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Abstract
Machine learning can offer manufacturing facilities a versatile tool that can process vast amounts of information and assist in optimising production throughput and capacities. The production planning department at ZB Bridgend can make use of a planning ML to quickly generate a number production plans that best utilises all available cell capacities, labour, and raw materials to meet demand schedules. The use of machine learning to simplify what is currently a difficult and labour-intensive task can help reduce stress members of the planning team may endure during the creation of production plans while reducing any potential errors that may negatively impact manufacturing.
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[bookmark: _Toc115261303]Introduction
Production planning at ZB Bridgend can be a difficult task even under ideal conditions due to inaccurate production cell capacities, unplanned breakdowns and a constantly changing demand requirement. A team of production planners manually generate production plans that are often revised multiple times before releasing production orders to the shopfloor. Despite the planners’ best efforts, they cannot maximise production orders due to the ever-changing nature of the production cells with varying scrap levels and available labour impacting total production capacity. This task is made more difficult in the event of unexpected machine breakdowns. One 10-axis CNC machine breakdown can push production behind by up to three weeks.
By utilising real time throughput and quality information from the shopfloor, it would be possible to use machine learning to create a planning ML network that not only aids in the planning process but also optimises production throughput. In manufacturing, a paradigm shift is happening right now. Advances in Big data and Machine Learning (ML) is changing the traditional manufacturing era into the smart manufacturing era of Industry 4.0 (I4.0). This paradigm shift is creating new opportunities (Rai, et al., 2021). The use of machine learning can, in time, help in generating a safety margin where in the total cell capacity exceeds that of the required production requirements, while gathering and analysing production data for engineering and support functions.
[bookmark: _Toc115261304]What is Machine Learning?
Humans can learn and get better at tasks, not only from trial and error but also gathering and interpreting data. Traditionally, software operated from a strict set of given instructions and the outcomes would be based purely on the information given to said software. It would be very limited in its flexibility. Recent improvements in computing power and the expansion of digital processes have resulted in vast amounts of data points for even the most mundane of tasks, which in turn has opened the world to Machine Learning. Algorithms which make up Machine Learning are now able to learn like a human would, resulting in a form of artificial intelligence.
Machine learning, which is the subset of artificial intelligence can make the machine to learn automatically from the past information without programming explicitly. The ability to duplicate human intelligence and understand every aspect of a given conundrum through experience makes machine learning an ineluctable process in artificial intelligence (Paturi & Cheruku, 2021). At its heart, machine learning is a statistical tool that can analyse vast amounts of data and depending on the design of the network, can identify and classify images, provide input for self-driving cars, solve scientific problems, or learn to play and ultimately, beat a human at checkers. Machine learning, together with deep learning, allows a program to learn outside of its programmed functions and improve its performance over time.
This is achieved by teaching the machine learning algorithm how to behave and react to given data rather than hard-coding set conditions and reactions. While machine learning is just an algorithm, albeit a complex one, it grants the machine or software a level of perceived artificial intelligence that allows the software to interpret fuzzy logic and generate accurate outputs. Machine learning algorithms are not hardcoded in the way a traditional program might be. Instead, the algorithms are taught by feeding them data. The data that can be used to teach a machine learning algorithm can be input-output pairs or just inputs, though this will depend on the type of machine learning algorithm being trained. There are three types of Machine Learning algorithms:
· Supervised
· Unsupervised
· Reinforcement
These different algorithms are taught in different ways and will have different uses from detecting a friends face in an image, to detecting fraudulent activity in banking.
[bookmark: _Toc115261305]Supervised Machine Learning
Supervised machine learning is as the name suggests. There is a requirement that a supervisor or teacher is present to oversee the outputs and retrain the ML. A key part of supervised machine learning is that all training data is already identified or labelled and taught to the ML. Once complete, the ML will receive a new set of data. The ML will then analyse this new data and the training data to produce the correct outputs. This is highly dependent on the training data provided to the ML already having correct answers labelled to certain data. The advantages of supervised machine learning are that the experience of the trainer can be included early in the training process. Not only will the ML benefit from the trainer’s experience, but it will also learn from its own previous experience. However, classifying the data can be challenging particularly if there is a lot of data to gather and categorise. Training the ML can also be time consuming with the ML continually learning and relearning, computational times can be long. 
[bookmark: _Toc115261306]Unsupervised Machine Learning
Unsupervised machine learning trains an ML using information that isn’t categorised or labelled. The ML must act on the given data, of its own accord with the end goal of the ML being able to group and sort the information from patterns and similarities within the data that it can detect. This type of ML is often used for image recognition and is typically more complex than supervised machine learning but can be less accurate due to the lack of training. However, this type of ML is better suited to processing real-time data and be very useful for categorising large amounts of data for further analysis by more competent systems.
[bookmark: _Toc115261307]Reinforcement Machine Learning
Reinforcement machine learning works by rewarding the ML when the correct output is reached. Just like unsupervised training, no prior training information is given to the ML. Instead, the reinforcement agent decides the best way to go about completing a task. The ML will return an output and the user will decide whether to reward or punish the ML. An example of this would be using a Satnav for directions. If an appropriate route is displayed, then the user accepts this. This would act as the reward for the ML. Instructing the Satnav to recalculate would be the punishment for the ML and prompt it to generate a different output. This type of ML model continues to learn and generates outputs based on the possible maximum reward it may receive.
[bookmark: _Toc115261308]Machine Learning Networks
Machine learning network consists of at least three separate layers:
· Input Layer
· Hidden Layer(s)
· Output Layer
Each node in a layer is called a neuron. The number of neurons can vary from layer to layer. Each neuron from one layer is connected to every neuron in the following layer, as shown below.
Hidden Layers
Input
Multiple Outputs

