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ABSTRACT

As a multi-staged digital manufacturing process, Additive
manufacturing (AM) inherently benefits from data analytics
(DA) decision-making opportunities. The abundance of data
associated with the various observations and measurements
taken throughout the design-to-product transformation creates
ample opportunities for iterative, process improvements. 1o best
formulate and address these opportunities, knowledge needs to
be strategically and deliberately managed for efficient DA
development. However, knowledge in AM is broad and
comparatively sparse, making it difficult to create robust DA
solutions. Also, existing methods for knowledge management in
AM are often case-dependent. To address such challenges, this
paper proposes a novel framework to manage case-independent
knowledge for AM data analytics. The proposed framework
consists of two phases: a knowledge-identification phase and a
knowledge-representation phase. A knowledge architecture is
defined to provide a reference for discovering knowledge that
facilitates AM data analytics. In the knowledge identification
phase, the architecture is used to facilitate the identification of
actionable knowledge relevant to a specific DA use case. In the
knowledge representation phase, ontologies are used for
representing and linking that identified knowledge. A case study
of application scenarios demonstrates how actionable
knowledge is identified, represented, and managed by the
framework. The framework enhances efficiency of AM data
analytics development and enables knowledge sharing,
understanding and reuse in AM data analytics activities.

Keywords: Data Analytics, Knowledge Management,
Knowledge Representation, Knowledge Identification, Additive
Manufacturing

Albert Jones Hyunbo Cho
National Institute of Pohang University of
Standards and Science and
Technology, MD, USA Technology, Republic of
Korea

1. INTRODUCTION

Additive manufacturing is an advanced manufacturing
technology process that builds parts by adding layers on top of
each other based on the existing 3D CAD model [1]. With
accompanying sensors and equipment, AM processes can
generate a massive amount of big data with great volume,
variety, and velocity [2]. Accordingly, several, data analytics
(DA) technologies can be applied to AM big data to improve AM
decision-making [3]. The outputs can provide new opportunities
for optimizing and controlling AM processes based on that
knowledge [4].

Knowledge is critical to improving the DA performance [5],
and as such is an important source for understanding the AM
domain and analyzing the data. Acquiring that data and creating
and utilizing new knowledge from it requires various resources
including human experts and specialized software. They are both
time-consuming and based on [6] non-value-added activities.
Therefore, it is critical to have the ability to acquire, represent,
manage, and store the various types of AM knowledge.

Knowledge in the AM domain is broad and complex, and
managing such domain knowledge is a challenging task [7].
There is a lack of comprehensive and readily available
knowledge for AM. These data-rich but knowledge-sparse
features of AM, makes it more difficult to use that data to create
and manage AM knowledge bases [9]. Although data analytics
techniques have matured over time, there are only few published
studies that concentrate on using them to develop AM
knowledge bases [8]. Most of the existing studies address the
knowledge needed for using DA to solve a specific, AM activity
[9, 10]; but that knowledge cannot be applied to other AM
activities.

This is because AM lacks standard practices for 1) handling
data, 2) creating common information structures from that data,
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and 3) developing an AM knowledge base from that information
[11]. Consequently, there are only a few, novel methods for
deriving and managing the AM knowledge necessary to support
specific, AM-related, data analytics tools. Even though AM data
analytics opportunities with high importance and high feasibility
are available [12], large knowledge gaps still exist on how to take
advantage of them through DA development. Therefore, new
methods are needed to effectively address these gaps and
systematically manage the knowledge that is essential for using
data analytics to improve AM process control.

In this paper, we introduce a novel knowledge management
framework for AM data analytics. This framework identifies
knowledge from AM data analytics use cases and represents
knowledge that is essential for AM data analytics. The
framework consists of two sequential phases: knowledge
identification and knowledge representation. For the knowledge
identification stage, we define a knowledge architecture for AM
data analytics. The knowledge architecture is used to identify the
knowledge of a specific, AM, data-analytics use case. In the
knowledge representation stage, we define knowledge models to
represent and link knowledge identified through the knowledge
architecture.

