (DAG) of the data pipeline, showing the order in which
the operators are arranged. As discussed in Chapter 3 these operators work with
data ordered by the layers of objects to create summaries of clusters across layers.
All the operators are built using Apache Flink and key concepts in that framework,
elaborated on in Section 2.3.

4.1 Data Preprocessing

A camera mounted above the build area captures OT images of the entire build plate
after each layer is printed. As multiple objects may be printed simultaneously in a
single printing job, individual monitoring of each object is necessary to assess their
respective build quality. This requires preprocessing the captured thermal images,
to crop the region of interest (ROI) for each object. The source operator can then
send in one object at a time to the pipeline, allowing the rest of the pipeline to only
look the layer number of the data it receives. These cropped images are then fed to
our data stream pipeline.

4.2 File Monitoring Operator

The File Monitoring Operator is the source operator of our data stream pipeline. It
reads the images from the disk into a 2D array, image_datal[][]. It then outputs the
array along with the Layer ID (L;4) and a time stamp (ts).

The timestamp (ts) is particularly significant as it is forwarded through the data
stream pipeline to the last operator. This is used for making sure in-order execution
of the operators. This also allows for the computation of latency, providing a measure
of the time taken to analyze each image from its detection by the File Monitoring
Operator to the completion of processing by the final operator. This end-to-end
latency measurement is crucial for evaluating the performance and efficiency of the
data processing workflow.
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Figure 4.1: The outline of the stream pipeline shown as a directed acyclic graph.

4.3 QOutlier Detection Operator

The outlier detection operator is a stateless map operator that identifies outliers in
thermal images, which is the first step in the process of detecting suspicious areas.
The algorithm to find outliers in this thesis adopts the approach proposed in [11].
The neighborhood shape used to calculate the average Z-score of any point in the
dataset is as depicted in Figure 4.2. The Z-score is a measurement of how many
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standard deviations a data point is from the mean, as covered in Section 2.4. The
algorithm used to find the outliers of an image is presented using pseudo-code in
Algorithm 2. As mentioned in Section 2.4 the algorithm is based on spatial data
analysis and uses the difference in Z-score compared to the neighborhood average
to calculate how much of an outlier a pixel is. The algorithm takes an input tu-
ple containing L;4, image_data[][], and ts. The algorithm also requires two input
parameters: neighborhood size (n) and percent of outliers (£). n is the size of the
neighborhood used for calculating average Z-score and £ is how many percent of pix-
els are expected to be outliers. These two variables will be varied during evaluation
to see the effect on the results. It starts by finding the Z-score of each pixel/data
point in image_ data and storing it along with the position z and y of the pixel.
After finding the Z-score it creates an average Z-score value using the Z-scores of
the pixels surrounding a point as depicted in Figure 4.2 and stores it in a similar
manner for each pixel. Lastly, it calculates the difference between a point’s Z-score,
a.zzy, and the average Z-score, b.z;y, . and puts it in a set D along with the co-
ordinates x and y. It then sorts D by that distance, picks the top % of D, and
puts the corresponding x and y into the set Outliers. The operator then outputs
a tuple containing L;4, ts, and QOutliers into the data stream. This results in only
looking at hot spots, as cold spots will have a negative difference and end up at the
end of D. If cold spots are to be detected as well D could simply be ordered by the
absolute value of the difference instead.

Algorithm 2 Outlier detection(n, &)

Input: DataStream Tuple<Lq, ts, image_ data[][]>
Output: DataStream Tuple<L,q, ts, set Qutliers>
Parameters: Neighborhood size 7, Percent of outliers &

1: Let t denote the input tuple;
2: For each pixel at coordinates (z,y) in t.image_data, compute the Z-score z,
and store it in a set Zgeores as vector of the form (2, z,y);
3: For each pixel at coordinates (z,y) in t.image_data, compute the average Z-
score Zgy, of neighborhood (size 1) and store it in a set Zyeighborhood @S vector
of the form (zxng, z,Y);
for i + 0 to length(zsres) - 1 do
Let a be zscores|i];
Let b be Zneighborhood[i];
diff = a.2,y — b.zxng;
Store vector of type (diff, x, y) in set D
end for
10: Sort D in descending order by diff;
11: Take the top £% of D and put the corresponding coordinates (x, y) into the set
Outliers;
12: Output(<t.Lyq, t.ts, Outliers>)
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Figure 4.2: The neighborhood for calculation of the average Z-score of a point. The
green point is the point of interest and the brown ones are the neighborhood pixels.
In this example, the neighborhood size is 5, but multiple sizes will be tested in the
thesis.