Fig 1: Example of a Machine Learning Network
Each neuron is connected using strands and consists of numerical data. The neurons process the input data through the strands which have a given formula that alters the data received by the following neuron to give an output in a similar way to a PID controller. However, there can be more than one input for a network as well as more than one output. This is where it differs from a PID controller. A PID controller will take an input, generate an output, feed that output back into the system together with a new input and generate a new output, and so on. This makes PID controllers very good for controlling heaters and pumps where the PID can stabilise the system response and reduce under damping of the input signals. Machine learning networks can do this but are able to consider multiple input data and give multiple outputs. A simple example of a network in Fig 1 could be used for a simple guided robot where the outputs can be either forward, back or turn.
[bookmark: _Toc115261309]Machine Learning in Production
Day to day manufacturing at ZB Bridgend involves many decisions based on a great deal of gathered information. This information varies from the number of batches processed through a given wash line, to the number of abrasive belts used in a manufacturing cell. Every data point gathered is done so to ensure that manufacturing is as optimised as possible. While the management teams can process this data and ensure that manufacturing throughput is as high as possible, there are gaps that have led to areas of production being less efficient as they could be. This is no surprise given the information required to manage throughput and generate production plans.
Machine learning can be used to assist in not only processing the collected data but also in decision making.
Production planning is responsible for scheduling the demand from the corporate planners and marketing teams into monthly and weekly production targets. Production schedules are produced in advanced with a basic annual production demand planned and loaded into the company MRP system 12 months in advance. A major problem comes from the unreliable demand figures from the corporate planners. The demand profiles given to the planner at ZB Bridgend can and often do, change daily. This has limited the planners to only be able to plan a single week in advance.
The creation of these production plans considers the available production capacity in each cell, available raw materials, manning levels, and manufacturing equipment availability. The limiting factor that the planners face is due to the way that the MRP system displays the available manufacturing capacity. production capacity is based on the average lead time of each component produced within a given area of the shopfloor. The result of this often leads to order backlogs for larger sized components with longer cycle times, and idle machinery when producing smaller components with lower cycle times. Optimising throughput is currently a time and labour-intensive process where a team of five planners create a production plan that considers raw material and packaging availability, as well as any planned maintenance downtime. This plan is then taken to a weekly meeting in which senior management and engineering functions vie for machine time as part of engineering improvements, production validation work and new product introductions. The result of these meetings often leads to the planners needing to completely revise the production plan.
This task is made more difficult in the event of unexpected machine breakdowns. A single 10-axis CNC machine accounts for 25% of the total cell capacity for certain products and a weeklong breakdown can push production behind by up to three weeks.
Machine learning would be able to quickly process demand profiles and present the planners with multiple plans in a fraction of the time a planner could complete the task. A very common challenge of ML application in manufacturing is the acquisition of relevant data. This is also a limitation as the availability, quality, and composition (e.g. are meta-data included? are data labeled?) of the manufacturing data at hand have a strong influence on the performance of ML algorithms (Wuest, et al., 2016)
To make better use of machine learning, there would need to be some potentially significant alterations to the manufacturing equipment and the way that the company’s MRP system is used.
[bookmark: _Toc115261311]Production Demand Data
Demand profiles and forecasts are downloaded directly into the company MRP system. Currently, the planners use the inbuilt tools to develop production plans. This limits the planners to only work from the averaged production capacities calculated by the MRP system. If machine learning was to be used in assisting the planners, this demand would need to be downloaded directly from the MRP system and used as an input for the ML network. The demand is ultimately the target that needs to be achieved but factors such as available capacity would limit this. Machine learning would be able to quickly process demand profiles and present the planners with multiple plans in a fraction of the time a planner could complete the task and clearly display the available demand based on production restrictions. Should the output demand be less than the input demand, the ML could then increase the demand for the following plan. This cycle can be repeated, and the ML could give projections on when the actual demand is likely to be met. This would allow warehousing and sales teams to give more detailed delivery times to customers.
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Fig 2: Example of a planning ML process

