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Abstract. Machine learning (ML) is a branch of artificial intelligence which requires the application of data
and algorithms to analyse information, identify patterns and learn from experiences. Despite various challenges,
ML has proved to be a powerful tool contributing to various aspects of society, specifically in the
manufacturing sector through operational optimisation, quality control, design, maintenance, and inventory
management etc. Although ML is playing an increasingly important role in the aerospace sector, it faces
adoption challenges specifically due to its high rate of maturity being asynchronous to the aerospace sector’s
rate of adaptability, specifically during times of technology disruption. This investigation applies a qualitative
research design through two case studies and expert interviews to understand the various elements contributing
to the dynamics of adoption of ML based manufacturing processes in the UK’s aerospace manufacturing sector.
The findings indicate a general recognition about the benefits of ML based manufacturing processes, however,
there are business, organisational and technical challenges which need addressing to encourage adoption. The
findings are envisaged to create a mutual appreciation of challenges faced between the aerospace
manufacturing sector and the ML community to further future adoption practices.
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1. Introduction and background

Machine Learning (ML) plays a crucial role in the manufacturing sector [1]. ML is a subfield of Artificial
Intelligence [2], having as a characteristic to learn from data and experience throughout the application of
algorithms in different processes and functions [3]. ML is a disruptive technology focused on improving the
decision-making process and obtaining an accurate prediction of events [4]. For example, with the use of
algorithms and intelligent sensors connected to machines, failures can be detected before a machine breaks
down [5]. The Aerospace Sector struggled to survive the impact of the pandemic, having shut down several
manufacturing plants around the UK [6]. The Aerospace Sector is a vital element of the UK economy and the
stability of the nation [7]; unfortunately, from the beginning of the pandemic, just in three months, the number
of civil flights were reduced by over 70% compared to 2019 [6], affecting not only larger corporations, but
also smaller corporations supplying parts. Therefore, thriving on the obtention of more efficient and sustainable
manufacturing operations in the Aerospace Sector could help to recover the economic strength with the
reduction of costs and the optimal use of resources. The application of ML technology in the manufacturing
sector has resulted in effective solutions to face the most common manufacturing challenges such as scheduling,
monitoring, quality, and failure prediction [4], and consequently the reduction of costs, the increase of product
quality, and the optimization of processes [5]. Despite the advantages of ML, specifically in the aerospace
manufacturing sector, there is a distinct lack of understanding about the adoption dynamics of ML based
manufacturing process in the UK and elsewhere. As it is believed to be a sustainable option to support the
Aerospace sector, with the optimization of operations and the reduction of manufacturing costs can enhance
profitability and mitigate the financial impact caused by COVID-19.
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1.1 ML applications and the manufacturing sector

Mainly, there are three ML techniques: Supervised, unsupervised, and reinforcement learning [8-11]; IBM
defines Deep learning as a subset of ML, highlighting the impact, evolution, and the results it has provided as
part of the technology advance [12]. In manufacturing, supervised and unsupervised learning are commonly
applied for predictive maintenance [13] and the prediction of disruptive issues in the supply chain and
production process [14]. Additionally, several real-time scheduling problems have been solved using
reinforcement learning [14].

In the manufacturing sector, the widely ML method is supervised learning, specifically applied regression
methods, support vector regression [15], neural networks [16] and random forest [17]. The accurate application
of these algorithms has resolved several challenges in manufacturing processes [18-21]. Contrary to supervised
learning, unsupervised learning lacks input data [8]. For manufacturing, the clustering and anomaly detection
techniques have been used widely to solve problems related to fault class prediction [13], product quality
inspection [22], layout improvements [23], sales forecasting [24], equipment condition diagnosis [25], also for
predictive scheduling and resource allocation [26]. Contrary to supervised learning, unsupervised learning
lacks input data [8]. A reference model is created to find normal and abnormal processes in the system [13].
For manufacturing, the clustering and anomaly detection techniques have been used widely to solve problems
related to fault class prediction [13], product quality inspection [26], layout improvements [27], sales
forecasting [28], equipment condition diagnosis [29], also for predictive scheduling and resource allocation
[30]. Reinforcement learning differs from other methods, as it learns through experiences and constant
interaction with an environment [9]. Unfortunately, despite the positive results and benefits, the level of
acceptance and adoption of reinforcement learning in manufacturing is still low due to its high complexity in
implementation [9]. Deep learning, also known as neural networks, is an ML technique based on artificial
neural networks specialized to imitate the human brain [31]. From manufacturing’s perspective, it has brought
positive results improving production processes [32], it has also been applied for bearings health analysis [33]
to diagnose machinery fault [34], to predict product completion time [34], and to run an effective tool for
decision support system [35].

