Opportunities and Challenges to Integrate Artificial
Intelligence Into Manufacturing Systems

Thoughts From a Panel Discussion

By llya Kovalenko

INTRODUCTION

Rapid advances in artificial intelligence
(AI) have the potential to significantly
increase productivity, quality, and prof-
itability in future manufacturing sys-
tems. (Caveat: The panel did not
attempt to disentangle artificial intelli-
gence from machine learning and used
the two terms loosely interchangeably
during the discussion.) Traditional mass
production will give way to personal-
ized production, with each item made to
order, at the low cost and high quality
consumers have come to expect. Manu-
facturing systems will have the intelli-
gence to be resilient to multiple
disruptions, from small-scale machine
breakdowns to large-scale natural disas-
ters. Products will be made with higher
precision and lower variability. While
gains have been made toward the devel-
opment of these factories of the future,
many challenges remain to fully realize
the vision shown in Figure 1.

To consider the challenges and oppor-
tunities associated with this topic, a panel
of experts from industry, academia, and
government was invited to participate in
an active discussion at the 2022 Model-
ing, Estimation and Control Conference
(MECQC) held in Jersey City, NJ, USA,
on 3-5 October 2022 [1]. This panel
discussion started with an overview
presentation given by Prof. Ilya Kova-
lenko (Pennsylvania State University)
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on the topic of automated learning for
manufacturing systems [2]. Following
the overview, the panelists introduced
themselves and their organizations and
provided preliminary thoughts on the
integration of Al into manufacturing
systems. The panelists included Dr.
Meiling He (Rockwell Automation), Dr.
Daewon Lee (Samsung Al Center NY),
Dr. James Moyne (Applied Materials
and University of Michigan), Dr. Robert
Landers (University of Notre Dame), and
Dr. Jordan Berg (National Science Foun-
dation). The panel discussion focused
on the challenges and opportunities to
more fully integrate Al into manufac-
turing systems, and it was moderated
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by Prof. Kira Barton (University of
Michigan) and Prof. Dawn Tilbury (Uni-
versity of Michigan).

Three overarching themes emerged
from the panel discussion. First, to be
successful, AI will need to work seam-
lessly and in an integrated manner
with humans (and vice versa). Second,
significant gaps in the infrastructure
needed to enable the full potential of
Al into the manufacturing ecosys-
tem, including sufficient data avail-
ability, storage, and analysis, must
be addressed. And finally, improved
coordination among universities,
industry, and government agencies
can facilitate greater opportunities to

SME

5

Cooperation
Al System Network
-I \ Operator Operator
- e e > a» 2 W
= = = = = = = = Data and
- W W W W = & | hformaton

FIGURE 1. Vision for integrating Al systems into the manufacturing environment. SME:

subject matter expert.
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push the field forward. The rest of
this article briefly summarizes these
three themes and concludes with a
discussion of promising directions.

HUMANS AND Al WORKING
TOGETHER

Although many large-scale manufac-
turing processes are automated to
some degree, there are always humans
involved at multiple levels. The
humans may be physically interacting
with the system (e.g., loading parts into
a machine) or interacting through a
computer (e.g., defining the production
schedule). Different subject matter
experts (SMEs) have different types of
expertise; some may have a deep tech-
nical knowledge of a specific process,
such as maintenance of a specific
machine, while others may have a
broader understanding of a system.
Humans are expected to be adaptable
and able to react to both small distur-
bances (slightly out-of-order product
flow) and large changes (new product
arriving).