Once all information has been entered and the plans submitted and approved. The planners can then upload the new plans to the MRP system. This is currently standard practise with regards to the production plans as all paperwork is issued via the MRP system.
[bookmark: _Toc115261312]Gathering Machine Idle Data
A correct accounting of total cell capacities will be vital to the success of not only ML generated production plans, but production planning in general. Each piece of manufacturing equipment currently in use in production at ZB Bridgend is capable of recording and displaying total utilisation. This can be broken down into run time, idle time, and break downs. Collating this data will give a real time indication of the total capacity of a given piece of equipment or the cell in total. Feeding this information into a ML network would allow the planner to make use of more hidden capacity than they would have normally. This information would become more accurate as the ML network learns more during its training. Gathering accurate capacity data would be perhaps the most important part of implementing an ML network.
Making machines, devices and systems connected is the most fundamental step for an IoT application implementation. An efficient and scalable data processing infrastructure is required to use the data streaming continuously and instantly from the sensors placed in the factory in decision making processes. The connectivity of devices in existing production environments can be established by adding sensors to the machines, controllers and installing gateway devices for communication (Ayvaz & Koray, 2021).
[bookmark: _Toc115261313]Generating Raw Material Requirement Data
The demand profile in the MRP system lists out the quantities required for each individual SKU currently in production at the ZB Bridgend site. The manufacturing routes and bill of materials are also stored in the same MRP systems. It would be possible to cross reference the SKU requirements and generate a list of required raw materials. The ML network could use this data as an input to generate purchase orders ahead of time. Lead times can be accounted for by only issuing SKU’s that have sufficient raw materials for manufacturing.
[bookmark: _Toc115261314]Workforce Availability Data
Manning levels are critical to achieving the full potential throughput capabilities of a manufacturing cell and is a key input in determining production plans. Issuing a higher number of a given SKU to production can cause backlogs and increased WIP if there is not enough labour to process the demand.
Production management has a daily list of available labour thanks to the attendance and time keeping system being digital. This information can be fed into the ML network and used to ultimately judge the capacities of a given cell. Another output from the ML network could also be a map detailing the distribution of the available workforce for a given shift or week.
[bookmark: _Toc115261315]Future Developments
The data processing and statistical power of an ML can be expanded to more areas of production at ZB Bridgend. 
[bookmark: _Toc115261316]Process Improvement
The prescriptive analytics power of ML techniques can augment the manufacturing employees’ effort to select the optimal set of parameters related to a given manufacturing process, hence enabling manufacturing process improvement and optimisation (Rai, et al., 2021). Just as ML can be an effective tool for production planning, it can also be used for process improvements. Large amounts of data can be analysed very quickly and assist production and manufacturing engineers in gaining higher efficiencies and lower production costs. Tooling life can be automatically gathered and broken down to the number of required tools per batch of a given size. Where larger products may need more tools due to the higher material removal required, and vice versa. This information can then be fed into the planning ML to improve the materials ordering ability further and potentially amplifying the overall effectiveness of the shopfloor. Dogan and Birant wrote in their article for the journal, Expert Systems with Applications, Machine learning is generally more efficient than traditional mathematical and statistical models in manufacturing since they remain incapable of understanding complex relations among features of data samples and predicting unknown feature values for a new sample. Because of this situation, ML techniques that are applied in a wide range of scientific disciplines have also been used in the manufacturing field during recent years (Dogan & Birant, 2021). 
[bookmark: _Toc115261317]Quality Level Tracking and Preventive Maintenance