1.2 Advantages and challenges

Overall, within the manufacturing sector, ML has assisted in optimisation of production processes [4, 36],
improved financial performance and resource management [1, 37, 17], streamlined quality control [38, 39],
support decision making [1, 40] and management of supply chain [41, 42] etc. The aerospace manufacturing
sector has also been the beneficiary of these advantages. Despite the positive impact ML based manufacturing
processes, their adoption within the aerospace manufacturing sector has been challenging due to its high rate
of maturity being asynchronous with the sector. It mainly appears to bring various challenges to the aerospace
manufacturing sector, which could be classified as technical, organisational, and business related. In terms of
technical challenges, fluctuating data quality due to non-standard practices and data management practices [38,
43-45], integration issues due to non-standardisation of systems, specifically at the data acquisition stage [4,
46, 47], security and data storage practices [1, 44, 48], and difference in algorithm approach in addressing the
problems [4, 46], appear to be affecting the sector the most. Resistance to change and cultural issues [14, 49],
workforce skills acquisition, training, and retention [45, 46, 50], investment obstacles [1, 51, 52], knowledge
management [52, 53] and changing nature of the organisation’s macro environment [4, 54] appear to be causing
most organisational challenges. Business challenges mainly consisted of customers’ trust and views on ML
based manufacturing [25, 54], and consideration for green practices to decrease the carbon footprint because
of increased computational strength [54]. Given the importance of the aerospace sector, this investigation aims
to explore its adoption dynamics of ML based manufacturing processes in the UK. Therefore, it seeks to
identify the most common applications of ML in the manufacturing sector, with the aim to apply them in the
aerospace sector in the UK (RQ1), explore the benefits and challenges of the adoption of ML (RQ2, RQ3)

2. Methodology

A qualitative methodology was applied through a multi case study approach in two phases to explore the
adoption dynamics of ML based manufacturing processes in the UK’s aerospace manufacturing sector. The
use of multi-case study can be used to identify patterns from a detailed analysis of more than one event or case
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[55, 56]. This combined with practitioner perspectives, offers a wholistic view of the events, especially for
exploratory studies in pursuit of new conceptions in situations where information is not reachable [56-59]. The
first phase was based on two case studies in two organisations, with the application of semi-structured
interviews. The second phase involved semi-structured interviews with ML experts, aiming to understand the
perspectives and ideas of experts [56].

2.1 Data collection

The interviews conducted in phase one, were at two UK-based organisations (cases), both involved in the
manufacturing and supply of large and small specialised aircraft equipment. In phase 2, the interviewees were
primarily ML experts involved in the manufacturing industry. Two pilot interviews were conducted in each
phase to revise and align the interview protocols in accordance with the research questions, to improve the
quality of the data collection process [56]. A total of thirteen interviews were conducted, out of which six were
pilots. All the interviews were conducted over Zoom due to Covid-19 restrictions. All the interviewees were
informed about maintenance of their anonymity, purpose of the investigation and permission to record, and
distribute the findings was sought. Ethical approval was sought from the authors’ institution before collecting
the data.

2.2 Data analysis

The interview transcripts were analysed using template analysis [60]. A priori template was created from
existing literature in relation to the research questions, followed by the familiarisation of the interview
transcripts through reading. The coding of the transcripts in relation to the research questions was performed
by the first author, resulting in the initial template. The high order codes were allocated themes and all the
transcripts were recoded using the initial template, resulting in the final template. After each coding stage, both
the authors reflected upon the codes to minimise distortions caused by assumptions and preconceptions [60].
Interpretation and writing up of the codes followed post-acquisition of the final template.

3. Findings
3.1 Challenges

3.1.1 Resistance to change

Resistance to change may affect the adoption of ML technologies. E2 argued that resistance to change is
a factor affecting all the projects implementing a new system or to change any processes, but particularly, there
is a generational factor where the age of the workers and old practices in the organization directly influence
the disposition to embrace change. Similarly, E1 found the ‘fear factor’ is linked to the resistance to change,
employees anxious about new processes, systems, and threat to their employment.
“One of the major impacts of I feel that would be an impact to do the adoption of ML would be the fear factor:
is the machine going to take over what I currently do? It will have the ability to do complex tasks? and I will
be then resistant to change?” - E2

Alternatively, E3 exposes that the resistance to change mostly comes from a lack of knowledge; for that
reason, E1 and EA2 agreed that re-training is fundamental in the success of an ML project. When people have
the complete panorama and perspective from the implementation results, resistance to change can be
minimized, and the organisation can benefit from peoples’ disposition and support.