4.4 Intra-layer Clustering Operator

The intra-layer clustering operator is a stateless map operator that performs cluster-
ing on the detected outliers in each layer using the DBSCAN algorithm, to create
a set of clusters of suspicious areas. The intra-layer clustering operator also creates
an axis-aligned bounding box (AABB) of two dimensions for each cluster, i.e. a
summary for each cluster in the form of a rectangle.

The outline of the intra-layer clustering operator is presented in Algorithm 3. The
algorithm takes input tuples containing L;4, a set of outliers, and ts. The algorithm
also requires two input parameters: Epsilon (€¢), and minimum points (minPts) for
the DBSCAN clustering, see Algorithm 1 in Section 2.5.2.

The operator starts by finding clusters using the dbscan.cluster() method which out-
puts one list for each cluster found and saves them in the list clusters. Each cluster
is a list of Double Points, and a DoublePoint is just a pair of doubles, one for the x
coordinate and one for the y coordinate for each point in the cluster. After clustering,
the operator puts the information of each cluster into a data class called clusterInfo,
defined in the algorithm. The operator iterates over each cluster (¢,) in clusters
and calculates the AABB using the get AABB() function, which returns a class con-
taining four doubles: minX, maxX, minY, maxY for each cluster. Additionally,
¢, is assigned a label (¢qp) using a concatenation of L;y and clusterIndex and the
coordinates of the points in the cluster, the content of ¢,, is put into cluster Pts. It
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then adds the clusterinfo and its data to the list clustersWithinfo. Finally, the
operator outputs a tuple containing L4, ts, and clustersWithInfo into the data
stream.

Outliers that were found in the previous step that do not have other outliers in close
proximity will not be part of any cluster. This means that outliers that are isolated
bright spots will be excluded from further analysis, thus ignoring stochastic changes
in temperature that do not affect the quality of the object.

An illustration of the outcome of the intra-layer clustering for one layer can be seen
in Figure 4.3.

Algorithm 3 Intra-layer Clustering Operator (e, minPts)

Input: DataStream: Tuple<L;q, ts, set Qutliers>
Output: DataStream: Tuple<L,q, ts, list clustersWithinfo<clusterInfo>>
Parameters: ¢, minPts

1: let t denote the input tuple
2: clusters = dbscan.cluster(t.Outliers, e, minPts); //Store each cluster as a list
of coordinates in the list clusters
class clusterInfo
String c¢;qp; // The label of the cluster
AABB aabb; // The geometric summary of the cluster
List<DoublePoints> clusterPts; // A list of the coordinates of the points
end class
clustersWithInfo = new List<clusterInfo>; //create a list to hold the clus-
ters and their data
9: for ¢, in clusters do

10: ci = new clusterInfo;

11: ci.aabb = get AABB(cy,);
12: Cl.Clgp = (Lida n);

13: ci.cluster Pts = c,;

14: clustersWithInfo.add(ci);
15: end for

16: Output(<t.L;q, t.ts, clustersWithinfo>)
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Figure 4.3: A sketch of what the outlier detection and clustering does. A to B shows
outlier detection, finding which pixels are outliers, and B to C clusters these outliers
to find regions of interest.

4.5 Inter-layer Clustering Operator

The inter-layer clustering operator is a stateful aggregate operator that finds a set of
clusters of suspicious areas across the layers. It performs incremental clustering by
comparing and merging clusters from the current layer with those from the previous
layers.

The outline of the inter-layer clustering operator is illustrated in Algorithm 4. It
starts by initializing windows merge M ap and merge AABBM ap of size W. mergeMap
is used to keep the state of which intra-layer clusters belong to an inter-layer clus-
ter and merge AABBMap is used to keep track of the geometric summaries of the
inter-layer clusters and is expanded on in Section 4.6. The two windows are based
on a MapState structure, as described in Section 2.3.2.4, and they are represented
by a hashtable with a cluster label as a key and a linked list of cluster labels as
values for mergeMap. An illustration of mergeMap can be seen in Figure 4.5. Af-
ter initializing the windows, a global variable, prev_t, is initialized to keep track
of the tuple belonging to the previous layer to enable incremental construction of
inter-layer clusters by comparing the tuples of two adjacent layers.