Figure 1 shows a descriptive illustration of the knowledge
management process, which is leveraged by our proposed
framework. The figure shows how the framework is used in the
knowledge management process for AM data analytics. In the
process, knowledge from DA use cases are associated with the
knowledge architecture. The knowledge outputs from each use
case are represented using specific knowledge models. Finally,
the knowledge representations of every use case are ‘combined’
to create a single knowledge representation — called “the global
knowledge representation”.
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FIGURE 1: KNOWLEDGE MANAGEMENT PROCESS

The remainder of the paper is as follows. Section 2 describes
the background of our proposed, ontology-based, knowledge
representation and management in AM, AM data analytics (DA)
tools, and knowledge architectures for using those tools. Section
3 introduces the proposed framework for knowledge
management for AM data analytics. Section 4 demonstrates a
case study of the proposed framework. Lastly, this paper is
concluded with contributions and future work in Section 5.

2. BACKGROUND

2.1 Ontology in AM

An ontology is a common way to represent knowledge. An
ontology is a set of concepts and categories in a domain that
possesses the properties and relations between them. Ontologies
are used for sharing a common understanding of the structure
and content of information and reusing domain knowledge [13].
Ontologies have been applied in knowledge representation and
management for their advanced -capabilities that include
knowledge sharing, processing, reusing, capturing, and
communicating [14]. Such ontologies provide 1) sophisticated
knowledge for a better understanding of the domain and 2) new
opportunities for discovering new knowledge [15].

Ontologies have been used to create AM knowledge bases,
and existing foundational ontologies such as basic formal
ontology (BFO), common core ontology (CCO), and coordinated
holistic alignment manufacturing process (CHAMP) are used for
AM ontologies to increase the chances of reuse and integration
with other ontologies [16]. Recently, ontologies have been used
in AM applications for knowledge representation and
management [17]. Related works have developed ontologies for
representing and managing AM, process plans [18], AM process
parameters [19], AM product lifecycle [19], and AM sensor data
[20]. The most recent studies apply DA tools for developing
ontology-based, knowledge representations. For instance,
machine learning and knowledge graphs were used for
constructing the design for AM (DfAM) ontology [21]. Also,
ontologies are used for solving a specific DA task. In [9,10], the
authors proposed DA-related knowledge management methods
for solving specific AM activities. As of now, ontology-based
representations for DA opportunities in AM have been generally
limited to collaborative knowledge management [12].

2.2 Data analytics in AM

AM DA tools are used to optimize and control the AM
design-to-product transformation process [11]. Advanced DA
tools such as artificial intelligence (AI) use AM big data as an
input to provide actionable knowledge [12]. Those DA tools are
used throughout the entire AM product lifecycle. For example,
they are used to make design feature recommendations, material
predictions, build-time predictions, cost estimations, topology
optimization, shape deviation predictions and AM powder
classifications [11]. Using ontologies to represent knowledge
enhances repeatability, fidelity, and functional integrity in
developing and providing guidance for how to use AM data
analytics [21].

Despite the continuing growth of applied DA in AM
activities, there has been limited work on defining a common
knowledge structure for implementing DA in AM. Additionally,
according to [11], the knowledge that is created and used for
implementing a specific DA tool is not well-managed. Managing
the knowledge of AM data analytics use cases will lead to
knowledge sharing, understanding and reuse in the process of
developing AM data analytics.
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2.3 Knowledge architecture for AM data analytics

A knowledge architecture for AM analytics is presented to
support our proposed framework. The architecture is a schematic
diagram of the knowledge that is required for developing a
specific AM DA use case. The architecture is used to identify the
knowledge needed for each such use case. The knowledge
architecture, which is shown in Figure 3, is derived from the DA
implementation process shown in Figure 2 (A). Figure 2 involves
two processes: implementing a DA use case and identifying
knowledge generated from that DA use case.

DA use cases are implemented in sequential steps, as shown
in Figure 2 (A): domain understanding, data understanding, data
preparation, DA development, and DA use case transition. The
knowledge for developing DA is identified in the opposite
direction to implementing DA use cases. Figure 2 (B) shows that
knowledge for developing DA is identified in the order of use
case knowledge, DA knowledge, data knowledge, and domain
knowledge.