3.1.2 Security

Security concerns are widely stated by the experts as a challenge to ML implementation. The UK
Aerospace sector requires a high level of data security, with information being tightly controlled, however, it
is an obstacle as E3 explains that a successful ML implementation would require having access to very detailed
data. According to E1, data security is not only an issue for the UK Aerospace sector, but also all the industries
and organizations. On the other hand, EA2 emphasizes the risk of extracting and storing data in the cloud,
mainly because it is managed by a third company. Hence, E3 recommends being very cautious with the clauses
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specified in the contracts to prevent data leaks. While EA1, EA2, EA3, EBI1, E1, and E3 believe this is a major
issue, the E2 argues that the seriousness of the matter is overstated. From E3’s point of view and experience
as a Maintenance Manager, he pointed out that particularly, the maintenance data is not highly relevant, so
security is not part of his concern or a barrier for the adoption of ML: “From a practical point of view, I mean
who cares it's just maintenance data nobody's going to be able to use that information to do anything” — E2

3.1.3 Training

More than training concerns, experts agreed that training and re-training is beneficial for both: the company
and the workforce. The participants stress that training must be given help people to understand the purpose
of the ML implementation and the benefits it can bring to the company. E1 describes their experience where
how post-training employees discover new knowledge to perform their work, increasing efficiency. Similarly,
once ML is adopted, new opportunities and better salaries will be offered to those employees with the
willingness of learning new skills.

“Because that will then train other people another people train other people and more people will get more
exposure to it and it's the software and the solutions become more and more widespread that there'll be lots
more opportunity for people to learn and to progress and so we need that progression I think all industries need
that progression there will be people at the top of their game and they will command huge salaries but then
there will be people at the bottom trying to gain that and have that experience to get to the top of that ladder”
—El

3.1.4 Protocols, legislations, and regulations

The UK Aerospace sector is highly controlled by regulations. EA1 claims that some operations are
subjected to IATA or ITAR regulations, restricting to sharing information, especially in the cloud. Additionally,
El believes there should be legislation and government guidance when organizations implement ML,
comprising of all the industries, not just for the UK Aerospace sector. The perception of El is that, since ML
is expanding its domain in developing machines towards human capacity, for instance, self-driving cars or
robots; however, there should be legislation and protocols to avoid machines harming humans, and to define
who will take responsibility if this happens. Another concern raised by El is to develop concrete regulations
and protocols for the cyberspace to control nefarious activities and in this way, protect people against the
illegitimate use of data and the internet.

“Depends on the product depends whether it's ITAR or not yeah that's what that's where we kind of got more
uh major restrictions whether it's ITAR regulated yeah so some of the parts are obviously subject to ITAR
regulation and that information is not open readily available to everybody, but that one restricts the use of
certain technologies so you can you can’t use, for example, this analytics cloud version because it's in the
cloud and we don't have access, we are not allowed to share that information with other systems because you
don't know what is going to end up” — EA1

3.1.5 Knowledge management

Knowledge management is another primordial factor which might drive a successful or unsuccessful
implementation of ML. Tacit knowledge is experience-based learning, hence, EA3 explains the conflicts
caused when people leave companies and there are no reinforcement practices to perform the role effectively.
E1l and EAL1 agreed that if the source of data collection is coming from people against change the information
could be biased. Adversely, E2 mentions that if companies own an ERP system, the information will be ready
to be merged with ML and other Al applications to execute algorithms and identify patterns: “I don't think
that'll be a factor much, I think it'll be a case of get all of the data out of your SAP system or equivalent or
perhaps from multiple different organizations and then use the Al to analyse that and have some clever
algorithms in there to make decisions optimize strategies, so I don't think it will really require their knowledge
so much” — E2
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3.1.6 Cultural aspects

The adoption of new processes or technologies might vary according to the practiced culture, some experts
claimed that cultural aspects are a barrier in the workspace. According to their experience, a cultural problem
can arise and create conflict during the implementation of new technology. For instance, EA3 explained the
different levels of disposition between two plants, one at the Northern Ireland and the other in England, where
people with the same job role and same responsibilities used to take a different approach driven by the work
culture and workers attitude.

“The two people in XXX do things completely different in the different ethos than people in XXX and
XXX and they do the same job, you know, it's exactly the same job but they can take a different approach”-
EA3

3.1.7 Lack of Trust

Lack of trust directly influences the adoption of new technologies as EA2 states, regulations do not trust
in a software and the uncertainty of the coding inside the software. Similarly, EA1 expressed that the element
of trust will be controlled once the company can contractually assure the data will be protected and this
information will not be misused. On the other hand, E3 advised that trust can be built during the
implementation process and since ML algorithms are not required from the beginning of the implementation
process, the trust-building activities can be executed, first showing people how the system will behave and the
advantages it will bring to the process.

“Regulations will make it difficult for the aerospace industry to apply ML, particularly because this
software, this piece of software you don't really know what is, what they are doing inside, inside of the code,
you don't have certainty. So, these companies that could sell this software and they need find a way to
demonstrate that they can be trusted” — EA2

3.1.8 Other Challenges and interrelations

The experts mention various other challenges which might hinder the adoption of ML based processes in
the UK’s manufacturing sector. All the challenges are classified as first, and second level based on the number
of mentions within the interviews. The consolidated list can be found in table 1.

