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Introduction
[image: ]The history of paper making can be traced back almost 2000 years to China where rags, hemp and water were mashed together to form a sheet of paper. (AFPA, 2021) The practice of mixing materials with water is still the fundamental practice of which the production of paper is based upon today, with water the key ingredient to transport and form the sheets of paper. 
[bookmark: _Toc131154542]Figure 1 - The oldest fragment of paper found to date in China (Cantavalle, 2019)
[image: ]Since then paper manufacturing has spread globally with the largest sites producing in excess of 1 million tonnes per annum, this is due to the creation of the fourdrinier by Louis Nicolas Robert in 1797 which allowed the first mass production of paper to become possible. Volumes in the last 20 years have reduced due to the reduction in graphical papers as a result of technology taking the place of papers such as newsprint. (industries, 22)
[bookmark: _Toc131154543]Figure 2 - Paper Production Volume
[image: ]With mass production of paper comes high demand for raw materials, with original materials such as rag and hemp outdated we now use virgin fibre from trees to form papers which after initial use will be recycled anywhere between 7-25 times dependent on use as shown recently by (Eckhart, 2021) in figure 2.
[bookmark: _Toc131154544]Figure 3 - Recycle rates vs fibre length
[image: ]This practice demonstrates the sustainable nature of paper in the modern world whereby mass volumes can be produced without the need for large amounts of additional raw material. Additionally within the UK we see that 70% of all paper produced is recycled fibres from businesses and households  (industries, 22), this is shown in figure 4 whereby recycling rates have increased by almost 8% since 2011. 
[bookmark: _Toc131154545]Figure 4 - Recovery, Consumption and Recycling Rate
With this increase in recovery we typically find that this is to the detriment of the quality of recycled paper collected, this is due to high demand for the high quality material leaving the remaining quantity to be sourced from households which has mixed recyclables present. (Ruben Miranda, 2012). With household collections increasing the requirement for sorting of recycled material is necessary at material recovery facilities (MRF) to try and separate into the desired streams such as metal, plastic, wood and fibre. This challenge was noted by (Plan, 2006) “It is known that the quality of recovered paper from English MRFs is not as good as in other countries. English MRFs are not achieving the quality standards of 3rd or 4th generation MRFs of North America and Europe” Their findings suggest that upt0 10-15% of all material in recovered paper in unusable for the manufacturing of paper, this therefore leaves paper facilities vulnerable to variations in quality from their raw material suppliers.
Relevance to Industry
With the risk of varying quality into the paper production facilities the quality control of the incoming material should be closely scrutinised to limit the impact of the operations whilst also reducing costs for the removal of waste streams. This is particularly prevalent in the manufacturing of packaging paper and board which is the area of which the research proposal is focused. 
[image: ]The growth of this market as shown in figure 5 has grown from 22 million tonnes to 52 million tonnes in 30 years with it now representing the largest volume of paper production in Europe, therefore the reach and suitability of this research for the industry is significant.
[bookmark: _Toc131154546]Figure 5- European Paper Production (industries, 2022)
[image: ]As previously stated with the increase of production comes the increase in demand for raw material, this is highlighted below in figure 6 whereby the volume of recycled paper is illustrated. 
[bookmark: _Toc131154547] Figure 6 - European Recycled Volume (industries, 2022) 
This evidence demonstrates the sheer volume of material in question throughout the industry with limited quality control before entering the manufacturing process.
In the last 10 years equipment has been installed to take spot checks of the incoming material known in the industry as a core driller. This equipment works by drilling a sample of the recovered paper and testing it for characteristics such as moisture, fibre content and plastic content. Although a novel idea the reliability of the systems have proven difficult due to data inconsistencies and expense to operate due to the need for a full time employee (FTE). A major flaw in the design is this is only a spot check of one bale out of the 25 onboard therefore missing large amount of material for testing that could be of a different specification. The equipment follows the process below in figure 7. 
[bookmark: _Toc131154548]Figure 7 - Step 1, Enter Test Zone. Step 2, Drill aligns with haulier. Step 3, Drill takes sample 
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The material that is collected for packaging paper is split in terms of quality by the raw material supplier as per figure 8.
[bookmark: _Toc131154549]Figure 8 - Normal Paper Grades for packaging paper - (Kappa, 2023)
[image: ]
Predominantly in the manufacture of packaging paper approximately 85% of OCC  is used which is 1.05 and supermarket grade corrugated paper and board called 1.04. 15% is then made up of mixed papers and board which is 1.02, 1.02 predominantly will include more plastic material therefore making the recycling process more complex but the material is significantly cheaper. All of these recycled bales are baled using metal wire, again this material has to be removed from the recycling process.
From an environmental standpoint the paper manufacturing process for the UK contributes approximately 400,000 tonnes per annum as rejects either for recycling or landfill, whilst in Europe this number is estimated at 8,000,000 tonnes. This shows the scale at which rejects are produced by the industry and the opportunity for improvement. 
The Process and The Problem
[image: ]The process starts with the recycled material entering the production facility and being tested using the core driller, this gives spot sample characteristics of the raw material being supplied. This information cannot be used for any type of feed forward as the tested material does not hold unique identification and therefore is not tracked through the process leaving the incoming material mixed and free to vary. 
[bookmark: _Toc131154550]Figure 9 - A paper bale tested by a core driller
[image: ]The raw material is then stored in a warehouse or yard before being loaded onto a conveyor where the bale wires are cut to allow the material to split, it is not uncommon for the bale size to vary depending on the raw material supplier which in turn rules out the use of estimated reject to fibre ratio using a weight based model.
[bookmark: _Toc131154551]Figure 10 - Raw Material feed conveyor into the process