Most Al deployed in manufactur-
ing plants today is relatively fixed;
i.e., it does not have the ability to learn
beyond what it has been trained to do,
nor can it ask questions when it does
not understand what to do. The panel
felt that there was a significant oppor-
tunity to develop Al that can work in
a more integrated fashion with SMEs,
at different levels, perhaps answer-
ing questions posed by the SME and
even posing questions when something
becomes uncertain. While some Al
tools that take input from a human have
been developed for data science appli-
cations (e.g., Google Vision Al), these
capabilities need to be extended to the
manufacturing environment. In this
way, the knowledge held by the SMEs
can be leveraged with the knowledge in
the AI, and no human knowledge will
be left behind. This integration of SME
and Al can also lead to better trust of
the AI by the SME, so that the Al is
seen as a tool to help get the job done
well—empowering the SME rather
than threatening to eliminate the job.

Many currently deployed Al systems
in manufacturing detect anomalies that

IEEE ROBOTICS & AUTOMATION MAGAZINE

occur—things that are out of the ordi-
nary—which can lead to preventing
poor quality or machine breakdown.
However, in many cases, the anomaly
detection just alerts an operator, who is
called over to investigate the situation
and make a decision about the appro-
priate response (such as ignore, shut
down, or repair). Most of these solutions
are developed in a specific domain,
using SMEs knowledgeable about the
process. Generalizing these solutions
to new domains is difficult and gener-
ally requires new SMEs to be engaged.
Could an AI be developed that would
facilitate this type of generalization?
‘What would it need to learn, and where
would it get the information?

In many manufacturing plants today,
although robots and humans may work
together to accomplish a job, they do
not work in close proximity, nor do they
request knowledge from
each other. They are
separated because of
safety constraints, with

gent system (humans, robots, comput-
ers, etc.) as an intelligent agent with
specific capabilities? By blurring the
line between human intelligence and
Al, we can start to develop an evolu-
tionary process to support learning
resulting from a continuum of human
and Al knowledge.

INFRASTRUCTURE FOR Al IN
MANUFACTURING
Manufacturing systems are incredibly
complex. From the nonlinear physics of
low-level processes (such as welding
and 3D printing) to the material han-
dling within a plant, scheduling, and
the supply chain, everything needs to
come together for a high-quality part to
be produced and delivered to a con-
sumer. There are hundreds of thou-
sands of variables, of different types
and measured at different sample rates,
that interact in diverse
ways to describe what is
happening. Many man-
ufacturing plants oper-

the robots sequestered
in cages. Newer col-
laborative robots can
operate safely around
humans, although they
are generally restricted
to move more slowly
than their caged coun-
terparts. Despite closer
proximity, collaborative

IMPROVED COOR-
DINATION AMONG
UNIVERSITIES, IN-
DUSTRY, AND GOV-
ERNMENT AGEN-
CIES CAN FACILITATE
GREATER OPPORTU-
NITIES TO PUSH THE
FIELD FORWARD.

ate multiple shifts per
day or even 24/7, lead-
ing to huge volumes of
data. There are thou-
sands or even millions
of different things that
can happen. Al technol-
ogy needs data to learn,
and although there are a
lot of data to be found
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robots do not request

additional information

from a human when new

or unfamiliar challenges

arise. As perception

technologies improve, there are opportu-

nities for Al to help robots and humans

work together on physical tasks, such as

assembly. This could help address the

challenge of personalized production.
As we move into the era of human-

centric, sustainable manufacturing

[3], questions of cooperation between

humans and AI become increasingly

more important. One question that

was raised was whether it was essen-

tial to differentiate between human

intelligence and Al. From a manufac-

turing system perspective, would it be

possible to start looking at any intelli-

in manufacturing sys-
tems, they are not
always AI ready. Or,
even though there are a
lot of data, these data
may not be sufficiently diverse and
capture enough samples of important
events to develop effective learning and
intelligence applications. In short, most
data management systems were not
developed or put in place with Al in
mind (e.g., maintenance management
databases), and so they are not Al ready
in terms of many data quality dimen-
sions (e.g., accuracy, freshness, granu-
larity, volume/archive length, variety,
and context richness).