3.2 Benefits and uses

3.2.1 Value

While EA2 expresses the difficulty to identify the value ML can bring to the UK Aerospace sector, E3
believes that one of the most important added value the UK Aerospace sector could gain is competitive
advantage. The business experts accorded that the UK Aerospace sector relies on dated practices, and the
implementation of ML can improve the processes that will be reflected in the reduction of inventory and the
profit increase. EB1 focused on the value sector could gain if they start to monitor the machinery using ML to
predict machinery failures to avoid breakdowns and production delays. E2 argued the lack of importance
organizations place to the maintenance area, since the principal element on the shop floor is focused on the
production goals. However, when malfunctions occur, it affects the whole supply chain process, with
disruptions in the production process and deliveries. This results in increased costs from the repair and the
delays related fines. With ML and historical data, machine breakdown is preventable. E2 also assured that ML
could identify the machinery health in real-time with the using IoT, identifying the malfunctions’ root cause.
This could reduce costs and optimize processes in general.

“In that kind of thing so think monitoring machines and that will give us more data that then we are
probably run-in conjunction with other data sets our ERP system, for example, and do some kind of
multivariate analysis and that will give a lot of really strong, hopefully, strong correlations that will allow us
to put the resources in the biggest issues” — EA1

Table 1. Consolidated template of challenges to machine learning adoption

Template (Challenges)

First level; Second level

Literature Interviews
Review

Technical Challenges
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Data storage
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Project time

ittt
~

ke

Organisational Challenges
Resistance to change
Workforce acquisition and retention
Investment
Knowledge management
Dynamic environment
Protocols, regulations, legislations
Cultural aspects
Lack of trust
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Company size
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Unethical behaviour
Country classification
Political factors
Generational factors (age)
Proof of concept
Lack of real cases
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Business challenges
Customer expectations X
Green practices X

olte

3.2.2 Upskilling

Some experts agreed that with the implementation of ML and the automatization of processes,
redundancies will become common. However, organizations must consider training people that could oversee
maintaining the solutions, the machinery, and supervising the adequate performance of ML processes.
According to EA1, companies will require people with data science knowledge and, this will drive a new
generation of engineers with good salaries and to provide more opportunities for others.

“There will be some unfortunate losses that will but there will be some games I think they will even out,
eventually we certainly need some sort of ML is coming, people just need to adopt it and we need to retain the
right skills of the people to train machines in the first place” — E1

4. Discussion and conclusion

ML has made significant progress in the last decade and keeps evolving. The innovations it has helped
create in health, education, banking, and manufacturing, to mention some, has transformed work. From the
perspective of the manufacturing sector, the use of ML can lead to process improvement in all the areas of an
organisation. This study focused on the four main areas of the manufacturing process: Production planning
and control, Quality management, Supply Chain Management and Plant Maintenance. This study, focused on
the UK’s aerospace manufacturing sector, with the aim of easing the impact caused by the coronavirus outbreak
with the proposal of adopting ML to optimize processes and increase revenue. Thereby the investigation was
centered to identify the challenges to ML adoption, advantages and uses. The primary challenges identified by
this study are cultural factors, resistance to change, fear due to lack of knowledge and possible redundancies,
legislation, protocols, and trust. Additionally, the investigation has highlighted the interrelations between the
challenges and how they manifest in an organisation.

In the context of benefits and uses, experts marked the value the company could gain with the
implementation of ML. Competitive advantage was mentioned by the experts and the importance to
outperform the competitors; for instance, with the use of ML, the UK Aerospace sector could lead to efficient
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processes with the improvement of the supply chain, the reduction of scrap, quality control, allocation of
resources, among others. Similarly, instead of considering training as a challenge, the experts explained that
training is beneficial for the employees allowing them to upskill and obtain better internal positions, which
will be a solution to the redundancy fears. Similarly, organisations are encouraged to offer incentives and
structured training programs. Business experts agreed that ML can be beneficial for the UK Aerospace sector,
but security concerns must be fulfilled as part of the protocols in organisations. The future of ML is positive,
undoubtedly, as it appears to be a solution which many organisations will utilize.

This study recommends identifying the forces obstructing ML implementation to ease their impact,
focusing on the resistance to change as one of the main forces on this process. Since this study was developed
to identify the business and organizational challenges that companies could face during the implementation of
ML, the technical challenges are mostly around data quality, compatibility of systems, algorithm approach,
project time and data storage etc. It is important for future research to follow this direction to measure the
importance of the impact that the implementation can cause and develop a strategic plan, contributing to
literature in this field. Also, since the number of organisations implementing ML based manufacturing process
in the aerospace industry is relatively low, further research needs to be conducted to observe consistency in
findings, thereby allowing standardized frameworks for ML implementation.

5. References

[1] Haricha, K., Khiat, A., Issaoui, Y., Bahnasse, A., & Ouajji, H. (2020). Towards smart manufacturing: Implementation and
benefits. Procedia Computer Science, 177, 639-644.