Many CNC machines have touch probes in the available tooling. These touch probes together with the often-installed probing cycles can perform inspections on machined features without the need of an external CMM. These probing cycles and methods can be used to generate on-machine process capability index data (PCI) and can be exported in a similar way to the machine idle time information. This data can then be tracked by either the planning ML or another system and monitored. The higher the PCI then the less likely the scrap will be when running production through a given machine. The planning ML will be able to factor this input into its capacities and raw materials calculations to make better use of more capable machines and equipment. The monitoring of PCI also has another use. Should a PCI on a particular machine start trending down then it may indicate a potential or impending breakdown. This can be flagged to the engineering and maintenance teams to investigate all the while feeding the data into the planning ML. The ML should then be able to account for downtimes or slowly increasing scrap rates and adjust plans and material orders accordingly all to minimise disruption and maximise throughput.
[bookmark: _Toc115261318]Conclusion
Implementing machine learning for the creation of production plans offers the senior management teams at ZB Bridgend a quick and effective tool to aid in the successful running of the facility. While there would be a fair amount of upfront work to identify and gather the required data necessary to creating an effective ML network, the long-term benefits would far outweigh this effort. Production throughput and capacities can be managed effectively and over time improved with reduced effort from team members thanks to the work and data analysis that a planning ML would provide. Future developments such as PCI tracking will only serve to improve the facilities output and help reduce operational costs significantly while seamlessly managing the supply chain. A planning ML may also have the effect of lowering stress on members of the planning teams and the senior management who often work over their contracted hours to ensure that the facility operates effectively. With a planning ML taking on the burden, team members will be able to enjoy more time away from work and with families and loved ones, improving their overall quality of life.
The wider adoption of machine learning can have a negative impact not just on ZB Bridgend but the wider communities. In a discussion paper published in 2018 by the McKinsey Global Institute, Risks associated with AI are becoming an increasingly important area of research, especially (but not exclusively) in the field of ethics applied to AI. AI’s tools and techniques can be misused by authorities and others with access to them, and principles for their use will need to be established. Machine learning and artificial intelligence has the potential to harm individuals and their communities if not properly managed. 
[bookmark: _Toc115261319]Job Loses, Community Impact and Education
The current production planning team consists of five team members:
· Senior Production Planner-Responsible for liaising between the corporate End-2-End planners and has oversight of yearly, monthly, and weekly demand profiles
· 3 Production planners-Each planner is responsible for creating and managing the production schedules for one of the 3 main manufacturing cells. Each planner will create a monthly plan for their respective cell and generate raw material requirements
· Production Buyer-The production buyer is responsible for collating, purchasing, and managing the required raw material for a given production schedule. This will often be done ahead of time for a given production schedule so that materials are ready when issuing orders. The buyer will feedback the expected delivery lead times to the production planners and schedules altered accordingly if required.
Machine learning algorithms will be able to process all these tasks with relative ease and over time, with fewer mistakes. It would be possible that once an algorithm has sufficient training that only the senior planner would be required to approve, or correct a given schedule. In this case, the team would face an 80% reduction in head count. Typically, when a situation such as this occurs in manufacturing, the spare labour can be redeployed to other areas of production. However, in the case of the planners, they do not hold any manufacturing skills. Redeploying the four redundant members of planning would require a move into a more specialised administrative roll within the ZB Bridgend site. The likelihood though, is that the members would be laid off and subsequently leave the business.
This scenario is limited only to a single department in one site, but this effect can be multiplied as more companies implement machine learning more and more into their daily operations. The ultimate result could well be that a significant number of able bodied and skilled and knowledgeable workers will be forced out of work. This can have an impact on local communities. With less wealth circulating in a community, it can quickly become run-down. This, in turn, can go on to impact the younger generation who may not want or be able to get employment in areas dominated by forever learning, forever improving algorithms. I4.0 has the potential of creating a proportion of the labour market that will be unemployable. As has been the case during former technological revolutions, -the presumption is that Industry 4.0 will make a large share of the workforce obsolete (Mokyr, et al., 2015). 