The operator then moves on to check if prev_t is "none" in which case it sets it to the
just received tuple and does nothing more. When the next tuple then arrives, prev_t
will not be "none" and a second variable curr t will be created to hold the content
of the tuple corresponding to the current layer. To compare the clusters of two
adjacent layers, the operator iterates over each entry in the list clustersWithinfo
in curr_t and each entry in clustersWithinfo in prev_t. The operator checks
if the axis-aligned bounding boxes (AABBs) of the entries ci, and ci,_; overlap,
considering an epsilon 5 boundary extension 1. An example of AABBs with s
boundary extension can be seen in Figure 4.4. If the AABBs overlap, the operator
iterates through each point p; in ci,.cluster Pts (the list of coordinates for the points

1Since both AABBs will have an extension, only 5 is needed as their extension will add together
to become €
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of ci,) and each point p; in ¢,_y.cluster Pts. If any pair of such points p; and p,
are within e distance, then the clusters are merged by calling the mergeMap.add()
function with parameters ci,.cjq, (the cluster label of the current layer cluster), and
Clp—_1-Clap- 1f the two AABBs do not overlap we can be sure that no points are within
e distance and continue with the next entry.

The outline of mergeMap.add() can be seen in Algorithm 5. The operator checks if
the cluster label (¢,,_1,,,) already exists in mergeMap. If the key exists, the operator
fetches the associated linked list of cluster labels and adds the current layer cluster
label ¢,,,, to the list. If the key does not exist, the operator creates and initializes
a new linked list, adds the previous layer cluster label ¢,_;,,, and the current layer
cluster label ¢, , to the linked list, and creates a new entry in mergeMap with the
key of the previous layer cluster label ¢,,_;,,, and the new linked list. The appearance
of an entry in mergeMap can be seen in Figure 4.5.

After all clusters of the two adjacent layers have been checked, the keys of mergeMap
and mergeAABBM ap are updated to represent the most recently added cluster in
each entry. This could not be done before because clusters in the current layer need
to be able to see which clusters in the previous layer already belong to an inter-layer
cluster.

Finally, the operator outputs a data stream containing L;;-WindowSize (the first
layer of this window), mergeMap, and
mergeAABBMap when the windows reaches their maximum size W.

Figure 4.4: An image showing the difference between a regular AABB and an epsilon-
adjusted AABB. Black is the regular AABB and blue is the epsilon-adjusted one.

4.6 Geometric Summary

Expanding on [11] we do a geometric summary to get a set of locations representing
the clusters found, these are the areas that might contain defects. This geometric
summary will describe the shape and size of a cluster. Doing this incrementally
allows us to quantify the size of possible defects as the object is being produced and
get a 3D location of defects (several layers). The geometric summary will be done
by finding the max and min coordinates for x, y, and z of a cluster, thus creating
an axis-aligned bounding box (AABB) of the cluster.
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Algorithm 4 Inter-layer clustering operator algorithm

Input: Data Stream: Tuple<L,q, ts, list clustersWithInfo<clusterInfo>>
Output: DataStream: Tuple<L;;-WindowSize+1, mergeMap, merge AABBMap
>

Init window mergeMap to keep track of inter-layer clusters;

Init window merge AABBMap to keep track of geometric summaries of
inter-layer clusters;

Init global variable prev_t to none; //Init mergeMap, merge AABBMap and
prev_t only on first tuple of new window

5. if previousLayer == none then

6: Set prev_t to the received tuple; //If prev_t has no value yet

7: else

8 Create variable curr_t and set to the received tuple; //Check if any
clusters in the two adjacent tuples overlap

9: for each ci, in curr_t.clusterWithinfo and

10: Cin—1 in prev_t.clusterWithinfo,

11: such that AABBOverlap(ci,.aabb, ci,_;.aabb) do

12: for each pair of points p; in ci,.cluster Pts and

13: p; in ci,_;.cluster Pts such that |p; — p;| < € do

14: mergeMap.add(ciy, .Crap, Cin_1-Clap);

15: mergeAABBMap.add(ciy, cin—1);

16: end for

17: end for

18: Set prev_t equal to curr_t;

19: Update mergeMap and merge AABBMap to have the most recently

20: added entries as keys;

21: end if

22: if mergeMap is full then

23: Output (<curr_t.Ly; - mergeMap.size+1, mergeMap, merge AABBMap>);
24: end if

The geometric summary of an inter-layer cluster will be created and organized in a
similar way as the inter-layer clusters themself are in mergeMap. There will be a
window of size W based on Map State/hash table, called merge AABBmap, with
the AABBs of each cluster as values and the label of the latest added cluster as a
key. It has a function similar to mergeMap.add() but the value is an AABB instead
of a linked list of clusters and for each newly added cluster it needs to check if there
are new maxX, minX, mazy, or minY. maxZ will always be the most recently
added cluster as it has the highest layer number. Figure 4.6 is an example of how
the geometric summary of clusters could look like.
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mergeMap
Key: ... | Value: ...
Key: ... | Value: ...
Key: ... | Value: ... Key:n_m Values: 1_252 353 454 25..5n_m
Key: ... | Value: ...
[ ]
L]
[ ]

Figure 4.5: What mergeMap and its entries look like, the key is the last cluster label
and the values are a linked list of cluster labels. n is the layer number and m is the
cluster number.

