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The world of recycling is undergoing a change where manually sorting materials is being
replaced by intelligent automated machines. These machines have a multitude of settings
to maximise the quality and yield of the recycled product. Currently the recycling industry
operates on a test to quality basis. Changing this towards a constant quality monitoring and
adjusting is needed.

There is a trade-off between quality and yield in the sensor-based sorting industry and this
relation is explored using two independent variables in the machine’s settings. An explora-
tory experiment to different machine setting combinations is done. The statistical analysis
of the performance of the machine is done using a concept known from machine learning.
Real life examples and limits are used in the result analysis to ensure applicability of the
data.

The results found that the yield and quality express some non-linearity when compared to
the selected variables. Their effectiveness was proven and difference in magnitude of ef-
fect shown.
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Kierrdtyksen maailma on kokemassa muutoksen, jossa manuaaliset lajittelumenetelmét
korvataan dlykkédilld automatisoiduilla laitteilla. Ndmai laitteet sisédltdvit monia asetuksia,
joilla voi maksimoida laitteen tuottaman laadun seké talteenoton. Télld hetkelld kierrétys-
keskukset tekevit laatukokeita erottelun jilkeen. Kierrdtyskeskusten on muutettava tima
menetelma kohti jatkuvaa laaduntarkkailua seké jatkuvaa prosessin sditoa.

Sensoripohjaisessa lajittelussa on tehtdvd kompromissi laadun seké talteenoton vilillad. Téta
laatu-talteenottosuhdetta tutkitaan téssd tyossd kdyttdmélld kahta riippumatonta muuttujaa
koneen asetuksissa. Tyotd varten tehddin kiytannon koe, jossa eri muuttujien yhdistelmid
kokeiltiin. Lajittelukoneen suorituskyky analysoidaan koneoppimsesta tutulla menetelmail-
14. Tulosten analyysissd kdytetddn kierrdtysteollisuudesta haettuja materiaaleilla seké kiy-
tetddn todenmukaisia raja-arvoja, jotta voidaan varmistaa lajittelun todenmukaisuus.

Tuloksista kidy ilmi, ettd laadun ja talteenoton suhde muuttujiin osoittaa epélineaarisuutta.
Muuttujien tehokkuus vaikuttamaan laatuun ja talteenottoon todistettiin. My6s muuttujien
eridvat vaikutustehot todistettiin.
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1 Introduction

Prevent, reduce, reuse, recycle, recover and disposal. These are the six steps of the Europe-
an waste management hierarchy amended in 2018 (Directive (EU) 2018/850). Member
countries of the European union have adapted some sort of recycling systems. These can
be deposit system for beverage containers or multiple coloured waste bins at the garbage
disposal stations e.g. yellow bin system. When the contents of these yellow bins are col-
lected, they are taken to a material recovery facility (MRF). In these plants the materials
are separated from each other. If no automation is available in the facility, the separation is
done by hand. A manual sorting setup consists of conveyor bands with multiple workers
picking out their assigned materials from the stream. This is challenging as materials share
physical properties that are hard to recognise for the human eye. Scientists over the years
have found that infrared spectroscopy works well in differentiating the materials.
(Gundupalli, Hait & Thakur 2016, p. 8.) Currently there are commercial spectrometers that
are capable of quickly processing the scanned materials and classifying them. The separa-
tion of the material is commonly done using either robotic arms or pneumatic ejection. The
ideal waste stream consists of pre-cleaned materials that arrive to classification in a mono-
layer. In practice labels made of different material than the packaging can still be attached,
or materials have not successfully been singulated (Serranti, Gargiulo & Bonifazi 2012, p.
574). Humans have an advantage of quickly deciding that a label or a bottle cap doesn’t
matter and will sort the material correctly. For a machine it is not that easy. A machine
doesn’t know if it is a label or an actual separate object. In such situations the need for de-

cision making is required. To recover, or not to recover.

1.1 The research problem

Two of the important values of a recycling plant from the plant owners’ point of view are
the purity of their product, and the hit-rate. Often referred to as quality and yield. The aim
of the industry is to reach as high numbers as possible. These numbers are received after
tedious hand sorting and calculations. This takes a long time and is done with variable fre-

quencies depending on facility. Between the hand counting’s a plant is operating in a state



of uncertainty about their product quality. Experienced engineers from equipment manu-
facturers can estimate their machines performance and improve on it, but the performance
increase or decrease cannot be quantified until manual control. If issues in performance are
found in manual control it is nearly impossible to determine when the problem was and
what caused it because the problem might have happened days or weeks ago. This shows
the need for methods or frameworks that encourage constant monitoring and self-adjusting
machines. As shown in a later chapter, this types of methods or standards have started to

emerge in the sensor-based sorting (SBS) industry.