Domain Understanding Domain Knowledge
e —_—

Data Understanding

Data Preparation

Data Knowledge (8) Identify Knowledge

from DA Use case

(A) Implement
DA Use case

—
e,

DA Development ‘ DA Knowledge

—_—
DA Use case Transition Use case Knowledge

FIGURE 2: (A) DA IMPLEMENTATION PROCESS, (B)
KNOWLEDGE IDENTIFICATION PROCESS

Use case knowledge can be identified by referring to the
transitioned DA use case. DA knowledge is determined by the
DA model created for the use case. Data knowledge is specified
according to the data used for the DA model. Domain knowledge
is identified by investigating how the data was transformed with
the domain knowledge.

According to the process of knowledge identification, the
knowledge architecture for AM data analytics is shown in Figure
3. The knowledge architecture describes key knowledge
components that are required for implementing DA use cases in
each step of knowledge identification. The knowledge
architecture consists of use case knowledge, DA knowledge,
data knowledge and domain knowledge.
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FIGURE 3: KNOWLEDGE ARCHITECTURE FOR AM DATA
ANALYTICS

Use case knowledge describes the content of a use case by
defining the AM problem that needs to be solved using DA,
including the context, domain, and data associated with that use
case. Context includes the goal, activity, DA task, and constraint
components. Domain describes business, process, and
production perspective of the use case. Data, which indicates the
raw data, includes data source and description.

DA knowledge describes the functional components of the
DA model, including the input, output, method, and performance
index of the DA model applied in the use case. Data knowledge
expresses knowledge needed to make the input data of the DA
model, including data source, data description, and data
preparation. The data source is explained with 4M+1E,
indicating Man, Machine, Material, Method, and Environment
[23]. The description is the meta information component that
explains descriptive and technical contents of given data and the
characteristic component that describes distinctive factors of the
data. Domain knowledge helps understand the given data with
observations, hypotheses, and rules explaining the data content
from a domain perspective.

3. OUR PROPOSED FRAMEWORK

Our proposed framework uses multiple AM data analytics
examples, so-called use cases, to identify the appropriate
knowledge and to represent that identified knowledge for
knowledge management. The framework consists of two phases:
knowledge identification and knowledge representation.

Knowledge Knowledge

architecture Models
{ v

Knowledge Knowledge Represented

- —> | -
Use case Identification Knowledge Representation Knowledge for DA

t ?

Knowledge Ontology

Providers

FIGURE 4: OVERVIEW OF KNOWLEDGE MANAGEMENT

Figure 4 shows an overview of our proposed framework. In
phase 1, knowledge needed for developing DA is identified from
DA use cases. The knowledge providers discover that knowledge
based on the existing knowledge architecture. Knowledge
architecture provided in Section 2.3 is used as a form to give
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directions to capture knowledge. In phase 2, the knowledge
needed for developing DA is represented by developing
knowledge models to the identified knowledge using an
ontology. Here, ontology is used as a tool for creating knowledge
models to represent knowledge. Details of each phase are
explained below.

3.1 Phase 1 - Knowledge identification in AM data
analytics

In the knowledge identification phase, knowledge providers
discover knowledge from a use case (see Figure 2 (B)). First, use
case knowledge is identified with its “context”, “domain” and
“data”. “Context” is defined with a specific “DA task” with one
or more “constraints”, an “activity” supported by the DA task,
and a “goal” of the activity. “Domain” is defined with a specific
“business” area, “process” refers to the stage of the lifecycle, and
“production” of the final product. “Data” indicates raw data that
is used in the use case, described with the “source” of raw data
and “description” of raw data.

Starting from the “DA task” in the “context” of use case
knowledge, DA task knowledge is discovered with its “inpur”,
“method”, “output” and, “performance index”. “Input” describes
the transformed data that is used as an input for the “method” of
developing the “DA task”. “Method” is a specific algorithm for
modeling the “DA task”. “Output” is the resulting model of the
“method” and “performance index” is a measurement tool for
assessing the performance of the “method”.