Algorithm 5 mergeMap.add|()
Input: Two cluster labels ¢,,,,, ¢,-1,,,
Output: None

1: //Check if if mergeMap already contains a key with ¢,_q,,,
2: if mergeMap.contains(c,—1,,,) then

3 LinkedList<String> values = mergeMap.get(c,_1,,,);

4: //Key already exists, fetch the associated linked list and add the ¢,,,,

5 values.add(cy,,,)

6: else

7: //Key does not exist, create a new entry with ¢,_;, , and ¢, , as values
8 LinkedList<String> newList = new LinkedList<String>();

9: newList.add(c,-1,,,);

10: newList.add(cy,,, );

11: //Set ¢,—1,,, as the new key
12: mergeMap.put(c,_1,,,, newList);
13: end if

4.7 Sink Operator

The Sink operator in the data pipeline serves as the final stage for processing and
storing the analyzed data. It receives a data stream containing tuples with L;4-
WindowSize+1, mergeMap, and mergeAABBMap from the inter-layer clustering
operator.
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Figure 4.6: Images showing an example geometric summary, the image on the right
shows clusters found in two different layers, and the image on the left is the geometric
summary of those two clusters.

4.8 Time Complexity of Operators

Outlier Detection The complexity of the outlier detection operator grows with
n % 71 where n is the number of pixels in the image of each layer and 7 is the
neighborhood size. For the asymptotic complexity 7 is constant in relation to n and
the worst-case complexity then is linear with n, O(n) [31]. 2

Clustering The worst-case complexity for clustering using DBSCAN is O(0?)
where o is the number of outliers given to the function. For finding the axis-aligned
bounding box of each cluster it is O(c) to find the minimum and maximum of z
and gy, where c¢ is the total number of points belonging to a cluster. So the total
complexity of the clustering operator is still O(0?)

Inter-layer Clustering The complexity of Algorithm 4 is in the worst case, mean-
ing every cluster overlap, O(c*p?) where c is the expected number of pairs of clusters
that overlap in two adjacent layers and p is the expected number of points in each
cluster. The window mergeM ap responsible for keeping track of the inter-layer clus-
ters is based on a hash table and has a worst-case complexity for running contains()
of O(W) where W is the size of the window: all inter-layer clusters and their asso-
ciated labels. The complexities are the same for the geometric summaries window.
So summarizing the total complexity of the incremental clustering operator depends
on the size of the clusters of an individual layer and how many span across layers,
but a fair assumption is there are more points in the clusters of two layers than
there are entries in the inter-layer cluster hash table. Because of this, the worst-case
complexity should be O(c * p?).

20() is a way to describe the upper bound of the algorithm’s asymptotic complexity giving an
idea of how it scales with the data.
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Evaluation

5.1 Goal

The main goal of the evaluation was to test the accuracy of our method in finding
defects in AM. We wanted to test how well the clusters that we created using the
method overlapped with defects in an evaluation data set. We wanted to test this for
both intra-layer clusters as well as inter-layer clusters. For the inter-layer clusters
we also wanted to look at how their size changed depending on the quality of the
object. For the timeliness, we wanted to look at the latency on a per-image basis,
i.e. how many milliseconds it takes to process one image and compare it to other
relevant work such as [11]. Another goal was to evaluate the effect of the input
parameters given to the operators and their effect on both timeliness and accuracy.

5.2 Dataset Description

This section contains information about the object details, sensor data used as input,
and evaluation data set used to evaluate the result obtained.

5.2.1 Optical Tomography Images

We used optical tomography images generated by a sensor/camera with a band-pass
filter, fixed on top of the powder bed. The powder bed of the AM machine was of the
dimensions 16000 mm X 16000 mm, and the field of view of the camera was 0.125
pm X 0.125 pm per pixel. The image obtained by the camera had the dimensions
2000x2000 pixels.

The camera was imaging a powder bed building 64 cylindrical objects. The objects
were after printing put in a lathe and machined to look like a dumbbell. The
dimensions of objects after machining can be seen in Figure 5.3. The 64 objects
are categorized into three classes of objects A, B, and C printed with different
parameters. A has the worst parameters, B the second worst, and C the best. The
layout of 64 objects that were printed on the build plate can be seen in Figure 5.1.

Each object printed had a diameter of 11 mm at the top and bottom layers of the
object but only around 6 mm at the machined part. In this thesis, the method is
evaluated only on the machined part of the object, from layer number 291 to layer
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number 540. The portion of the object being analyzed is highlighted in blue in
Figure 5.3.

An example of the single layer of the optical tomography image captured by the
camera can be seen in Figure 5.2.