[image: ]Once at the top of the conveyor the raw material enters the Pulper, the pulper is a large tank consisting of an agitator at its base used to mix water with fibre. The pulper can have multiple type of contaminants within its pulp mix therefore in an attempt to keep the pulper as clean as possible a ragger is used.  The ragger is a length of rope entered into the pulper to collect metal wires from the bales alongside lengths of plastic, the width of the ragger is critical as too thin and the rope will snap due to the centrifugal forces exerted on it versus to thick and it becomes to large to exit the pulper making the control logic critical to operation.  
[bookmark: _Toc131154552]Figure 11 - A pulper and ragger in operation
[image: ]From the pulper the pulp is moved to a reject removal facility called a drum screen. The pulp is passed over the screen to separate the fibre from plastics, metal, wood and polystyrene which would contaminate the final product making it unsaleable. The rejects from this process can only be optimised based on static measurements as the quality of the incoming raw material is currently an unknown leaving the wash rate to remove fibre from the rejects at a fixed amount based on historical data. 
[bookmark: _Toc131154553]Figure 12- Drum Screen with Rejects (Kadant, 2023)



[image: ]After this stage cleaning and screen are administered to the pulp before it is used in the paper production facility, the reject process commences though with screw presses as shown in figure 13. The reject material at this phase should contain very little fibre in the optimal condition but due to the lack of variation of fibre washing at the drum screen an amount of fibre passes forward with the rejects. This material is then removed from site to either landfill or recycling at a cost to the business.
[bookmark: _Toc131154554]Figure 13 - Screw press rejects with fibre still present

In the aforementioned process the ragger was discussed and the criticality of its performance, in the case the ragger should fail the process must be stopped and a new ragger put in place which can cause swings to the consistency of fibre to water %. These swings cause variations in the paper manufacturing facility by way of grammage or moisture variation which in turn creates C grade paper or at worse a stop in the manufacturing line.
[image: ]The ragger when replaced will also be landfilled, although there are some facilities to recycle this material it takes great spaces and financial investment to install such equipment therefore landfill is typically the chosen destination of the used ragger rope.
[bookmark: _Toc131154555]Figure 14 - Reject Ragger disposal






[bookmark: _Toc131154556]Figure 15 - Process Map of raw material with testing indicators 
[image: ]







Literature Review
[image: ]The use of photography by way of camera detection has been used in manufacturing for many years, for example the use of high speed camera in the paper manufacturing line have been readily available for approximately 30 years with more modern systems looking similar to figure 16 which shows the full manufacturing line . [bookmark: _Toc131154557]Figure 16 -High Speed cameras in paper manufacturing (Canada, 2019)