Data are collected through sen-
sors, and the panelists spent some time
discussing the limitations of current



sensing in manufacturing. In many
cases, the sensors do not measure the
variable of interest, limiting the ability
for Al to learn a model of the process.
For additive manufacturing or welding
processes, the sensor can only measure
what is on the surface and not the impor-
tant material characteristics underneath.
For some manipulation processes, only
vision is available without any haptic or
tactile feedback. Some sensors, such as
thermal imaging cameras, can return
huge amounts of data, which can be a
challenge to process.

Al problems require massive
amounts of data, and the process of
obtaining those data is expensive.
Although manufacturing companies
have a lot of data, they typically do not
have the amount of data required for
many Al approaches. Further, manufac-
turing companies are reluctant to share
their data, because of
their proprietary nature,
reducing the potential
for supplementing the
data through additional
resources. The panel
discussed the advan-
tages of industry—uni-
versity partnerships to
share information (e.g.,
data and precompetitive
model forms). Efforts to
standardize the anony-
mization of information
to preserve the underly-
ing characteristics for
different types of Al
and learning would also
be useful.

As discussed in the section “Humans
and AI Working Together,” there is a big
need to develop techniques that allow
humans and Al technology to collab-
oratively work on tasks in the manufac-
turing system. However, the panelists
also identified that there is a significant
infrastructure challenge that needs to
be addressed before humans and Al
can effectively work together. Exam-
ples were provided where SMEs are
expected to be both/either at the front
end of the AI technology (e.g., setting
up the bounds for anomaly detection)
and/or at the back end of the Al tech-

Al TECHNOLOGY
NEEDS DATA TO
LEARN, AND Al-

THOUGH THERE ARE
A LOT OF DATA TO BE
FOUND IN MANU-
FACTURING SYSTEMS,

THEY ARE NOT AL-
WAYS Al READY.

nology (e.g., analyzing the information
provided by the AI tool). However, the
interfaces may have been developed for
a specific type of worker/SME. How
can manufacturers start to develop gen-
eralizable interfaces that enable a com-
fortable working environment for the
human? Can interfaces be developed
that allow the human and AI to work on
the tasks that each one is good at? How
can Al be enhanced to the point of ask-
ing for information when necessary and
accepting information asynchronously?

DEVELOPING INDUSTRY-UNIVERSITY
COLLABORATIONS

The panelists have experience in indus-
try, academia, and government. The
panel recognized that most of the iden-
tified challenges, from improving the
Al infrastructure to developing new
technology, cannot be solved by a sin-
gle institution and must
include collaborations
among industry, aca-
demia, and the govern-
ment. Companies will
often have the technolo-
gy and can identify
real-world manufactur-
ing problems that would
benefit from the inte-
gration of Al Universi-
ties provide the
educational infrastruc-
ture to develop the
manufacturing work-
force and the research
capabilities that allow
researchers to address
various challenges. The
government can foster these collabora-
tions through programs that identify
the need and provide funding for Al in
manufacturing. The need to incorpo-
rate the workforce (e.g., operators and
SMEs) into the research discussions
was also recognized. As Al technology
is developed for the manufacturing sec-
tor, training tools for the workforce
must be developed to improve the inte-
gration of new manufacturing Al tech-
nology. It will also be important to
motivate the people working in the
manufacturing environment to adopt
and use Al technology for their work.
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While AT has been recognized as a
pivotal technology for growth and inno-
vation for manufacturing [4], industry
has been slow to adopt Al technology
within the manufacturing environment.
Some of the factors that contribute
to this slow adoption of AI technol-
ogy include issues with the economy
of scale. A lot of solutions to research
problems are specific and cannot be
scaled to the rest of the manufactur-
ing enterprise because of cost and time
constraints. As mentioned previously, to
advance Al solutions, there is a need for
manufacturers to share data. Partner-
ships between universities and indus-
try, with government support, can help
with data and information sharing, such
as developing improved data anony-
mization techniques and changing the
cultural perspective of data sharing in
manufacturing.