IIIIII 0000
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Figure 5.1: A layout print on the Figure 5.2: A Single layer of the Op-
build plate. Image generated by the tical Tomography image. Image gen-
PMAM groups lab! and used with per- erated by the PMAM groups lab! and
mission [32]. used with permission [32].
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Figure 5.3: Object geometry dimension. Image generated by the PMAM groups
lab! and used with permission [32]

5.2.2 Evaluation Dataset

In general, the ground truth most useful for quality monitoring in AM is X-ray
images. Such data could not be attained for the evaluation done in this thesis,

"https://www.chalmers.se/en/departments/ims/research/materials-and-manufacture/
powder-metallurgy-and-additive-manufacturing/
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but we used data created using the methodology in [33] for locating spatters. The
spatters are the particles that jump and fall in some other area of the object while
melting the metal powder in a selective area to create the object. Some parameters
for the data used were: airflow moved from top to bottom, layer thickness was 120
pm and the layout of the objects is as shown in Figure 5.1.

To locate the spatters the authors of [33] proposed to use Gaussian filtering to
"'smooth" the image. This process slightly blurs the image to remove high-frequency
noise while maintaining the underlying structure. The smoothed images are then
processed through the Laplacian filter, which detects edges and features by identify-
ing regions of rapid intensity change. Since spatters exhibit very high temperatures,
they create areas of rapid intensity variation where they have fallen. The output
of the Laplacian filter, which highlights these rapid intensity changes, indicates the
spatter locations. The hypothesis in [33] was that more areas of rapid intensity
change would result in a weaker object. In our thesis, the output from the method
mentioned above ([33]) for locating spatters was used as an evaluation set to assess
the accuracy of clusters/suspicious areas found. This evaluation set had been ver-
ified by stress-testing the objects to see their actual rigidity. An important note
is that the evaluation data set only showed the points of spattering defects in an
object, there may be other types of defects as well.

The evaluation set created using the aforementioned methodology is available for
two objects referred to here as objects A and B. For the remaining objects, the total
number of spatters across the objects was available. An example of located spatters
for object B can be seen in Table 5.1. The first column "Z’ in Table 5.1 represents the
layer number, the next two columns "X’ and Y’ represent the location of the spatter
in two dimensions, and the last column ’Object’ represents the Object number. The
objects used for evaluation in this thesis were object A which was printed with
improper parameters, object C which was printed with optimal parameters and
object B which had parameters somewhere in between.

5.3 Metrics of Interest

As explained in the problem description, besides detection success, the other main
metrics are latency, i.e. time from the input of image to the output of clusters and
geometric summary of those clusters, and throughput i.e. how many images can be
handled per time unit. For the L-PBF printer used in this thesis, there is a threshold
of 3 seconds per layer before the new layer starts being built and the goal was to
have the analysis done before that. For plotting the latency a boxplot is used with
the interquartile range (IQR) method [34]. IQR is simply the distance between the
first quartile (Q1) and the third (Q3). The box itself spans from the 25th percentile
to the 75th and the whiskers from 1.5 % IQ R below Q1 to 1.5 % IQR above Q3.

For the classification, the main metrics considered were the ones mentioned in Sec-
tion 2 for binary classification: Accuracy, Precision, and Recall. Another metric
is the number of outliers belonging to an intra-layer cluster, which represents the
percentage of outlier points that become part of intra-layer clusters. As discussed
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Z X Y Object A
297 948 1073|B10
207 849 1073|B10
306 928 1047|B10
307 958 1032|B10
307 859 1032|B10
307 859 1033|B10
309 968 1053|B10
310 835 1035|B10
310 936 1035|B10
314 943 1085|B10
314 843 1066|B10
314 944 1066|B10
314 944 1067|B10
319 839 1062|B10
318 856 1069|B10
327 946 1059|B10
327 846 1060|B10
328 923 1049|B10
328 924 1049|B10
328 923 1050|B10
328 924 1050|B10
332 944 1066| B10
332 844 1067|B10
332 245 10671B10

Table 5.1: Evaluation dataset locating spatters for object B

in Section 4.4 if this number is low it is a sign of the outliers being randomly dis-
tributed in the layer. Another metric studied was the number of true positives that
end up in an inter-layer cluster which gave an idea of how prevalent it is for defects
to span across layers.

5.4 Evaluation Setup

The method was evaluated using the OT images but, as mentioned in Section 4.1
each object needed to be assessed individually.