The MRFs need to process large quantities of material in a short period of time. This caus-
es variations and disturbances in the waste stream. If two materials overlap, only the one
facing the scanner can be identified. If recovered, the contaminant will also be recovered.
In a situation where target and non-target materials are physically very close to each other
there is reasonable possibility that the materials are overlapping. An entire polyethylene
tetraphene (PET) bottle should not be discarded just because the bottle cap is made of pol-
ypropylene (PP). Manufacturers of SBS’s have their own ways of dealing with such situa-
tions within the machine parameters. Small or medium changes of these parameters can be
unrecognizable to the human eye, and confirmation of effect by manual check takes too
long. This is why larger scale testing of the performance of an automatic sorter and its in-

ternal configuration possibilities are needed.

1.2 Objective

This research aims to explore the trade-off between quality and yield of a SBS machine by
changing two key variables, named filter size and selectivity, that are used to effect sorting
performance. To understand the effects, analysis of the results will be done by using meth-
ods associated with machine learning (ML) and statistical analysis. ML algorithms are
used in the recycling industry in classification of materials (Carrera, Pifiol, Mata & Kim.
2022, p. 2). Using the same evaluation methods for physical performance evaluation keeps
the science uniform. As the performance changes it will contain sorting errors. The cost of
these errors is to be thought of with consideration to the sorting tasks found in the industry.

In the future, expansion from laboratory settings into large scale plants is desired, thus the



results produced must be in a format that is scalable. The planned laboratory test can be
made into an automatically running program performed with certain time intervals. Time is
of utmost importance and must be kept in mind. The objective is to find values for quality
and yield in the literature that are used in the creation of recycled polymers. Then to find

machine settings that achieves those.

With such research problem the research questions for this thesis are:

1. How can a sensor-based sorter be set-up for online measurement of sorting perfor-

mance?
2. What are acceptable values for quality and yield of recycled materials and why?

3. How does filter size and selectivity affect the sorting performance of a sensor-based

sorter machine and why?

4. How much contamination in recycled polymers is allowed and what are their ef-

fects?

1.3 Methods

The thesis begins with a literature review. This review is aimed to find out the current state
of polymer recycling industry, mainly aimed at sensor-based sorting applications. Also, the
sorting methods that are searched for are only SBS. Mechanical or chemical sorting meth-
ods are not included in this thesis. The literature research is thus focused on the quality

requirements of outgoing materials from MRFs.

Through the literature, information on quality requirements in the recycling applications
can be found, this will assist in answering the research questions 2 and 4, and to evaluate
the cost of errors in sorting. The literature is also used to find other experiments on the
same topic, and make sure that the practical experiment follows previously used set-up and

methods.
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To get quantifiable data on the effects of the filter size and selectivity regarding sorting
performance, a laboratory experiment will be conducted. A sorting task which is in high
demand in the recycling industry will be created. The sorting task chosen will contain pol-
yethylene (PE), PET and small amounts of PP in forms of bottle caps. These three materi-
als together account for 57,1% of the plastic demand in in Europe in 2019 (Niessner 2022,
p. 51). The materials to be used are recorded with a scanner that is to be used in the exper-
iment, their false colour images are checked to not contain any incorrectly labelled pixels.
This is done to ensure that the errors the research is looking for do not come from classifi-

cation errors, but instead are results of decision to eject or not to eject.

The analysis is done with equations native to a confusion matrix, presented in chapter 3.2
in more detail. The confusion matrix is used for model evaluation in machine learning. The
equations in a confusion matrix are the same that are used during hand counting of compo-

sition of a solid waste material stream (ASTM-E889-82-2014 2014, p.3).

1.4 Contribution

This thesis uses a confusion matrix and applies it to performance measurement of a ma-
chine. The mathematical equations of the matrix are not unique, as shown by their close-
ness to the ASTM standard. Meaning previous researchers may have derived their own
equations from different statistical analysing methods. In this research the experiment is
specifically designed to use the confusion matrix for analysis. Upon doing so its suitability
for the performance measuring is shown. With this, the research strengthens the relation

between ML model, and machine performance evaluation.

The thesis also uses similar set-up and calculations as the other researchers presented in the
literature review, thus contributing with an additional experiment done with different mate-

rials, scanning equipment, material amounts and a different classifier.
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2 Literature review

In this chapter an investigation to the literature about recycling will be conducted. To find
requirements to the quality and yield the properties of plastics must be shown and the ef-
fect of cross contamination understood. When the requirements of material qualities are
defined it is easier to adjust the sorting settings of the SBS to match them. The following

prompts were used in the search for articles:
e “Recycled polymer quality requirements”
o “Effects of contaminants in recycled polymer manufacturing”
e “Refuse-derived fuel production requirements”
e “Optical sensors in quality control of waste”
e “Digital twins in waste management”

e “Maximizing yield and quality of recycled polymers”.

General waste management plans consist of multiple steps. The European directive has six,
but the number of steps is ultimately determined by country. Their general principles are
collection of waste, processing of waste and recovery of valuable materials. Research is
done into all the steps, and during each step the consistency of the waste is evaluated. The
consistency can be solved during all the stages, using a suitable method e.g. coloured bins,

mechanical sorting based on density.