[image: ]The web inspection systems also used on the manufacturing line are also a good example of the use of high speed cameras that are integrated into a manufacturing line for quality control. (ABB, n.d.) are able to demonstrate the defect map in figure 17 showing the dirt captured within the sheet of paper, these defects can be millimetres in size yet the inspection system is sophisticated enough to capture these.
[bookmark: _Toc131154558]Figure 17 - Web Defect Map (ABB, n.d.)
Initial investigations into computer vision can be traced back as far as the 1960’s (Konstantinos Paraskevoudis, 2020), this research consisted of developing algorithms which could mimic that of human visual behaviour. Other research considered for this technology by (Konstantinos Paraskevoudis, 2020) is that of computer vision when “applied to laser powder bed additives manufacturing for the automated detection and classification of anomalies and unwanted phenomena that can appear during the power spreading stage”. This approach when applied with computer vision in combination with artificial intelligence (AI) saw an accuracy of 96.8% therefore demonstrating that the technology is readily available and proven in other fields. (Baumgartl, et al., 2020)This is not the only proven case, Convolutional Neural Networks (CNN) applied the same technology to recognise cracks, gas porosity and lack of fusion in metal additives with an accuracy of 92.1% (Cui, et al., 2020)
Maybe the most impressive is the work carried out by (Nuchitprasitchai, et al., 2017) where by a real time algorithm compared different sizes of 3D printed objects and achieved 100% detection rate of failures.
(Konstantinos Paraskevoudis, 2020) states that the most difficult challenge is the calibration of the cameras when using such technology as any variation in characteristics such as luminance and contract will affect the data feedback from the system. 
(Jiawen Xu 1, 2022) give precedent to the power of AI whereby Google Vision achieved high visual recognition than humans, as result this technology known as Deep Learning (DL) is now being applied in areas such as healthcare, entertainment and smart manufacturing. 
A report by (Deloitte, 2020) estimates the market size of AI will grow to $2057 million by 2025 in China alone, this growth alongside the belief from 83% of companies survey that AI will make an impact on their business in the future. (Jiawen Xu 1, 2022) goes on to mention the quality control checks that’s such systems are capable of which compliment the yield enhancement potential that early defect detection can bring.

(Mittel & Kerber, 2019) utilsied pre trained parameters borrowed from GoogleNet to develop a CNN based metal crack detection system which [image: ]achieved accuracy of 99.8%. This work is visualised in figure 18 where by the pretrained items are shown on the left and then Mittel’s own items added for fine tuning. 
[bookmark: _Toc131154559]Figure 18 - GoogleNet Pretrained parameter use
(Anon., 2011) give 3 major benefits in the use of AI for online vision based inspection as follows:
1. Improve controlling of the process, e.g. faster reaction of processing faults, avoidance of disaster events, etc.
2. Improve overall process efficiency, e.g. avoidance of downstream processing of faulty material, optimizing downstream processing (repair, downgrading, and upgrading).
3. Improve customer relationships, e.g. reducing the claims delivering documented quality
This is in line with the requirements highlighted in the process and problem section of the proposal and an outline of the require hardware, software and data process map from (Anon., 2011)  this is highlighted below.
1. One or more digital or analog cameras with suitable optics for acquiring images.
2. Camera interface for digitizing images.
3. A processor (often a PC or embedded processor, such as a DSP).
4. A smart camera which combined all of the above.
5. Input/Output hardware (e.g. digital I/O) or communication links (e.g. network connection or RS-232) to report.
6. Lenses to focus the desired field of view onto the image sensor.
7. Light sources.
8. A software to process images and detect relevant features.
9. A synchronizing sensor for part detection (often an optical or magnetic sensor) to trigger image acquisition and processing.
[image: ]10. Some form of actuators used to sort or reject defective parts
[bookmark: _Toc131154560]Figure 19 - Process Map of Data transfer

[image: ]Within publications by (Ovidiu Vermesan, n.d.) examples are given of the main topic areas that AI is currently being used to address as shown in figure 20. Areas the research proposal hopes to address are included under Quality control, Predictive analytics and intelligent automation. These would be achieved by improving quality, predicting the fibre content and automating the process to adapt to varying raw material.
[bookmark: _Toc131154561]Figure 20 - Key Topic Area of AI