To achieve this, the region of interest of each object from the OT image was cropped.
The precise cropping of each object could be accomplished through two main meth-
ods. The first method involved using layout and precise positional dimensions of
objects on the build plate, which can be converted into positional dimensions of ob-
jects on the image. The second method is to utilize a tool that facilitates manually
locating the position dimensions of each object individually, though these dimen-
sions may not be as precise. Using this information, each object was cropped from
the frames captured by the monitoring camera. In this thesis, the sides of the ob-
jects in the images were located manually by looking at the pixel position at the
start and end of the objects. These cropped images of each object from each layer
were written to the local file system, with the file naming convention including the
layer number for easy identification and retrieval. As mentioned in Section 4.3 our
approach has the ability to look at both cold and hot outliers but as the evaluation
data set only focused on warm thermal anomalies this work did the same.
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The file monitoring operator is used to read images from the disk and send the
images into the data stream ordered by their layer number.

For the inter-layer operator, the window size was set to unbounded to not miss any
overlapping clusters and it was sent to the sink, the standard output, after each
layer had gone through the inter-layer clustering operator.

The following results were found when running the implementation on a Lenovo
Thinkpad T480s with 16 GB of RAM and running Flink version 1.19.0 on Windows
11. The latency test was run with no other applications running except the OS
applications.

5.5 Input Parameters

The value of different input parameters would affect what the results would look
like. The input parameters for the algorithms used were:

« Neighborhood size, n: The size of a neighborhood is used to calculate the
average Z-score for a point to find outliers.

o Outlier percent, &: The percent of points that are considered as outliers.

e Epsilon, e: The distance in which there must be at least minPts for a point
to be considered a core point according to DBSCAN.

o« minPts: The number of points that must be in the distance € of a point to
qualify it as a core point in DBSCAN.

For the input parameters of DBSCAN, we decided to set € as 1.5 pixels and minPts
as 7. This was decided by a desire to keep the clusters as compact as possible to not
accidentally overlap different defects and to ignore noise. The other two parameters,
&, and n, were varied for different results.

5.6 Results

5.6.1 Classification

In this section, the performance of the proposed method is evaluated in terms of
accuracy, precision, and recall against the results in the evaluation data set.

The evaluation aimed to assess how often a hit from the evaluation data set is found
in the clusters of one layer, i.e. intra-layer clusters, and how many hits from the
evaluation dataset are found in cross-layer clusters, i.e. inter-layer clusters. Further-
more, the impact of various input parameters on the output was examined. For the
classification performed, the following definitions were applied to the evaluations
mentioned in Section 2.

o True Positive (TP): Number of clusters that contained spatter points.
o False Positive (FP): Number of clusters that did not contain a spatter
point.
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o True Negative (TN): Number of points that are correctly identified as not
being spatter points and not belonging to any cluster. (No such points were
found and therefore this number is always zero in the calculations for the
reported results in this setup.)

» False Negative (FN): Number of spatter points that did not belong to a
cluster.

In Figure 5.4 there are confusion matrices when running the method on objects
A and B. Recall that object A was printed with the worst parameters, object B
better, and object C with optimal ones. This confusion matrix was found using &
as 5% - 15%, a neighborhood size of 10, € as 1.5, and minPts as 7. The DBSCAN
parameters were set strictly to minimize the chance of two defects becoming one
cluster. The true negatives in these images can be disregarded as there were no
sensical numbers to put here in this context.

In Table 5.2 the evaluation metrics of object A given the numbers in Figure 5.4 (a),
5.4 (b), 5.4 (c) are presented.

Percent of outliers (§) | Accuracy | Precision | Recall | TPs in Inc. clusters®
5% 38% 38.7% 95.5% 53.7%
10% 21.6% 21.7% 98.2% 75.9%
15% 14.8% 14.8% | 98.3% 85.5%

Table 5.2: Table of the different metrics found of object A based on the percentage
of outliers given. *Number of true positives that belonged to an inter-layer cluster.

What these metrics show is that almost all hits in the evaluation set were covered by
a cluster (high recall) but there were also many clusters that did not have a hit (low
precision). As mentioned earlier in Section 5.2.2 the baseline used for evaluation
only looked for spattering defects and there may be other types of defects as well.
This means that a false positive may still be a defect. Also, the evaluation data set
might contain false positives as well.

The results also showed that a majority of the true positive clusters were part of a
cross-layer cluster as well, indicating that the defects span across layers.

For object B we got the evaluation metrics in Table 5.3.

Percent of outliers (§) | Accuracy | Precision | Recall | TPs in Inc. clusters®
5% 25.7% 26% 96.4% 46.3%
10% 13% 13% 99% 61.2%
15% 7.9% 8% 99% 86.7%

Table 5.3: Table of the different metrics found of object B based on the percentage
of outliers given. *Number of true positives that belonged to an inter-layer cluster.