[2] Blevins,J., & Yang, G. (2020). Machine learning enabled advanced manufacturing in nuclear engineering applications.
Nuclear Engineering and Design, 367(March), 110817. https://doi.org/10.1016/j.nucengdes.2020.110817

[3] Talabis, M. R. M., McPherson, R., Miyamoto, I., Martin, J. L., & Kaye, D. (2015). Analytics Defined. In Information Security
Analytics (pp. 1-12). https://doi.org/10.1016/b978-0-12-800207-0.00001-0

[4] Dogan, A., & Birant, D. (2021). Machine learning and data mining in manufacturing. Expert Systems with Applications,
166(February 2019), 114060. https://doi.org/10.1016/j.eswa.2020.114060

[S] Zonta, T., da Costa, C. A., da Rosa Righi, R., de Lima, M. J., da Trindade, E. S., & Li, G. P. (2020). Predictive maintenance in
the Industry 4.0: A systematic literature review. Computers and Industrial Engineering, 150(April 2019), 106889.
https://doi.org/10.1016/j.cie.2020.106889

[6] Hogsden, M. (2020, August 10). Impact of COVID-19 on skills in Aerospace. ADS Group.
https://www.adsgroup.org.uk/blog/impact-of-covid-19-on-skills-in-aerospace/

[71 BBC News. (2020, September 19). Coronavirus: Devolved leaders urge PM to help aerospace sector - BBC News. BBC News.
https://www.bbc.co.uk/news/business-54208170

[8] Ahmad, T., Zhang, D., Huang, C., Zhang, H., Dai, N., Song, Y., & Chen, H. (2021). Artificial intelligence in sustainable
energy industry: Status Quo, challenges and opportunities. Journal of Cleaner Production, 289, 125834.
https://doi.org/10.1016/j.jclepro.2021.125834

[91] Bertolini, M., Mezzogori, D., Neroni, M., & Zammori, F. (2021). Machine Learning for industrial applications : A
comprehensive literature review. Expert Systems With Applications, 175(March), 114820.
https://doi.org/10.1016/j.eswa.2021.114820

[10] Jordan, M. I., & Mitchell, T. M. (2015). Machine learning: Trends, perspectives, and prospects. Science, 349(6245), 255-260.

[11] Li, Yawen, Jiang, W., Yang, L., & Wu, T. (2018). On neural networks and learning systems for business computing.
Neurocomputing, 275, 1150-1159. https://doi.org/10.1016/j.neucom.2017.09.054

[12] Kirsch, D., & Hurwitz, J. (2018). Machine Learning. In IBM. John Wiley & Sons, Inc.

[13] Amruthnath, N., & Gupta, T. (2018). Fault class prediction in unsupervised learning using model-based clustering approach.
2018 International Conference on Information and Computer Technologies, ICICT 2018, 5-12.
https://doi.org/10.1109/INFOCT.2018.8356831

[14] Oluyisola, O. E., Sgarbossa, F., & Strandhagen, J. O. (2020). Smart production planning and control: Concept, use-cases and

273


https://doi.org/10.1016/j.nucengdes.2020.110817
https://doi.org/10.1016/b978-0-12-800207-0.00001-0
https://doi.org/10.1016/j.eswa.2020.114060
https://doi.org/10.1016/j.cie.2020.106889
https://www.adsgroup.org.uk/blog/impact-of-covid-19-on-skills-in-aerospace/
https://www.bbc.co.uk/news/business-54208170
https://doi.org/10.1016/j.jclepro.2021.125834
https://doi.org/10.1016/j.eswa.2021.114820
https://doi.org/10.1016/j.neucom.2017.09.054
https://doi.org/10.1109/INFOCT.2018.8356831

[16]

[18]

[19]

[20]

(21]

[29]

(30]

(31]

sustainability implications. Sustainability (Switzerland), 12(9). https://doi.org/10.3390/su12093791
Zhang, X., Kano, M., Tani, M., Mori, J., Ise, J., & Harada, K. (2020). Prediction and causal analysis of defects in steel

products: Handling nonnegative and highly overdispersed count data. Control Engineering Practice, 95(November 2019),
104258. https://doi.org/10.1016/j.conengprac.2019.104258

Ferreira, R. D. S. B., Sabbaghi, A., & Huang, Q. (2020). Automated Geometric Shape Deviation Modeling for Additive
Manufacturing Systems via Bayesian Neural Networks. IEEE Transactions on Automation Science and Engineering, 17(2),
584-598. https://doi.org/10.1109/TASE.2019.2936821

Ko, T., Hyuk Lee, J., Cho, H., Cho, S., Lee, W., & Lee, M. (2017). Machine learning-based anomaly detection via integration
of manufacturing, inspection and after-sales service data. Industrial Management and Data Systems, 117(5), 927-945.
https://doi.org/10.1108/IMDS-06-2016-0195