(Ovidiu Vermesan, n.d.) also goes onto suggest that the next step of visual inspection using AI is to use the system to look back at the manufacturing process and determine root cause which they suggest will prevent production flaws, improve quality, improve yield and make more benefits possible. Their research also found that defect detection also helped production and engineers find systematic influences which lead to further process improvements which would not of been possible without the new data and AI input. The AI model they created inspected 24000 images with an accuracy of 98% with zero escape to customer, this data was validated manually by an expert in the field.
Another example from (Ovidiu Vermesan, n.d.) demonstrates the power of visual inspection using AI where object detection is used followed by a robot to pickup the object, without the Visual AI this task would have to be conducted by a person which would bring added cost to a business.
[bookmark: _Toc131154562]Figure 21 - Visual AI used for Pick and Place
[image: ]
The industrial examples demonstrated in this review make the proposal of using Visual AI for quality control in paper recycling a reality. Industrial examples with much higher frame rate requirements and industrial complexity are readily available on the market therefore the application of such technology in the paper recycling should be considered possible and further research is required to make it a reality. 
Research Methodology, Measurement and Validation
Aims.
1. To establish within the research the capability of accurately measuring the fibre to rejects ratios of the incoming raw material.
2. To explore the possibility of feed forward control to the ragger and the detrashing systems 
3. Increase yield 
4. Reduce Rejects to landfill
Objectives
1. Install a single or group of AI cameras to monitor the incoming raw material
2. Utilise the data from the AI to model settings for the process
3. Monitor the performance of the changes and document the results
Measurement and Validation 
In the first instance a baseline of the current process capability must be established to be used in the validation process as well as to calculate the potential impact of any improvements.  
The current raw material usage and type will be reviewed to ensure that during the trial period there is no change to the raw material mix in regards to the purchasing strategy. To validate the raw material mix manual inspections will be carried out similar to the demonstration of reject types by (Sultana, 2022) to estimate the fibre to reject percentage, should this begin to change during the trial period, the variation will be noted and used to demonstrate whether the research technology also noticed any change.
The rejects of the detrashing system will be measured across the weighbridge daily and a total given every month, this data will then be used in regression analysis and run alongside a cumulative sum (cusum) chart to monitor relationship and process stability to the output data of the AI, this could be developed further into an enhanced cusum chart as per the work of (P.J. Tran, 2022) which demonstrated that early detection of defects possible with the enhanced cusum model created.
The ragger consumption will also be closely monitored during the trial period to ensure no external factors affect its performance or total reject weight. At this stage we must consider the process settings be kept constant in terms of pull speed, pause time and load applied to the ragger rope to ensure the validation of any improvement. The current rate of ragger use is highlighted in figure 22 and will be continuously monitored as such moving through the trial period.
A brief overview of figure 22 clearly shows a reduction of ragger rope usage, in further investigation it was found that the speed of the ragger rope and the pause time both reduced in parallel, this is clear evidence of the need to monitor these parameters moving forward.
[bookmark: _Toc131154563]Figure 22 - Ragger Rope usage 2022
[image: ]
The consistency of fibre to water is a key parameter of the process in the manufacturing of paper packaging therefore will be included in the measurement and validation. The consistency will change should a ragger rope snap and be required for change, this is due to the flushing sequence of the process which feeds forward to the manufacturing process. Should the consistency vary the potential for non A grade product increases and should be included in any return on investment calculation as this would also have an affect in the supply chain and possible customer satisfaction. In figure 23 we can clearly see there is non uninform distribution of the process highlighting the lower consistencies as a result of an increase in water. Due to the potential for non A grade production this will also be added to the measurement and validation list to ensure the control of non-conforming paper in maintained, should any out of specification paper occur as a result of the project normal downgrading procedures will be followed. The current rate of Non A Grade paper is shown in figure 24.

[bookmark: _Toc131154564]Figure 23 - Consistency process distribution
[bookmark: _Toc131154565][image: ]
Figure 24 - Non A grade paper % & Tonnes Lost  due to Quality
[image: ]
Methodology
The methodology for the research will be to firstly install the AI cameras above the incoming raw material conveyor as per figure 25, this will allow for the initial data to be collected and compared to that of the weighed rejects removed from site. 
[bookmark: _Toc131154566]Figure 25 - AI Camera location
[image: ]Once the validation and accuracy of the cameras vs the weighed rejects is validated the process of comparing the AI data to the live process data will begin using regression analysis to look for relationships of increases and decreases in rejects to process performance.
If relationships are found a simulated model can be created to give a soft sensor output of the required wash rates of the detrashing and the required settings for the ragger rope. These models can then be tested live on the process with the results tracked again via the measurement and validation data points to ensure clarity from the baselines data measurements. The results of the trial will be analysed with the expectation that the AI camera data has clearly demonstrated a valued input in recognising rejects, feeding forward data to allow for process optimisation and subsequently increasing fibre yield and decreasing reject amounts.
Project Milestones and Budget
[image: ]
[bookmark: _Toc131154567]Figure 26 Project Timeline
The follow items are considered the total opportunity available with the potential improvements that could result from the successful implementation of the research proposal.
· Reduce C grade paper – As a result of more stable consistency control = £370K PA
· Increase OEE%– As a result of less paper breaks = £20K PA
· Increase Yield – As a result of Fibre retention = £1100K PA
· Reduce rejects – As a result of less ragger loss = £360K PA
· Reduce production consumables – As a result of less ragger rope = £35K
Not included in the total opportunity calculation
· Reduce working capital – As a result of increase in yield, less stored material required = £870K PA
· Reduce Net Energy consumption – As a result of energy used to A grade rather than no production
In figure 27 the budget amount assumes a 15% return on the total opportunity.
[bookmark: _Toc131154568]Figure 27 - Table of IRR & Payback Schedule
	Investment amount
	£k
	300