For this object, recall remains very high but the accuracy and precision get lower.
This might mean that while the spattering defects decrease thanks to better param-
eters, the number of other types of defect might stay the same, thus creating more
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(c) Object A with ¢ set to 15%. (d) Object B with & set to 5%.
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Figure 5.4: Confusion matrices for objects A and B with different £ values: (a) A

with 5%, (b) A with 10%, (c) A with 15%, (d) B with 5%, (e) B with 10%, (f) B
with 15%.
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false positives than true positives. As the number of outliers increases the number
of incremental clusters increases as well, this is reasonable since more outliers can
give more and larger clusters increasing the chance of an overlap.

For object C classification was not possible as there were no hits in the evaluation
data set. Instead, we looked at the transition rate of outliers that is visible in Figure
5.5. In the figure, it is clear that object B had a constant lower amount of outliers
that belonged to clusters compared to object A, and C had a constant lower amount
compared to object B. This shows that the more defective objects had more outliers
clustered together while the higher quality objects had more isolated outliers.

Outlier to cluster transition rate()

60 - -
—e— Object A

Object B
—8— Object C
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L L L

Outlier to cluster conversion[%]

[
o
L

T T |
5 10 15
Outlier Percent, & [%]

Figure 5.5: The average percent of outliers in objects A, B, and C that belonged to
an intra-layer cluster, i.e. how many outliers ended up being part of a cluster

Another input parameter for the outlier detection was neighborhood size, previously
set to 10 in the classification shown above. While there were some performance
improvements with increased neighborhood size it was quite small, at least for recall.
In Figure 5.6 and 5.7 there are plots for the change in accuracy, precision, and recall
with variable neighborhood size. As visible the accuracy and precision got lower
after neighborhood size 5 but this could be due to finding other defects in larger
neighborhoods that are not present in the evaluation data set.

5.6.2 Geometric Summaries

For the different objects, the volumes of the geometric summaries looked as presented
in Tables 5.4, A.1 and A.2. While the max and min varied as when for example
object B’s max is larger than object A’s for an outlier percentage of 15%, the mean
showed clearly that the better objects had smaller incremental clusters.
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Table 5.4: The maximum, minimum, and mean volume of the geometric summaries
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Maximum | Mean | Minimum
Object A 660 98.1 12.3
Object B 400 74.8 15.8
Object C 140.3 45.6 12.6

given in the number of pixels. Found when & was 5%.
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5.6.3 Timeliness

The latency was calculated by noting the time at the input of an image to the outlier
detection operator to the output of the clustering/geometric summary operator.
This was run 10 times on all 250 images in the data set to get an average latency
for each image. In Figure 5.11 the latency for processing one image as a function
of different outlier percentages can be seen. In Figure 5.12 there is a graph showing
the latency of the outlier detection operator as a function of the neighborhood size.
According to the complexity analysis, as the image size is constant, this should scale
linearly with the neighborhood size. This is also the case as the mean is around the

double for each box.

i

ﬁ
18 !

14 ——
12
o E \
s
5%

10% 15%
Outlier percentage

Outlier percentage

Latency[ms]

Figure 5.8: Object A Latency
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Figure 5.11: The latency of the stream pipeline using different outlier percentages.
The boxplots span from the 25th to the 75th percentile, and the whiskers were

calculated according to the IQR method.

5% | 10% | 15%
Object A | 91.5 | 71.4 | 54.1
Object B | 92.5 | 77.2 | 58.8
Object C | 97.3 | 84.4 | 66.1

Table 5.5: Throughput of each object with different outlier percentages. The unit

is images/second.
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Figure 5.12: How the latency of the outlier operator varies with different neighbor-
hood sizes.

The throughput can be seen in Table 5.5. For low percentages, it was difficult
to see differences in throughput likely due to the data being very small. At high
percentages, however, we saw larger differences and the output followed logically
that the more defect-infested objects had lower throughput.

5.7 Discussion

The results of this thesis show that clustering of thermal outliers can with good
accuracy find at least certain types of defect. The very high recall even for a lower
amount of outliers shows that the methodology has a correlation to the physical
properties of the object. The low conversion rate of outliers to clusters in object C
signifies that the outliers are more randomly scattered in object C than in object A.
Taking this with the fact that it has been proven that object C has fewer defects
than object A it seems likely that the clusters, or at least a subset of them, represent
true defects.

The low precision found in the classification could be due to a lack of data in the
evaluation data set. As it only looked at spattering defects there might be other
types of defects found by the clusters but not in the evaluation data set resulting in
a false positive evaluation. What we know for a fact is that object C is more rigid
than object B and object A and the low conversion rate of outliers to clusters points
to that as well.