Due to the high rate of change in digital technologies and the integration into manufacturing systems: substantial and continual upskilling will be needed. Technological change does not usually remain neutral with reference to skills demand (Acemoglu, 2002). With machine learning becoming more common and newer developments improving their effectiveness, it will inevitably make some traditional jobs obsolete. This will likely lead to a shakeup of the education system. In 2017, Deloitte Access Economics predicted that occupations requiring soft skills will account for two thirds of all jobs by the year 2030. While the requirement for skills and knowledge in technology and manufacturing will still be needed, there will still be an increasing need for the work force to hold far more soft skills than it has in previous generations. 
[bookmark: _Toc115261320]Overreliance on Machine Learning and Deskilling
With a machine learning algorithm creating production plans and coordinating the supply chain it can be very easy to become reliant on the system. This can potentially have a massive negative effect on production should the algorithm malfunction. With a trained and experienced production planner overseeing the system, errors could be caught before being transferred to the shopfloor. However, if the planning team has become complacent and over reliant on the system, this error could go unchecked and either over or under load a production cell. The system could also vastly over order raw materials resulting in the site holding a high value of stock longer than it would typically like. The opposite is also possible. A system running a machine learning algorithm could also order too few materials and delay production. The probability of these scenarios is non-zero and as a result, a skilled and alert production planning team should still be consulted before any plan generated via machine learning is approved. The use of reinforcement or supervised training would help the system avoid these errors in the future and as time goes on these errors would reduce in frequency, but it would only take a single bad plan to negatively impact production. As a result, a machine learning planning system would be better thought of as a tool to aid the planners, rather than an automated solution to replace the whole team.
However, as the planning ML becomes more and more capable, and these errors become fewer and fewer, it would result in the planning team having to correct fewer and fewer production plans. The expertise of the ML could result in deskilling the job. While this potentially opens the role for more people, it will not grant them the skills to effectively produce production plans should the planning ML be removed or go offline for any given amount of time. This can be true for other job roles, industries, and sectors. Machine learning is being used increasingly in medical diagnosis and treatments and in policing. The issue of deskilling matters because automation is already part of ordinary policing. Many police departments around the United States use tools that rely on artificial intelligence, such as automatic license plate readers and predictive policing software. Robots will also likely play a role in policing just as it will in other employment contexts. This means that increasing automation will replace some traditional policing altogether. As a result, police officers will face a deskilling: the prospect of losing some of the core skills we associate with policing (Joh, 2019).
This is a large risk in that new medical professionals and police offers may be trained to a lower standard with machine learning expected to make up the difference. This would work in some instances while older and more experienced team members are still in employment. The danger comes when these team members retire, taking their knowledge and experience with them. This would leave the younger, possibly less experienced work force in charge and they would be responsible for correcting and training ML networks. This has the potential to negatively affect the ML network and in turn, deskill it.
[bookmark: _Toc115261321]Final Thoughts
The advent of machine learning has had a profound effect on the world. It touches all our lives without us even realising. From movie and song recommendations to secure banking, machine learning has been in the background tirelessly working away. Happy so long as it is fed its favourite meal of choice, data. The ability to train such a system makes its investment more worthwhile. Unlike a traditional piece of software or machine that is no longer of use and is to be thrown away, machine learning networks can be retrained to fulfil another task. Of all the Industry 4.0 technologies, it is perhaps the most adaptable and most widespread outside of manufacturing. 
But we as humans can be lazy creatures and machine learning and artificial intelligence in general, poses a risk of complacency. Morphing from a tool to aide in our endeavours, to a crutch that handles difficult planning and problem solving for us. A question we may need to start asking ourselves is whether it is worth losing some of our ability to think in exchange for quick and easy answers?