	Annual saving
	£k
	282

	Useful life
	years
	10

	Interest
	%
	3.20%

	Tax rate
	%
	9.50%

	
	
	

	RESULT
	
	

	IRR (internal rate of return)
	%
	85.8%

	PAYBACK - with interest cost:
	years
	1.20

	PAYBACK - without interest cost:
	years
	1.16


Conclusion
In conclusion the proposal set out would bring significant insight to multiple stakeholders of the recycling industry and manufacturing of paper packing industry.  The department for Environment, Food and Rural affairs would show great interest in this technology as it would impact the % of landfill created by the manufacturing of packaging papers as well as demonstrating the need for greater segregation of recyclables at household level when collected by local councils.
In figure 28 the total %’s of how waste is removed from our local systems is demonstrated, as a key performance indicator of the governing body, any assistance in reducing landfill and increasing recycling would likely be well received.
[image: ]
[bookmark: _Toc131154569]Figure 28 - Waste final treatment (Department For Environement, 2022)
Figure 29 clearly shows paper as the third highest collectable from household therefore its importance to the recycling strategy of local councils and government strategy cannot be ignored.
[image: ]
[bookmark: _Toc131154570]Figure 29 - Household collection mix (Department For Environement, 2022)
The paper manufacturing industry would show the upmost interest in such technology as there is currently no solution on the market that is readily available for implementation. The solution could bring local and global improvements to the paper recycling industry by way of reducing rejects and subsequently improving the environmental impact the industry has, improving energy application to A grade products which in turn improve the CO² footprint of the industry alongside significant financial returns for all business implementing the technology.
It is the belief with a disciplined, structured and transparent approach as proposed by this research the key stakeholders and relevant industries would find significant benefits and belief that this type of technology would bring real and tangible benefits. It is worth noting that this technology would require capital investment and should be factored in to the potential implementation strategy as not all businesses would not have this capital readily available to invest. It is the belief that within 10 years of the research being complete that 40% of all recycled packaging manufacturing mills would install such technology as most of the paper produced is by 5 major global players who would transfer the technology throughout their business.