The geometric summaries also show a significant decrease in mean size when run on
the more rigid objects, object B and C, instead of object A. This shows that the
incremental clusters are smaller which most likely stems from them having a lower
outlier-to-cluster conversion rate and thereby a smaller chance of overlapping.
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As for the timeliness, it showed low latency and the ability to process images well
below the QoS threshold of 3 seconds. Even accounting for the worst latency and
processing all objects on the build plate sequentially would only yield about 25ms *
64 = 1.6s of latency meaning significantly faster than 3 seconds.

The complexity of the algorithm is relatively low especially when considering that
most clusters don’t overlap and can be checked in constant time. But since the
clusters are so small, only 20-30 points each, the calculations are so fast that there
may not be a need to adjust the algorithm for these types of datasets. Instead focus
could be on using high-performance computers if a decrease in latency is needed. As
the printers themself are a large investment, adding on to that the price of a high-
performance computer should not be a problem. The complexity would however be
more important when building larger objects that yield larger defects as that would
yield larger clusters meaning more computational need.

Compared to many of the results that have been previously found this method uses
unsupervised machine learning, which leads the way to work on AM defect detection
without the need for labeled data and for working with a general data set of images.
Compared to the work done in [11] this solution showed a lower latency at a max of
about 25ms while the average in [11] was about 48 ms.

5.8 Sources of Error

One potential source of error when comparing this methodology to using live data
is that the images used contain the maximum radiance of layers. This would not
be the case with images streamed from the printer live as the temperature would
fluctuate when the laser travels across the bed. This could of course be solved by
either averaging the incoming images and running the implementation on one image
for each layer or finding the max output for each pixel.

The input parameters are another source of error as too large input parameters
can create clusters that do not accurately pinpoint defects in the layer but rather
increase in size and make the location of the defect more diffuse. A too large outlier
percentage would also give a higher probability of a cluster overlapping with a defect
without accurately describing the area of the defect itself.
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Conclusions and Future Work

This thesis showed that spatial outlier detection along with clustering of the points
found can identify defects in materials caused by spattering and showed that it is
viable to detect other types of defects as well. The method introduced gave a clear
location and geometry of suspicious areas in one layer and also across layers. It was
able to quantify the volumes of suspected defects in a timely manner on par with
existing research today.

For future work, there are several different aspects of this thesis to look at:

A test of this methodology could be done on X-ray data as ground truth. That
could give a more accurate view of the correlation of a cluster and a defect as
the ground truth in this work has not looked at all types of defects. This would
also show how accurately the clusters that span across layers track defects.

A method to determine whether an object should be treated as usable or
not working on live data based on the parameters given in this result. For
example, specific values for outlier-to-cluster conversion could indicate whether
an object contains a lot of flaws and so could large AABBs of its clusters.

As discussed before, in Section 5.7, the complexity should not be a problem
for data sets of this size, but if there should be a need for latency reduction

in future research there could be an investigation into using parallel versions
of DBSCAN or improved hardware such as GPUs.

Another extension of this work would be to look at cold outliers and not only
hot outliers as has been done here, due to the evaluation set only looking at
hot spots. This could make it possible to detect other types of defects such as
lack-of-fusion pores but would of course require a different evaluation set.

Continuing work on this methodology and building a framework that can not
only detect defects in layers but predict when they will spread across layers
would be a useful addition to the field. This could perhaps be done by looking
at a mix of parameters from this work such as outlier-to-cluster transition rate
and size of outliers and geometric summaries.

On a related note trying to fix defects in previous layers by looking at their
attributes from this work would also lead the field closer to a closed-loop
solution of printing in L-PBF.
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o Switching from AABBs to a geometric summary method that produces a
tighter fit for arbitrarily shaped data points would also be an interesting future
work. Doing so can give a more detailed view of the clusters even though it
would probably yield a similar change of size as found in this result.

e Since the images are presented as a matrix they can easily be divided into
sub-jobs in order to process multiple objects of one print in parallel. This
thesis did not do a dive into how much parallelism can improve the result and
in what aspects it can be used. That could be an interesting future work.
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Appendix 1

Maximum | Mean | Minimum
Object A 1235 134.7 12.3
Object B 624 93.4 12.3
Object C 273 68.3 12.3

Table A.1: The maximum, minimum, and mean volume of the geometric summaries
given in the number of pixels. Found when & was 10%.

Maximum | Mean | Minimum
Object A 1848 206.7.8 12.3
Object B 2016 132.5 12.3
Object C 1306.3 102.9 12.3

Table A.2: The maximum, minimum, and mean volume of the geometric summaries
given in the number of pixels. Found when & was 15%.

The code of the projet can be found on the guthub here: https://github.com/
Aeroplane007/MT-AM


https://github.com/Aeroplane007/MT-AM
https://github.com/Aeroplane007/MT-AM
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