PROMISING DIRECTIONS

The panel discussed ideas about how to
push the manufacturing field toward a
more fully integrated paradigm of Al
technology in manufacturing systems.
The advancement of manufacturing
system technology (e.g., the Industrial
Internet of Things and collaborative
robots) and the rise of customer expec-
tations for customization and produc-
tion capabilities provide an opportunity
for the integration of Al in the manu-
facturing system industry. While sever-
al challenges were identified for the
full integration of Al in manufacturing
systems, there are a number of promis-
ing directions for this growing area.
Industry, academia, and government
agencies recognize the need for devel-
oping collaborations and programs that
can facilitate improved adoption of Al
in the manufacturing environment.
Manufacturing scheduling and plan-
ning was one of the identified high-val-
ue, target research areas that can be
targeted with Al technology. The panel
believed that the scheduling and plan-
ning process can be improved through
Al technology because of the signifi-
cant amount of data available and the
large opportunity for productivity
improvement, especially when moving
toward personalized production. The
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need for improving the reusability and
extensibility of Al solutions via digital
twin technology was also mentioned as
a topic of interest [5]. Another key
research area identified by all members
of the panel was the need to integrate
subject matter expertise into Al tech-
nologies deployed in the manufacturing
domain at all levels. Both human intel-
ligence and Al are needed to realize
the promise of high-quality, high-vol-
ume, low-cost personalized production
systems. The discussion in this panel
aligned with the research directions
and opportunities that have been identi-
fied in the existing literature. For
example, the need to leverage techno-
logical advancements to help create
human-centric and ecocentric manu-
facturing systems has recently been
identified as a topic of interest by a
number of other researchers in the area
of smart manufacturing [3], [6], [7], [8].
Note that while the panel discussion
described in this manuscript covered a
wide array of topics, there were a num-
ber of important research areas, such as

the use of digitization and virtual man-
ufacturing [9] and the role of robots
and cobots [10], that were only briefly
mentioned and could benefit from
future discussions on challenges and
opportunities.

ACKNOWLEDGMENT

We would like to thank the MECC
organizers [1] for the opportunity to
present the special session. We would
also like to thank the panelists and
audience for their thoughtful comments
and participation in the session.

REFERENCES

[1] “Modeling, estimation and control conference.”
[Online]. Available: https:/mecc2022.a2¢2.org/

[2] I. Kovalenko et al., “Toward an automated learning
control architecture for cyber-physical manufacturing
systems,” IEEE Access, vol. 10, pp. 38,755-38,773, Apr.
2022, doi: 10.1109/ACCESS.2022.3165551. [Online].
Available: https://ieeexplore.ieee.org/document/9751037/

[3] X. Xu, Y. Lu, B. Vogel-Heuser, and L. Wang,
“Industry 4.0 and industry 5.0—Inception, concep-
tion and perception,” J. Manuf. Syst., vol. 61, pp.
530-535, Oct. 2021, doi: 10.1016/j.jmsy.2021.10.006.

[4] “Al enablement on the way to smart manufactur-
ing: Deloitte survey on AI adoption in
manufacturing,” Deloitte, New York, NY, USA,
Tech. Rep., 2020. https://www?2.deloitte.com/con-

tent/dam/Deloitte/cn/Documents/cip/deloitte
-cn-cip-ai-manufacturing-application-survey
-en-200116.pdf

[51 J. Moyne et al., “A requirements driven digital
twin framework: Specification and opportunities,”
IEEE Access, vol. 8, pp. 107,781-107,801, Jun. 2020,
doi: 10.1109/ACCESS.2020.3000437.