References
ABB, n.d. ABB - Web imaging for dirt count in pulp and paper. [Online] 
Available at: https://new.abb.com/pulp-paper/abb-in-pulp-and-paper/products/web-inspection/web-imaging-system/dirt-count [Accessed 15 february 2023].
AFPA, 2021. American Forest and Paper Association. [Online] Available at: https://www.afandpa.org/news/2021/history-paper [Accessed 15 February 2023].
Anon., 2011. A vision inspection system for the surface defects of strongly reflected metal based on multi-class SVM. Zhang Xue-wu a, Ding Yan-qiong a,⇑, Lv Yan-yun a, Shi Ai-ye a, Liang Rui-yu a,b, Volume 38, pp. 5930-5939.
Baumgartl, H., Tomas, J., Buettner, R. & Merkel, M., 2020. A deep learning-based model for defect detection in. Progressive additive manufacturing, Volume 5, pp. 1-9.
Canada, P. &. P., 2019. Pulp & Paper Canada. [Online] 
Available at: https://www.pulpandpapercanada.com/case-study-reducing-web-breaks-with-monitoring-and-inspection-1100001733/ [Accessed 14 febraury 2023].
Cantavalle, S., 2019. History of Paper - From its origins to present day. [Online] 
Available at: https://www.pixartprinting.co.uk/blog/history-paper/ [Accessed 15 Feb 2023].
Cui, W. et al., 2020. Metal Additive Manufacturing Parts Inspection Using Convolutional Neural Network.. Applied Sciences, Volume 10, p. 545.
Deloitte, 2020. AI Enablement on the Way to Smart Manufacturing: Deloitte Survey on AI Adoption in Manufacturing, London: Deloitte.
Department For Environement, F. a. R. A., 2022. Resources and Waste Strategy, London: Department For Environement, Food and Rural Affairs.
Eckhart, D. R., 2021. RECYCLABILITY OF, Graz: Technische Universität Graz.
industries, C. e. p., 2022. CEPI - Preliminary Statistics 2022, Brussels: CEPI.
industries, C. o. p., 22. 2021-2022 Annual Review, Swindon: Confederation of paper industries.
Jiawen Xu 1, *. ,. M. K. 1. D. M. 2. ,. F. M. 1. ,. M. H. 2. A. P. 2., 2022. A Review on AI for Smart Manufacturing: Deep Learning Challenges and Solutions. Applied sciences, Volume 12, pp. 1-28.
Kadant, 2023. Kadant Fibre Processing. [Online] 
Available at: https://fiberprocessing.kadant.com/files/17/Detrashing/68/Slotted-Drum-Screen.pdf
[Accessed 14 Feb 2023].
Kappa, S., 2023. Smurfit Kappa - Recycling. [Online] 
Available at: https://www.smurfitkappa.com/uk/products-and-services/recycling-ordinary-grades
[Accessed 14 Feb 2023].
Konstantinos Paraskevoudis, P. K. a. E. P. K., 2020. Real-Time 3D Printing Remote Defect Detection with computer vision and artificial intelligence. Innovation in Research & Engineering Solutions, Volume 8, pp. 1-15.
Mittel, D. & Kerber, F., 2019. Vision-Based Crack Detection using Transfer Learning in Metal Forming Processes. Zaragoza, International Conference on Emerging Technologies and Factory Automation.
Nuchitprasitchai, S., Roggemann, M. & Pearce, J., 2017. Factors effecting real-time optical monitoring of fused filament 3D printing. Progress In Addivtives Manufacturing, Volume 2, pp. 133-149.
Ovidiu Vermesan, R. J. C. D. L. a. M. C., n.d. Artificial Intelligence for digitising industry applications. Gistrup: Taylor & Francis Group.
P.J. Tran, C. H. &. S. T., 2022. Enhanced CUSUM control for monitoring Coefficient of variation. s.l., International Federation of Automatic Control.
Plan, T. W. a. R. A., 2006. The Waste and Resource Action Plan - Materials recovery facilities , Oxon: WRAP.
Ruben Miranda, M. C. M. a. A. B., 2012. Analysis of the quality of the recovered paper from commingled collection systems. Resource, Conservation and Recycling, Volume 72, pp. 60-66.
Sultana, M., 2022. Analysis of Pulper reject sample by manual sorting, s.l.: Arcada.

Figure 1 - The oldest fragment of paper found to date in China (Cantavalle, 2019)	3
Figure 2 - Paper Production Volume	3
Figure 3 - Recycle rates vs fibre length	3
Figure 4 - Recovery, Consumption and Recycling Rate	4
Figure 5- European Paper Production (industries, 2022)	5
Figure 6 - European Recycled Volume (industries, 2022)	5
Figure 7 - Step 1, Enter Test Zone. Step 2, Drill aligns with haulier. Step 3, Drill takes sample	5
Figure 8 - Normal Paper Grades for packaging paper - (Kappa, 2023)	6
Figure 9 - A paper bale tested by a core driller	6
Figure 10 - Raw Material feed conveyor into the process	7
Figure 11 - A pulper and ragger in operation	7
Figure 12- Drum Screen with Rejects (Kadant, 2023)	7
Figure 13 - Screw press rejects with fibre still present	8
Figure 14 - Reject Ragger disposal	8
Figure 15 - Process Map of raw material with testing indicators	9
Figure 16 -High Speed cameras in paper manufacturing (Canada, 2019)	9
Figure 17 - Web Defect Map (ABB, n.d.)	9
Figure 18 - GoogleNet Pretrained parameter use	11
Figure 19 - Process Map of Data transfer	11
Figure 20 - Key Topic Area of AI	12
Figure 21 - Visual AI used for Pick and Place	12
Figure 22 - Ragger Rope usage 2022	14
Figure 23 - Consistency process distribution	15
Figure 24 - Non A grade paper % & Tonnes Lost  due to Quality	15
Figure 25 - AI Camera location	15
Figure 26 Project Timeline	16
Figure 27 - Table of IRR & Payback Schedule	17
Figure 28 - Waste final treatment	17
Figure 29 - Household collection mix	18















image2.png
D BOARD PRODUCTION IN THE UK 1872-2022





image3.png
12,00

—Unsorted Raw Material
10,00 —Sorted Raw Material
—Cycle 3
8,00 —Cycle 5
—Cycle 7
6,00 —Cycle 11
~Cycle 15
.00 ~—Cycle 20
Cycle 25
2,00
A
0,00 +-
0 05 1 15 2 25 3 35 4 a5