To understand the “input” of a “DA task” for DA
knowledge, data knowledge is discovered with “source”,
“description” and “preparation”. “Source” of data includes each
situation of “man”, “machine”, “method”, and “environment”,
when data is collected. “Description” describes the data with
“meta information” and “characteristic”. “Meta information”
consists of a “descriptive” part that illustrates the data and a
“technical” part that explains specifications of the data from a
data engineering perspective. “Characteristic” identifies
distinctive properties of data that are used as a reference for data
handling. “Preparation” describes the sequential steps of
creating the final transformed data that is used for developing
DA.

Domain knowledge is identified to wunderstand the
references for “preparation” of data knowledge. Domain
knowledge is identified with “observations”, “hypotheses”, and
“rules”. “Observations” are defined with experience, facts, or
measurement of the target domain. “Hypotheses” are assumed
with tentative statements referring to “observations”. “Rules”
that are used as a reference for data preparation are determined
using “observations” and “hypotheses”.

3.2 Phase 2 - Knowledge representation in AM data
analytics

Knowledge representations are developed for identified
knowledge, in our case using an ontology, as shown in Figure 5.
Four types of knowledge models can be developed: 1) a use case
knowledge model, 2) a DA knowledge model, 3) a data
knowledge model, and 4) a domain knowledge model. These

four models link the four individual representations to one
knowledge representation.

Knowledge Model (KM)

Use case
Knowledge Model

Represent
Use case Knowledge
DAKM
Represent
DA Knowledge
Link
Data KM Representations
Represent
Data Knowledge
Domain KM

Represent
Domain Knowledge |

Ontology

FIGURE 5: KNOWLEDGE REPRESENTATION OF A USE CASE
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Knowledge — Knowledge for DA

—

Ontology-based knowledge models represent knowledge
with classes and properties. Classes describe sets or individual
components of knowledge, and properties represent relations or
attributes between classes. Figure 6 shows properties between
high-level classes, for example, “Domain knowledge influences
data knowledge.” and “Data knowledge is used for DA
knowledge.”. As shown in Figure 6, individual knowledge
representations are linked to one knowledge representation by
properties. Domain knowledge “influences” data knowledge,
and data knowledge “is used for” DA knowledge. DA
knowledge, domain knowledge, and data knowledge “explain”
use case knowledge.
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’ " x ! Performance Index
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Has | ! . Has
Observations | ¢omponent Domain Data component Source
Hypotheses . g il I Description
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FIGURE 6: KNOWLEDGE REPRESENTATION USING
ONTOLOGY-BASED KNOWLEDGE MODEL

Knowledge representation has classes according to the
knowledge architecture and these classes are linked with the
property “has component”. Each knowledge model defines
properties between classes to establish a scope of knowledge.
For example, the use case knowledge model defines properties
between classes of use case knowledge components. Details of
the knowledge models are described in Table 1.

TABLE 1: DETAILS OF THE KNOWLEDGE MODELS

Knowledge | Subject Class Information Object Cl.ass
Model Property Information
Parent Subject Parent Subject
Context Constraint Restricts Context Task
Context Task Supports Context Activity
Use case Context Activity Aims Context Goal
Eiowle dge Output Explains Context Task
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Domain

- Knowledge Explains Domain Business
3 Eﬁ?;i:dge Explains Domain Process
3 Eﬁ?;i:dge Explains Domain Production
Data Raw data ;,r’z’l’liected Data Source
- llzflt(;lwle dge Explains Data Raw data
) llzfltoawledge Explains Data Source
Eiowledge Input Is used for Eﬁowledge Method
Eﬁowl edge f: ég)(nnance Measures gﬁowle dee Method
DA Eiowledge Method Results gﬁowl edge Output
. E;?Wkdge s used for Eﬁowledge Input
Description | Characteristic | Influences Eitfwle dee Preparation
Data ?ﬁ;ﬁ?‘mation Technical Influences E?}tfwledge Preparation
B Eﬁgn\,:izdge Influences Ei?wle dge Preparation
Eﬁgl‘ziz dge Observations | Defines Eﬁgl‘ziz dge Hypotheses
Eﬁ?;i:dge Hypotheses Defines Eﬁgl‘zi: dge Rules
Domain Eﬁ;n;iz dee Observations | Influences Eitfwle dee Preparation
Eﬁ?vii:dge Hypotheses Influences Efltfwle dee Preparation
Eﬁf)n;izcige Rules Influences Ei?wle dge Preparation

