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Abstract
	This report investigates the manufacturing operations in the Eakin Healthcare site based in Cardiff. It identifies some inefficiencies within the manufacturing process and suggests some industry 4.0 technologies that can help mitigate these inefficiencies. The report goes on to identify Banner Engineering as a potential supplier to provide key sensors to be fitted to the existing assets. These sensors can be used to collect data which could be used and presented in many ways to improve efficiency. A recommended course of action is suggested for the company to scope out the costs and the skills gap within the business with the aim of implementing these technologies and benefitting from them.
Introduction
Eakin Healthcare is a manufacturer of medical devices with factories in Northern Ireland and Wales. The Welsh site is based in Cardiff where the main product manufactured is Ostomy pouches. Ostomy pouches are made up of several layers of film, outer layers that form comfort layers, filters, patient attachment devices and various ancillaries to form structure of the pouch closures. 
The product range is large (circa 300 SKUs). Differences between SKU’s can be varying from simple change of a patient attachment device to a full change in shape, size, and colour. The pouches are manufactured on large machines that perform all operations to create a pouch from the raw materials. These machines would likely be classified as late stage third industrial age (Schwab, 2017) due to the use of computers and robotics, however there is a lack of interconnectivity which would be more akin to Industry 4.0. Operations involved are cutting, welding, and label application by pick and place robotics. There are four machines on site, and these have helped the business grow from producing around 4 million pouches by hand to over 8 million pouches per year. While very successful there are inefficiencies that exist, these include:
1. Higher than desired scrap rates. Scrap ranges from around 3%-20% depending on product.
2. Longer changeover times. Issues with changeovers can mean machines are down for up to 8 hours between products. During this time set up scrap is created.
3. Downtime for maintenance.
The aim of this report is to explore mitigations to the inefficiencies listed above and to discuss how the technologies could be implemented. Comment will be made on challenges that the business will face implementation of the technologies.
Implementation Methodology
To address the first loss of efficiency listed above, the proposal would be wide ranging. The machine should be fitted with sensors to output data to a server-based database. The data coming from the machine would range from a simple time stamp for an actuation (Camillo, 2020) to sensors that detect temperature or pressure for the critical welding processes, such as the sensors available from Banner Engineering (Anon., 2022). This data can be interrogated by process engineers to monitor the performance of the machine and highlight any issues as they are detected. Longer term data could be analysed by an AI algorithm to detect failures as they happen and raise an alert. The benefit of this would be rapid monitoring 24/7. These improvements would allow scrap rates to improve scrap rates and downtime.
To combat the third loss of efficiency: downtime, the data collected, could be to use the big data to develop a predictive maintenance. Using technologies such as those from Banner Engineering (Anon., 2022), cutting stations can be fitted with vibration sensors, pressure sensors, and temperature sensors to record data that could provide insights into tool life. The inspiration for the described would be the condition-based maintenance developed by Zschech et al (2019). 
Within the created database, information such as product SKU can be recorded, and changeover times calculated. With this data, patterns can be identified to determine optimal changeovers for efficiency for example, changing from product A to product C takes on average 60 minutes, but from A to B takes 25 minutes and B to C takes 25 minutes. In this example changing products in a certain order can save time. This information could be fed into a scheduling system to ensure maximum efficiency is attained. Using a smart system such as described would reduce the average changeover times of the machine (Angizeh, et al., 2020). These technologies would help mitigate the second loss of efficiency: longer changeover times.
Challenges the business will face when implementing these technologies would be mostly centred around skills within the business. There is a lack of PLC, automation, and coding skills. To successfully implement these technologies and get the best out of them, there will need to be a training or recruitment strategy in place to support this project. In the short term, technologies with a lower skill requirement should be selected to allow the transition to begin as early as possible.
Background Research
Schwab (2017) describes the third industrial revolution as the use of computers in industry due to the development of semiconductors, mainframe computing, personal computing, and the internet. Then moving onto the fourth industrial revolution which is characterised by the integration of sensors, artificial intelligence, and machine learning. 
Gilchrist (2016) mentions that the IIoT (industrial internet of things) provides a way to get better visibility and insight into a company’s operations and assets through integration of machine sensors, middleware, software and backend cloud compute and storage systems.
Angizeh et al. (2020). This journal article describes an optimisation technique to be used in the food manufacturing sector. Minimising the manufacturing cost by considering energy consumption, scrap rates, changeovers, and labour costs of various lines. 
Camillo (2020) describes an example using Baluff BTL linear position sensors for verifying a weld process. Camillo also mentions the use of the installation of smart cameras to verify assembly sequence. The benefit of a camera is only one is required whereas if sensors were used then the requirement would be higher. 
A product line developed by Banner Engineering (Anon., 2022) can be retrofitted to existing equipment to record data with minimal risk and without needing access to the PLC code. This type of solution could be used to pilot industry 4.0 utilisation in the manufacturing environment to demonstrate the benefits to the business.
Zschech et al (2019) developed a condition-based maintenance system which uses machine learning (ML) to make data driven decisions to increase tool life on milling machines. This method resulted in a 6-7% cost saving by using the model 
Rossit, et al. (2019) discuss production planning in industry 4.0 manufacturing environments. They present a notion of Smart Scheduling and describe how it could be implemented.


Conclusion
	The inefficiencies experienced can be mitigated with the suggested technologies. The business already has a SQL database infrastructure so the cost of implementation would be limited to sensor hardware and installation. There will be challenges that the business faces, such as skills to interrogate databases, creating dashboards, and developing automated algorithms. Due to the challenges, there will be a learning curve for the business to go through but using these technologies will enable it to take the next step in gaining efficiency and reducing waste. 
Aside from addressing the efficiency losses a side advantage to monitoring processes as described would be increased process knowledge. Currently there is a lack of knowledge how subtle changes in pressure for example affect machine cycle time, or product quality. Building up knowledge with real world data will allow engineers to better understand outside influences on machine performance which will have a positive effect on future machine purchases.
Recommendations
	The recommendation is to scope out the costs involved to instrument the current machines. The scoping project will have two elements, one will need to define what needs to be monitored on the machine to allow a full cost to be derived. This cost can be compared to the potential savings the business would stand to make to assess its return. The other side of the scoping exercise would be to perform a gap analysis on the skills currently within the business and the skills needed to implement and develop the technologies mentioned. This would need to be fully understood and mapped out for the full benefit to be realised. 
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