[6] J. Leng et al., “Industry 5.0: Prospect and retro-
spect,” J. Manuf. Syst., vol. 65, pp. 279-295, Oct.
2022, doi: 10.1016/j.jmsy.2022.09.017. [Online].
Available: https:/linkinghub.elsevier.com/retrieve/
pii/S0278612522001662

[7] G. Q. Huang, B. Vogel-Heuser, M. Zhou, and P.
Dario, “Digital technologies and automation: The
human and eco-centered foundations for the factory
of the future [TC Spotlight],” IEEE Robot. Autom.
Mag., vol. 28, no. 3, pp. 174-179, Sep. 2021, doi:
10.1109/MRA.2021.3095732. [Online]. Available:
https://ieeexplore.ieee.org/document/9535352/

[8] M. Zhou, “Editorial: Evolution from AI, IoT and
big data analytics to metaverse,” I[EEE/CAA J.
Autom. Sin., vol. 9, no. 12, pp. 2041-2042, Dec.
2022, doi: 10.1109/JAS.2022.106100. [Online].
Available: https://ieeexplore.ieee.org/
document/9970439/

[9] J. Yang, X. Wang, and Y. Zhao, “Parallel manu-
facturing for industrial metaverses: A new paradigm
in smart manufacturing,” IEEE/CAA J. Autom. Sin.,
vol. 9, no. 12, pp. 2063-2070, Dec. 2022, doi:
10.1109/JAS.2022.106097. [Online]. Available:
https://ieeexplore.ieee.org/document/9970436/

[10] L. D. Evjemo, T. Gjerstad, E. I. Grgtli, and G.
Sziebig, “Trends in smart manufacturing: Role of
humans and industrial robots in smart factories,”
Current Robot. Rep., vol. 1, no. 2, pp. 35-41, Jun.
2020, doi: 10.1007/s43154-020-00006-5.

&

Share Your Preprint

Research with the World!

u Follow us @TechRxiv_org
Learn more techrxiv.org

TechRxiv is a free preprint server for unpublished research in
electrical engineering, computer science, and related technology.
TechRxiv provides researchers the opportunity to share early r;:gs&ts

of their work ahead of formal peer review and publication. '

= Rapidly disseminate your research findings

= Gather feedback from fellow researchers

» Find potential collaborators in the scientific community
= Establish the precedence of a discovery

= Document research results in advance of publication

Upload your unpublished research today!

o LT

TechRx1v

Powered by IEEE

IEEE ROBOTICS & AUTOMATION MAGAZINE

JUNE 2023


https://mecc2022.a2c2.org/
https://ieeexplore.ieee.org/document/9751037/
http://dx.doi.org/10.1016/j.jmsy.2021.10.006
https://www2.deloitte.com/content/dam/Deloitte/cn/Documents/cip/deloitte-cn-cip-ai-manufacturing-application-survey-en-200116.pdf
https://www2.deloitte.com/content/dam/Deloitte/cn/Documents/cip/deloitte-cn-cip-ai-manufacturing-application-survey-en-200116.pdf
https://www2.deloitte.com/content/dam/Deloitte/cn/Documents/cip/deloitte-cn-cip-ai-manufacturing-application-survey-en-200116.pdf
https://www2.deloitte.com/content/dam/Deloitte/cn/Documents/cip/deloitte-cn-cip-ai-manufacturing-application-survey-en-200116.pdf
http://dx.doi.org/10.1109/ACCESS.2020.3000437
http://dx.doi.org/10.1016/j.jmsy.2022.09.017
https://linkinghub.elsevier.com/retrieve/pii/S0278612522001662
https://linkinghub.elsevier.com/retrieve/pii/S0278612522001662
http://dx.doi.org/10.1109/MRA.2021.3095732
https://ieeexplore.ieee.org/document/9535352/
http://dx.doi.org/10.1109/JAS.2022.106100
https://ieeexplore.ieee.org/document/9970439/
https://ieeexplore.ieee.org/document/9970439/
http://dx.doi.org/10.1109/JAS.2022.106097
https://ieeexplore.ieee.org/document/9970436/
http://dx.doi.org/10.1007/s43154-020-00006-5

	109_30mra02-opinion-3262464