For example, DA knowledge is represented as shown in
Figure 7. “DA knowledge” has “input”, “output”, “method” and
“performance index” components with the “has components”
property. “Data knowledge” is linked with “input” by “is used
for” property, that represents the details of input data. “Input”
has “is used for” property for “method”, that shows the input data
is used for the DA method. “Method” is linked with
“performance index” by the “measures” property, representing
how the DA method is evaluated. Also, “method” is linked with
“output” by the “results” property, explaining the DA model
which is developed with the method. Lastly, “output” is linked
with “fask” class of “use case knowledge” using the “explains”
property, representing the DA model implies the DA task.

Is used for .
Input  fe-omeooeoooee Data [ :class
Knowledge

H — : has component
H Is used for

--» : has property
Method

DA
Knowledge

i\ Measures

Performance
Index

i Results

FIGURE 7: DA KNOWLEDGE REPRESENTATION

Figure 8 visualizes the overall knowledge representation via
the VOWL package in protégé, which is an ontology tool [23].
The red box indicates the use case knowledge representation, the
blue box indicates the DA knowledge representation, the orange
box indicates the data knowledge representation, and the green
box indicates the domain knowledge representation. Figure 8
shows how those four, different, knowledge representations can
be linked to one knowledge representation by using those
knowledge models.

Use case Knowledge _________ .

&

© @
A

__________________________

DA Knowledge

Data Knowledge

FIGURE 8: VISUALIZATION OF THE OVERALL KNOWLEDGE
REPRESENTATION

4. CASE STUDY

In this section, the proposed framework is illustrated using
“melt pool size classification” [24], as the target use case. Here,
the input knowledge needed for the selected DA is identified
from the target use case, using the knowledge architecture
(Figure 3). Also, that knowledge is representated with ontology-
based knowledge models.

In the knowledge identification process, each component of
the knowledge architecture is discovered. Basically, this process
starts with use case knowledge and goes through DA knowledge,
data knowledge, and domain knowledge. First, use case
knowledge is identified based on wuse case knowledge
components, for example, “context” of the target use case is
identified as “melt pool size classification” task with “real-time”
constraints that supports “process control” activity to “improve
part quality” goal.

To specify the “task” component of use case knowledge, DA
knowledge is identified based on those same DA knowledge
components. For example, “melt pool size classification™ task is
a “classification model” developed by applying “CNN’ method
with “melt pool image, image label” as an input.

To understand what the “input” component corresponds to,
data knowledge is identified based on data knowledge
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components, for example, “melt pool image data” has technical
meta information as “fype = image, size = 128*120 pixels, count
=2763".

Finally, the “preparation” component of data knowledge is
explained by identifying domain knowledge based on their
related components. For example, a rule “normal label area
range = 0.11 ~ 0.014” is based on a hypothesis “normal label
can be defined based on average hatch distance”. Table 2 shows
the representative output of knowledge identification on the
target use case.

TABLE 2: KNOWLEDGE IDENTIFICATION OF THE TARGET
USE CASE

Knowledge Architecture

Context — Goal

Context — Task

Context — Activity

Context — Constraint Real-time

Domain AM, LPBF, In-situ monitoring

Data AMMT, Melt pool image

Input melt pool image, image label data

Output Classification Model

DA Method CNN

e Accuracy =91%

e Reaction time = 0.34 ms/images

e Machine: AMMT system, Galvo
mirror system, beam splitter,
high-speed camera triggered at
every 500ms integration time of
20ms, heating laser, laser power P
= 195W, scan speed = 800mm/s

e Method: serpentine scan strategy,
FGA at 100 KHz

e Material: Inconel 625 powder,
build plate, substrate dimension
102mm*102mm*12mm, part
shape is a rectangle with
chamfered corners with
dimension 10mm*10mm*5Smm