Fiber length [mm]




image4.png
CONSUMPTION AND RECOVERY OF PAPER AND BOARD





image5.png
— Total Graphic Papers
 Sanitary and Household

m— Tota Paper & Board
= Tota Paciaging Paper & Board
e Other Paper & Board




image6.png




image7.png




image8.png
RECOVERED PAPER RECOVERED PAPER RECOVERED PAPER RECOVERED PAPER

1.02 Mixed papers 1.03 Grey board 1.04 Supermarket 1.05 Old corrugated
and boards (sorted) corrugated paper containers (OCC)
and board




image9.png




image10.png




image11.png




image12.png
Stainss st ncrs
avnacpertion

oy accss.
pecin

Ouclating shower

i yster




image13.png
il smnsimnn?, :





image14.png




image15.png
Incoming
Raw
Material

Material Tested using the core driller

Raw
Material
Storage

Material Bales split open on conveyor releasing metal wires
Conveyor

Ragger keeps pulper clean, pulp consistency controlled with dilution
waterto 5%

Plastic Removes plastic and other contaminants

Reject

Screening
& Cleaning

Reject

Consistency adjusted
to 3.5%

Pulp
Storage




image16.png
Incoming
Raw
Material

Material Tested using the core driller

Raw
Material
Storage

Material Bales split open on conveyor releasing metal wires
Conveyor

Ragger keeps pulper clean, pulp consistency controlled with dilution
waterto 5%

Plastic Removes plastic and other contaminants

Reject

Screening
& Cleaning

Reject

Consistency adjusted
to 3.5%

Pulp
Storage




image17.png
No Testing

Spot

Testing

Continuous

Testing





image18.jpeg




image19.jpeg




image20.png
Transfer
Weights
and

Biases > Fine-





image21.png
Software Unit

Camera 1
I
1
1

T
111umination 1’
b el [ER—— 1.
! & "% [ characterization
!
L _

> De-noising
> Segaentation

Target Tight > Binorization





image22.png
Predictive

s &v i

Intelligent p. F@g —
autonaton o Contest
Reawies

Management
Ergonomics




image23.png




image24.png
40

30

20

10

Reel of rope used per month

Jan-22 Feb-22 Mar-22 Apr-22 May-22 Jun-22

Jul-22  Aug-22 Sep-22 Oct-22 Nov-22 Dec-22




image25.png
m Frequency

S'6
06
S8
6L
Vi
69
9
8's
€5
8V
(44
Le
[43
LT
T
9T
T
90
00
g g8 8 °

& §
Aouanbaig

Histogram





image26.png
8

3

=3
o«

Aljenp o1 anp 1507 sauuo]
8 8 8 8 8
5 F & ~ =

Q v o u 9
N 4 &4 o o

3peID Y UON %

L
B

%,
2

2
s
[SEERNGERNEEN NS

Month

CRnon A (%)

mm Net quality losses (t)




image27.png




image28.emf
Jan-24 Feb-24 Mar-24 Apr-24 May-24 Jun-24 Jul-24 Aug-24 Sep-24 Oct-24 Nov-24 Dec-24

Baseline Data Gathering

AI Camera Install

AI Data Validation

Modelling of AI outputs

Ragger Speed Tests

Detrashing Wash Rate Test

Analysis of Results

Conclusions on Research


image29.png
Land
Incineration treatment
with R1 and release Recycling
energy Incineration  into water and other
Year Landfill recovery (excluding R1) bodies Backfilling recovery





image30.png
Food Waste

Misc combustible
Paper

Textiles

Dense plastic
Plastic film

Misc non-combustible
Other organic
Garden waste
Card

Glass

Ferrous metals
Fines

Wood

WEEE
Non-ferrous metals
Hazardous

Other wastes

-

2 3
Million tonnes

M Residual l Recycling




image1.jpeg