Cho, E., Jun, J. H., Chang, T. W., & Choi, Y. (2020). Quality prediction modeling of plastic extrusion process. ICIC Express
Letters, Part B: Applications, 11(5), 447-452. https://doi.org/10.24507/icicelb.11.05.447

Forero-Ramirez, J. C., Restrepo-Giréon, A. D., & Nope-Rodriguez, S. E. (2019). Detection of Internal Defects in Carbon Fiber
Reinforced Plastic Slabs Using Background Thermal Compensation by Filtering and Support Vector Machines. Journal of
Nondestructive Evaluation, 38(1), 1-11. https://doi.org/10.1007/s10921-019-0569-6

Munirathinam, S., & Ramadoss, B. (2016). Predictive Models for Equipment Fault Detection in the Semiconductor
Manufacturing Process. International Journal of Engineering and Technology, 8(4), 273-285.
https://doi.org/10.7763/1jet.2016.v8.898

Tootooni, M. S., Dsouza, A., Donovan, R., Rao, P. K., Kong, Z. J., & Borgesen, P. (2017). Classifying the Dimensional
Variation in Additive Manufactured Parts from Laser-Scanned Three-Dimensional Point Cloud Data Using Machine Learning

Approaches. Journal of Manufacturing Science and Engineering, Transactions of the ASME, 139(9), 1-14.
https://doi.org/10.1115/1.4036641

Zidek, K., Maxim, V., Pitel, J., & Hosovsky, A. (2016). Embedded vision equipment of industrial robot for inline detection of
product errors by clustering — classification algorithms. October, 1-10. https://doi.org/10.1177/1729881416664901

Shah, K., Ripon, N., Glette, K., & Torresen, J. (2010). A Genetic Algorithm to Find Pareto-optimal Solutions for the Dynamic
Facility Layout Problem with Multiple Objectives A Genetic Algorithm to Find Pareto-optimal Solutions for the Dynamic
Facility Layout Problem with Multiple. Neural Information Processing. Theory and Algorithms. ICONIP 2010., 6443, 20-22.
https://doi.org/10.1007/978-3-642-17537-4 78
Lu, . C. C. (2017). Sales forecasting by combining clustering and machine-learning techniques for computer retailing. Neural
Computing and Applications, 28(9), 2633-2647. https://doi.org/10.1007/s00521-016-2215-x
Rostami, H., Blue, J., & Yugma, C. (2016). Equipment condition diagnosis and fault fingerprint extraction in semiconductor
manufacturing. 15th IEEE International Conference on Machine Learning and Applications, 534—539.
https://doi.org/10.1109/ICMLA.2016.90
Morariu, C., Morariu, O., Raileanu, S., & Borangiu, T. (2020). Machine learning for predictive scheduling and resource
allocation in large scale manufacturing systems. Computers in Industry, 120. https://doi.org/10.1016/j.compind.2020.103244
Aissani, N., Bekrar, A., & Trentesaux, D. (2012). Dynamic scheduling for multi-site. Journal of Intelligent Manufacturing,
23(6), 2513-2529. https://doi.org/10.1007/s10845-011-0580-y
Hammami, Z., Mouelhi, W., & Ben, L. (2017). On-line self-adaptive framework for tailoring a neural-agent learning model
addressing dynamic real-time scheduling problems. Journal of Manufacturing Systems, 45, 97-108.
https://doi.org/10.1016/j.jmsy.2017.08.003
Palombarini, J., & Martinez, E. (2012). Expert Systems with Applications SmartGantt — An intelligent system for real time
rescheduling based on relational reinforcement learning. Expert Systems With Applications, 39(11), 10251-10268.
https://doi.org/10.1016/j.eswa.2012.02.176
Shiue, Y., Lee, K., & Su, C. (2018). Computers & Industrial Engineering Real-time scheduling for a smart factory using a
reinforcement learning approach. Computers & Industrial Engineering, 125(101), 604-614.
https://doi.org/10.1016/j.cie.2018.03.039

Doltsinis, S., Ferreira, P., & Lohse, N. (2014). An MDP model-based reinforcement learning approach for production station

274


https://doi.org/10.3390/su12093791
https://doi.org/10.1016/j.conengprac.2019.104258
https://doi.org/10.1109/TASE.2019.2936821
https://doi.org/10.1108/IMDS-06-2016-0195
https://doi.org/10.24507/icicelb.11.05.447
https://doi.org/10.1007/s10921-019-0569-6
https://doi.org/10.7763/ijet.2016.v8.898
https://doi.org/10.1115/1.4036641
https://doi.org/10.1177/1729881416664901
https://doi.org/10.1007/978-3-642-17537-4_78
https://doi.org/10.1007/s00521-016-2215-x
https://doi.org/10.1109/ICMLA.2016.90
https://doi.org/10.1016/j.compind.2020.103244
https://doi.org/10.1007/s10845-011-0580-y
https://doi.org/10.1016/j.jmsy.2017.08.003
https://doi.org/10.1016/j.eswa.2012.02.176
https://doi.org/10.1016/j.cie.2018.03.039