Knowledge

Improve part quality

Melt pool size classification
Process control

Use case

Performance Index

Source

Data Description —

Meta Information —

Descriptive

Description — e Type: image

Meta Information — e Size: 128*120 pixels

Technical e Count: 2763

e The grayscale of the image is
from 0 to 255

e Higher melt pool intensity
correlates to a larger grayscale
value

Image captured from laser melting
powder fusion build

Description —
Characteristic

e Boundary detection

e Image labeling

e Resizing to 32*30 for
computational efficiency

e Melt pool has irregular shapes

o Difficult measuring geometry

e Melt-pool geometry has width,
length, deflection angles, tails,
outline

e The boundary of a melt pool
highlights the melt pool phase
change frontier

Domain e Melt-pool boundary is
approximated with regular ellipse
shape using least square fitting

e Melt-pool in same class can have
different characteristics

e Boundary can be defined based on
manual sketched boundary

e Normal label can be defined
based on average hatch distance

Preparation

Observation

Hypotheses

e Melt pool width: 2*minor radius

e Melt pool length: 2*major radius

e Melt poo area: area of the

Rules approximated ellipse

e Normal label area range:
0.011mm2 to 0.014 mm2
Boundary threshold: 150

In the knowledge representation process, identified
knowledge of the target case is represented in classes,
individuals, and properties using ontology-based knowledge
models. This process begins with applying an existing, use case
knowledge model to the newly identified use case knowledge.
For examples, the “context” class consists of the “goal” class
with an “improve part quality” individual; the “activity” class
with a “process control” individual; the the “task” class with a
“melt pool size classification” individual, and the “constraint”
class with a “real-time” individual.

The DA knowledge is represented by applying an existing
DA knowledge model to the identified DA knowledge. For
example, the “method” class with a “CNN” individual and the
“output” class with a “classification model” individual are both
linked with the “results” property. Also, use case knowledge
representation and DA knowledge representation are connected
by linking the “output” class with a “classification model”
individual and the “task” class with a “melt pool size
classification” with the “explains” property.

The data knowledge model represents identified data
knowledge, such as, the “preparation” class with “boundary
detection” and “image labeling” individual. Moreover, the data
knowledge model links data knowledge representation with both
the use case knowledge representation and the DA knowledge
representation. The “data” class in use case knowledge
representation is linked with the “data knowledge” class by the
“explains” property. DA knowledge representation and data
knowledge representation are connected by linking the “data
knowledge” class and the “input” class with “is used for”
property.

Lastly, domain knowledge representation is implemented
using the domain knowledge model, such as, the “observations”
class with a “melt pool has boundary” individual. The domain
knowledge model connects domain knowledge representation
with use case knowledge representation and data representation.
The “domain” class in use case knowledge representation is
linked with the “domain knowledge” class with “explains”
property and individuals of “preparation” class in data
knowledge representation are linked with individuals in “domain
knowledge” with “influences” property.

Figure 9 shows a portion of the knowledge representation of
the target use case. Three application scenarios of the knowledge
representation can be illustrated in the figure. First, we can
understand the data preparation flow of the target use case. When
we say Dy in the figure, it means raw data; and we say Dy in
the figure, it means transformed data. We can discover how raw
data gets transformed using our proposed, knowledge
representation approach. Melt pool image data Dy is
transformed to Dy, and Dr, according to domain knowledge
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FIGURE 9: A PORTION OF THE KNOWLEDGE REPRESENTATION OF THE TARGET USE CASE

and data knowledge. In the process of generating Dy, , domain
knowledge is used for data preparation.

Domain knowledge explains the observation that melt pool
has a boundary, and that observation defines two hypotheses that
1) the boundary is measured with least square fitting and 2)
normal size is based on average hatch distance. The hypotheses
then define two rules for data preparation: 1) computation
function that measures area within the boundary and 2) the range
of the normal, boundary-area size. Defined rules in domain
knowledge are used for two, data preparation activities to
generate Dr,: 1) boundary detection and 2) image labeling. In
the process of generating Dr,, data knowledge is used for data
preparation. Technical meta information, size of Dy, influences
Dy to be resized to Dr,. Second, we can understand the overall
DA description of the target use case. DA uses two transformed
data Dy, and Dr, as inputs for training the CNN to develop a
classification model. Also, we can see that the performance of
the classification model is evaluated with accuracy and reaction
time. Lastly, use case context can be described as a real-time melt
pool classification task that supports process control to improve
part quality.