References
Accialini, N., 2021. Industry 4.0 User Guide. 1st ed. s.l.:Independently Published.
Acemoglu, D., 2002. Technical Change, Inequality, and the Labor Market. Journal of, 40(1), pp. 7-72.
Aguilar-Rodríguez, I. E. et al., 2021. Relationship Between Social Culture, Industry 4.0, and Organizational Performance in the Context of Emerging Economies. Journal of Industrial Engineering and Management, 14(4), pp. 750-770.
Albrieu, R. et al., 2019. The adoption of digital technologies in developing countries, Vienna: United Nations Industrial Development Organization.
Ayvaz, S. & Koray, A., 2021. Predictive maintenance system for production lines in manufacturing: A machine learning approach using IoT data in real-time. Expert Systems With Applications, Volume 173.
Dogan, A. & Birant, D., 2021. Machine learning and data mining in manufacturing. Expert Systems With Applications, Volume 166.
Frank, A. G., Dalenogare, L. S. & Ayala, N. F., 2019. Industry 4.0 technologies: implementation patterns in manufacturing companies, Porto Alegre: Universidade Federal do Rio Grande do Sul.
Gabel, F., 2019. Some studies in machine learning using the game of checkers, s.l.: s.n.
GIF, 2020. Impact Report 2020, London: Global Innovation Fund.
Joh, E. E., 2019. The Consequences of Automating and Deskilling the Police. U.C.L.A Law Review, 67(137).
Joo, S. H., Oh, C. & Lee, K., 2016. Catch-up Strategy of an Emerging Firm in an Emerging Country :Analyzing the Case of Huawei vs. Ericsson with Patent Data. International Journal of Technology Management, 72(3).
Kapsos, S. & Bourmpoula, E., 2013. Employment and economic class in the developing world, Geneva: International Labour Office.
Krauss, J., Pacheco, B. M., Zang, H. M. & Schmitt, R. H., 2020. Automated Machine Learning for Predictive Quality in Production. Steinbachstr, Elsevier.
Lee, K., 2019. The Art of Economic Catch-Up. 1st ed. Cambridge: University Printing House.
Markus, A., Monostori, L., Van Brussel, H. & Westkampfer, E., 1996. Machine Learning Approaches to Manufacturing. CIRP Annals, 45(2), pp. 675-712.
Mckinsey Global Institute, 2018. NOTES FROM THE AI FRONTIER APPLYING AI FOR SOCIAL GOOD. New York, McKinsey & Company.
Mokyr, J., Vickers, C. & Ziebarth, N. L., 2015. The History of Technological Anxiety and the Future of Economic Growth: Is This Time Different?. Journal of Economic Perspectives, 29(3), pp. 31-50.
Osisanwo, F. Y. et al., 2017. Supervised Machine Learning Algorithms: Classification and Comparison. International Journal of Computer Trends and Technology (IJCTT), 48(3), pp. 128-138.
Paturi, U. M. R. & Cheruku, S., 2021. Application and performance of machine learning techniques in manufacturing sector from the past two decades: A review. Materials Today: Proceedings, 38(1), pp. 2392-2401.
Pham, D. T. & Afify, A. A., 205. Machine-learning techniques and their applications in manufacturing. he Journal of Engineering Manufacture, 219(5), pp. 395-412.
Pollak, A., Hilarowicz, A., Walczak, M. & Gąsiorek, D., 2020. A Framework of Action for Implementation of Industry 4.0. an Empirically Based Research. Available at: http://dx.doi.org/10.3390/su12145789, 12(14), p. p.5789.
Pounder, K. & Liu, G., 2018. New Jobs. In Plant Algorithm: Artificial Intelligence for a predictive and inclusive form of integration in Latin America. Integration and Trade Journal, 22(44), pp. 255-270.
Rai, R., Tiwari, M. K., Ivanov, D. & Dolgui, A., 2021. Machine learning in manufacturing and industry 4.0 applications. International Journal of Production Research, 59(16), pp. 4773-4778.
Schwab, K., 2016. The Fourth Industrial Revolution. Great Britian: Portfolio Penguin.
Shedletsky, A.-K., 2019. Automation Might Be Here, But Industry 4.0 Is Still Far Off. [Online] 
Available at: https://www.forbes.com/sites/annashedletsky/2019/08/15/automation-might-be-here-but-industry-40-is-still-far-off/
[Accessed 08 December 2021].
Sisinni, E. et al., 2018. Industrial Internet of Things: Challenges, Opportunities, and Directions. IEEE Transactions on Industrial Informatics, 14(11), pp. 4724-4734.
Vollset, S. E. et al., 202. World population likely to shrink after mid-century, forecasting major shifts in global population and economic power. The Lancet, 15 July. 
Walso, R., Lewis, T., Haji, R. & Carton, R., 2017. Industry 4.0 and Cybersecurity. s.l.:Deloitte University Press.
Wuest, T., Weimer, D., Irgens, C. & Thoben, K.-D., 2016. Machine learning in manufacturing: advantages, challenges, and applications. Production & Manufacturing research, 4(1), pp. 23-45.


[image: ]		[image: ]
	Author:
	2110656@student.uwtsd.ac.uk
	Page   
	 4

	
	
	



image1.png
Demand

Start

Available
Capacity

Data
Collection [¢

Available

Labour

Update Data
for Next Plan

Data
Analysis

Evaluate
Model & Train

‘Acceptable Plan

Yes

v

Upload Plan
to MRP

Prepare
Paperwork

-No—





image2.png
N Prifysgol Cymru
3N ¥ Drindod Dewi Sant
S University of Wales

Trinity Saint David




image3.emf