[38]

[39]

[40]

[41]

(44]

[43]

[46]

[47]

(48]

ramp-up optimization: Q-learning analysis. IEEE Transactions on Systems, Man, and Cybernetics: Systems, 44(9), 1125-1138.
https://doi.org/10.1109/TSMC.2013.2294155

Feng, J., Xiang, R., & Xie, Y. (2020). Fault diagnosis of rotating machinery based on deep learning. ACM International
Conference Proceeding Series, 388-392. https://doi.org/10.1145/3434581.3434730

Ren, L., Sun, Y., Cui, J., & Zhang, L. (2018). Bearing remaining useful life prediction based on deep autoencoder and deep
neural networks. Journal of Manufacturing Systems, 48(April), 71-77. https://doi.org/10.1016/j.jmsy.2018.04.008

Huang, J., Chang, Q., & Arinez, J. (2020). Product Completion Time Prediction Using A Hybrid Approach Combining Deep
Learning and System Model. Journal of Manufacturing Systems, 57(September), 311-322.
https://doi.org/10.1016/j.jmsy.2020.10.006

Gros, T. P., GroB, J., & Wolf, V. (2020). Real-time decision making for a car manufacturing using deep reinforcement
learning. 2020 Winter Simulation Conference (WSC), 3032—3044. https://doi.org/10.1109/WSC48552.2020.9383884

46. Wuest, T., Weimer, D, Irgens, C., & Thoben, K. D. (2016). Machine learning in manufacturing: Advantages, challenges,
and applications. Production and Manufacturing Research, 4(1), 23—45. https://doi.org/10.1080/21693277.2016.1192517
Kaluza, A., Juraschek, M., Neef, B., Pittschellis, R., Posselt, G., Thiede, S., & Herrmann, C. (2015). Designing learning
environments for energy efficiency through model scale production processes. Procedia CIRP, 32(Clf), 41-46.
https://doi.org/10.1016/j.procir.2015.02.114

Kamsu-foguem, B., Rigal, F., & Mauget, F. (2013). Expert Systems with Applications Mining association rules for the quality
improvement of the production process. Expert Systems With Applications, 40(4), 1034-1045.
https://doi.org/10.1016/j.eswa.2012.08.039

Arif, F., Suryana, N., & Hussin, B. (2013). A Data Mining Approach for Developing Quality Prediction Model in Multi-Stage
Manufacturing. International Journal of Computer Applications, 69(22), 35—40. https://doi.org/10.5120/12106-8375

Cocca, P., Marciano, F., Rossi, D., & Alberti, M. (2018). Business Software Offer for Industry 4.0: the SAP case. IFAC-
PapersOnLine, 51(11), 1200-1205. https://doi.org/10.1016/j.ifacol.2018.08.427

Beutel, A., & Minner, S. (2012). Safety stock planning under causal demand forecasting. Intern. Journal of Production
Economics, 140(2), 637-645. https://doi.org/10.1016/j.ijpe.2011.04.017

Mohamed-iliasse, M., & Mohammadia, E. (2020). Is Machine Learning Revolutionizing Supply. International Conference on
Logistics Operations Management (GOL, 1-10. https://doi.org//10.1109/GOL49479.2020.9314713

Shap, M. (2017). Observations on developing reliability information utilization in a manufacturing environment with case
study: robotic arm manipulators. The International Journal of Advanced Manufacturing Technology, 7(1), 1-3.
https://doi.org/10.1016/j.addma.2018.10.030

Schmitt, J., Bonig, J., Borggréfe, T., Beitinger, G., & Deuse, J. (2020). Predictive model-based quality inspection using
Machine Learning and Edge Cloud Computing. Advanced Engineering Informatics, 45(May), 101101.
https://doi.org/10.1016/j.2¢1.2020.101101

Diez-Olivan, A., Del Ser, J., Galar, D., & Sierra, B. (2019). Data fusion and machine learning for industrial prognosis: Trends
and perspectives towards Industry 4.0. Information Fusion, 50(July 2018), 92—111. https://doi.org/10.1016/j.inffus.2018.10.005
Drobot, A. T. (2020). Industrial Transformation and the Digital Revolution: A Focus on Artificial Intelligence, Data Science
and Data Engineering. 2020 ITU Kaleidoscope: Industry-Driven Digital Transformation, ITU K 2020.
https://doi.org/10.23919/ITUK50268.2020.9303221