The case study identified and represented knowledge to
manage knowledge for developing the target use case “melt pool
size classification”. It is meaningful that we can manage
actionable knowledge for DA through knowledge identification
and knowledge representation. However, the case study did not
link the representations of individual, use cases to implement
global knowledge representation, and this is left for our future
work. Also, evaluation method for validating the proposed
framework should be considered in the future work.

5. CONCLUSION

In this paper, we proposed a novel knowledge management
framework for AM data analytics. The proposed framework
identifies knowledge using the knowledge architecture and
represents knowledge with ontology-based knowledge models.
In the case study, knowledge identification and knowledge
representation were demonstrated with the target use case. Also,
three application scenarios of the knowledge representation were
illustrated to show that actionable knowledge for AM data
analytics can be managed through the proposed framework.

This work enables knowledge sharing, understanding, and
reuse in activities related to AM data analytics. Also, the
proposed framework provides actionable knowledge for AM
data analytics that contributes to reduce time and effort in
developing an AM data analytics solution. In the future, we will
focus on linking knowledge representations of use cases to create
a global knowledge representation and further formalize the
proposed framework.

ACKNOWLEDGEMENTS

This work was supported by Additive Manufacturing
Program at the National Institute of Standards and Technology
(NIST), U.S. Department of Commerce. Such commercial
systems identified in this article does not imply recommendation
or endorsement by NIST. Moreover, contents in this article does
not reflect the views of NIST or any other U.S. government.

REFERENCES

[1] Abdulhameed, Osama, Abdulrahman Al-Ahmari,
Wadea Ameen, and Syed Hammad Mian. "Additive
manufacturing: Challenges, trends, and applications." Advances

7 © 2023 by ASME



in  Mechanical
1687814018822880.

[2] Witherell, Paul. "Emerging Datasets and Analytics
Opportunities in Metals Additive Manufacturing." In Direct
Digital manufacturing Conference. 2018.

[3] Park, Hyunseop, Hyunwoong Ko, Yung-Tsun T. Lee,
Hyunbo Cho, and Paul Witherell. "A framework for identifying
and prioritizing data analytics opportunities in additive
manufacturing." In 2019 IEEE international conference on big
data (Big Data), pp. 3458-3467. IEEE, 2019.

[4] Yang, Jimeng, Yi Chen, Weidong Huang, and Yun Li.
"Survey on artificial intelligence for additive manufacturing." In
2017 23rd international conference on automation and
computing (ICAC), pp. 1-6. IEEE, 2017.

[5] Wirth, Riidiger, and Jochen Hipp. "CRISP-DM:
Towards a standard process model for data mining." In
Proceedings of the 4th international conference on the practical
applications of knowledge discovery and data mining, vol. 1, pp.
29-39.2000.

[6] Bekar, Ebru Turanoglu, Per Nyqvist, and Anders
Skoogh. "An intelligent approach for data pre-processing and
analysis in predictive maintenance with an industrial case study."
Advances in Mechanical Engineering 12, no. 5 (2020):
1687814020919207.

[7] Wang, Yuanbin, Robert Blache, Pai Zheng, and Xun Xu.
"A knowledge management system to support design for
additive manufacturing using Bayesian networks." Journal of
Mechanical Design 140, no. 5 (2018): 051701.

[8] Dinar, Mahmoud, and David W. Rosen. "A design for
additive manufacturing ontology." Journal of Computing and
Information Science in Engineering 17, no. 2 (2017).

[9] Kim, Samyeon, David W. Rosen, Paul Witherell, and
Hyunwoong Ko. "A design for additive manufacturing ontology
to support manufacturability analysis." Journal of Computing
and Information Science in Engineering 19, no. 4 (2019).

[10] Carraturo, Massimo, and Andrea Mazzullo. "An
Ontology for Defect Detection in Metal Additive
Manufacturing." arXiv preprint arXiv:2210.04772 (2022).

[11] Razvi, Sayyeda Saadia, Shaw Feng, Anantha
Narayanan, Yung-Tsun Tina Lee, and Paul Witherell. "A review
of machine learning applications in additive manufacturing." In
International design engineering technical conferences and
computers and information in engineering conference, vol.
59179, p. VOO1T02A040. American Society of Mechanical
Engineers, 2019.

[12] Park, Hyunseop, Hyunwoong Ko, Yung-tsun Tina Lee,
Shaw Feng, Paul Witherell, and Hyunbo Cho. "Collaborative
knowledge management to identify data analytics opportunities
in additive manufacturing." Journal of Intelligent Manufacturing
(2021): 1-24.

[13] Noy, Natalya F., and Deborah L. McGuinness.
"Ontology development 101: A guide to creating your first
ontology." (2001).

[14] Gayathri, R., and V. Uma. "Ontology based knowledge
representation technique, domain modeling languages and

Engineering 11, mno. 2  (2019):

planners for robotic path planning: A survey." ICT Express 4,
no. 2 (2018): 69-74.

[15] Sanfilippo, Emilio M., Farouk Belkadi, and Alain
Bernard. "Ontology-based knowledge representation for additive
manufacturing." Computers in Industry 109 (2019): 182-194.

[16] Ali, Munira Mohd, Rahul Rai, J. Neil Otte, and Barry
Smith. "A product life cycle ontology for additive
manufacturing." Computers in Industry 105 (2019): 191-203.

[17] Eddy, Douglas, Sundar Krishnamurty, lan Grosse,
Maxwell Perham, Jack Wileden, and Farhad Ameri. "Knowledge
management with an intelligent tool for additive manufacturing."
In International Design Engineering Technical Conferences and
Computers and Information in Engineering Conference, vol.
57045, p. VO1AT02A023. American Society of Mechanical
Engineers, 2015.

[18] Qi, Qunfen, Luca Pagani, Paul J. Scott, and Xianggian
Jiang. "A categorical framework for formalising knowledge in
additive manufacturing." Procedia CIRP 75 (2018): 87-91.

[19] Roh, Byeong-Min, Soundar RT Kumara, Timothy W.
Simpson, Panagiotis Michaleris, Paul Witherell, and Ibrahim
Assouroko. "Ontology-based laser and thermal metamodels for
metal-based additive manufacturing." In International Design
Engineering Technical Conferences and Computers and
Information in Engineering Conference, vol. 50077, p.
VO01AT02A043. American Society of Mechanical Engineers,
2016.

[20] Witherell, Paul, Shaw Feng, Timothy W. Simpson,
David B. Saint John, Pan Michaleris, Zi-Kui Liu, Long-Qing
Chen, and Rich Martukanitz. "Toward metamodels for
composable and reusable additive manufacturing process
models." Journal of Manufacturing Science and Engineering
136, no. 6 (2014).

[21] Roh, Byeong-Min, Soundar RT Kumara, Hui Yang,
Timothy W. Simpson, Paul Witherell, Albert T. Jones, and Yan
Lu. "Ontology network-based in-situ sensor selection for quality
management in metal additive manufacturing." Journal of
Computing and Information Science in Engineering 22, no. 6
(2022): 060905.

[22] Yihua, Mao, and Xu Tuo. "Research of 4M1E's effect
on engineering quality based on structural equation model."
Systems Engineering Procedia 1 (2011): 213-220.

[23] Lohmann, Steffen, Stefan Negru, and David Bold. "The
Protég¢ VOWL plugin: ontology visualization for everyone." In
The Semantic Web: ESWC 2014 Satellite Events: ESWC 2014
Satellite Events, Anissaras, Crete, Greece, May 25-29, 2014,
Revised Selected Papers 11, pp. 395-400. Springer International
Publishing, 2014.

[24] Yang, Zhuo, Yan Lu, Ho Yeung, and Sundar
Krishnamurty. "Investigation of deep learning for real-time melt
pool classification in additive manufacturing." In 2019 IEEE
15th international conference on automation science and
engineering (CASE), pp. 640-647. IEEE, 2019.

8 © 2023 by ASME