Ferrer, B. R., Mohammed, W. M., Martinez Lastra, J. L., Villalonga, A., Beruvides, G., Castano, F., & Haber, R. E. (2018).
Towards the Adoption of Cyber-Physical Systems of Systems Paradigm in Smart Manufacturing Environments. Proceedings -
IEEE 16th International Conference on Industrial Informatics, INDIN 2018, 792-799.
https://doi.org/10.1109/INDIN.2018.8472061

Wan, J., Li, X., Dai, H. N., Kusiak, A., Martinez-Garcia, M., & Li, D. (2020). Artificial-Intelligence-Driven Customized
Manufacturing Factory: Key Technologies, Applications, and Challenges. Proceedings of the IEEE, 1-22.
https://doi.org/10.1109/JPROC.2020.3034808

McClean, T. (2020, August 28). Are Robots Eating Our Jobs? Not According To Al. Forbes Technology Council.
https://www.forbes.com/sites/forbestechcouncil/2020/08/28/are-robots-eating-our-jobs-not-according-to-ai/?sh=4062ece920a6

275


https://doi.org/10.1109/TSMC.2013.2294155
https://doi.org/10.1145/3434581.3434730
https://doi.org/10.1016/j.jmsy.2018.04.008
https://doi.org/10.1016/j.jmsy.2020.10.006
https://doi.org/10.1109/WSC48552.2020.9383884
https://doi.org/10.1080/21693277.2016.1192517
https://doi.org/10.1016/j.procir.2015.02.114
https://doi.org/10.1016/j.eswa.2012.08.039
https://doi.org/10.5120/12106-8375
https://doi.org/10.1016/j.ifacol.2018.08.427
https://doi.org/10.1016/j.ijpe.2011.04.017
https://doi.org/10.1109/GOL49479.2020.9314713
https://doi.org/10.1016/j.addma.2018.10.030
https://doi.org/10.1016/j.aei.2020.101101
https://doi.org/10.1016/j.inffus.2018.10.005
https://doi.org/10.23919/ITUK50268.2020.9303221
https://doi.org/10.1109/INDIN.2018.8472061
https://doi.org/10.1109/JPROC.2020.3034808
https://www.forbes.com/sites/forbestechcouncil/2020/08/28/are-robots-eating-our-jobs-not-according-to-ai/?sh=4062ece920a6

[50] Schuh, G., Anderl, R., Dumitrescu, R., Kriiger, A., & Hompel, M. (2020). Industrie 4.0 Maturity Index. Managing the Digital

[51]

[54]

[55]
[56]
[57]
[58]
[59]
[60]

Transformation of Companies. In Herbert Utz Verlag (Ed.), Managing the Digital Transformation of Companies.

Gallagher, C. V., Leahy, K., O’Donovan, P., Bruton, K., & O’Sullivan, D. T. J. (2019). IntelliMaV: A cloud computing
measurement and verification 2.0 application for automated, near real-time energy savings quantification and performance
deviation detection. Energy and Buildings, 185(2019), 26-38. https://doi.org/10.1016/j.enbuild.2018.12.034

Lenz, J., Wuest, T., & Westkdmper, E. (2018). Holistic approach to machine tool data analytics. Journal of Manufacturing
Systems, 48, 180—191. https://doi.org/10.1016/j.jmsy.2018.03.003

Chen, P., Cuzzocrea, A., Du, X., Kara, O., Liu, T., Slezak, D., Yang, X., Diniz, S., Barbosa, J., Filipe, J., Kotenko, I.,
Sivalingam, K. M., Yuan, J., & Zhou, L. (2018). Knowledge Management in Organizations. In Communications in Computer

and Information Science (Vol. 877).

Brintrup, A., Pak, J., Ratiney, D., Pearce, T., Wichmann, P., Woodall, P., & McFarlane, D. (2020). Supply chain data analytics
for predicting supplier disruptions: a case study in complex asset manufacturing. International Journal of Production Research,
58(11), 3330-3341. https://doi.org/10.1080/00207543.2019.1685705

Saunders, M., Lewis, P., & Thornhill, A. (2009). Reserach Method for Business Students Fi Fth Edition.

Yin, R. K. (2018). Case study research and applications: Design and Methods (6th ed.). SAGE Publications.
Robson, C. (2005). Real world research (Second Edi). Blackwell publishing.

Bell, E., Bryman, A., & Harley, B. (2019). Business Research Methods. In Oxford University Press (Fifth Edit).
Lincoln, Y. S., & Guba, E. G. (1985). Naturalistic Inquiry. In Newbury Park. SAGE Publications.

King, N. (2004). Using Templates in the Thematic Analysis of Text. In C. Cassell & G. Symon (Eds.), Essential Guide to
Qualitative Methods in Organizational Research (pp. 256-270). SAGE Publications.

276


https://doi.org/10.1016/j.enbuild.2018.12.034
https://doi.org/10.1016/j.jmsy.2018.03.003
https://doi.org/10.1080/00207543.2019.1685705

	6-4-JK2035