2.1 Current state of sensor-based sorting industry

Material detection is a classification problem, it is understandable that research goes into
creating the optimal classifier. Cities are trying to predict the consistency, and amount of
produced waste and thus have a better understanding of the required waste management
system they need (Gatti, Barbierato & Pozzi 2024 p. 1). Research is done into optimizing

classifiers, machine learning algorithms and thus the correct recognition of the spectral
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data (Nawrocky, Shuurman & Fortuna 2010, p. 1-3). Amongst researchers it is agreed that
the key components for successful waste sorting with automated solutions are material
distribution, particle size, presence of fines. Last one in other words presence of small ob-

jects. (Gundupalli et al. 2016, p. 8-10; Li & Chen 2017, p. 4.)

Process analytical technology (PAT) is a framework that encourages innovative solutions
and recommends using real time data for quality control and production optimization. It
originated in 2004 by the American food and drug administration and was aimed for the
medical industry. Europe followed in same way of thinking in 2005 when European Medi-
cines Agency released the roadmap to 2010 preparing the ground for the future. The key
takeaways of these were to change the industry from a testing for quality mindset more
towards design for quality. The framework has successfully been applied to the medical
industry which also uses spectroscopy in production. (Chen, Lovett & Morris 2011, p. 1;
Mantanus, Rozet, Butsele, Bleye, Ceccato, Evrard, Hubert & Ziemons 2011, p. 1-2.) In
2016 Christa Vranken and her team argues that the waste industry is in the same state as
the medical industry in the beginning of the 21* century and that the PAT tools that are
used in the medical industry could transfer over to the waste management industry. Their
findings also conclude that optical technologies offer the most flexibility in detecting con-

taminants. (Vranken, Longhurst & Wagland 2016, p. 51.)

The yield and quality on different belt coverages and thus throughputs have been studied,
however their correlation is not yet fully proven. A higher belt coverage leads to a lowered
performance (Kiippers, Seidler, Koinig, Pomberger & Vollprecht 2020, p. 62-64). This
study was furthered in research striving for the creation of digital twins of sorting plans.
Both mentioned studies show that an increase in belt coverage leads to the decrease of both
yield and quality. (Kroell, Maghmoumi, Dietl, Chen, Kiippers, Scherling, Feil & Greiff
2024, p. 7-8.)
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2.2 Other methods to solve issues in recycling

While material separation at an MRF is a current functioning method to sort the waste into
different fractions, the issues in recycling and recyclability are also being solved from oth-
er points of view. The coloured bin system is a basic example of a source separation of
materials. The yellow bin, in Germany, takes all packaging that is not made of cardboard
or paper (Bettin 2021, p 1). This is where the mixing of PP, PE, PET, and other materials
happens. Adding a bin for each material would result in large amounts of bins and require
consumers to have a stronger knowledge of the product they’re discarding as they can have
parts of the packaging made of different materials e.g. beverage container and its cap. In
countries such as Finland and Germany the manufacturers mark the containers with the
separated materials. This follows a modern manufacturing method called design for recy-

cling.

Design for recycling is as the name suggests, making products in a way that eases the recy-
cling. Methods to achieve this is to only use a single polymer to the entire product, using a
commonly recycled material such as PE, not using additives that shorten the life of the
polymer chains, designing the product so that it is easy to disassemble without tools, and
provide information how to start the recycling process. Multilayered packaging is an area
where new products are actively being developed. A toothpaste tube is of such example

that are made of different layers including an aluminium film. (Niessner 2022, p.754.)

A curious recent development in the European union is the legislation that forces beverage
companies to tether the lid to the containers (Directive (EU) 2019/904). This goes against
the methods in design for recyclability unless the caps and lids are made of the same mate-

rial.

Material selection, marking, and design for disassembly are engineering methods to in-
crease the recyclability of the product. Modern research is also done in social sciences

where it’s attempted to affect consumers decision of whether to recycle the product or not.
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This can be done through graphical design of a packaging that encourages recycling such
as layout, logo, and label. Nemat et al. in their literature review into the packaging design
in consumer behaviour found articles that argue that recycling relies on the consumers be-
liefs and knowledge about recycling. But also research that anti-littering labels have shown

promise. (Nemat, Razzaghi, Bolton & Rousta 2019, p. 8-11.)

2.3 Characteristics and use cases of recycled polymers

PET is one of the most recycled plastics in Europe (Niessner 2022, p. 51). PET products
include beverage containers sold in supermarkets. Other applications of PET include trays,
and various thermoform packaging products. Due to its high tensile strength PET can be
used to strengthen other packaging material thus creating a multilayer film or a polymer
blend e.g. coffee bags or dogfood bags. A reason PET is often used in the beverage con-
tainer industry is due to its translucency as customers like to see the drink inside the con-

tainer. (Nistico 2020, p. 1-5.)

PE is another commonly recycled plastic. It exists mainly in low-density (LDPE) and high-
density forms (HDPE). Common applications are trash and grocery bags, toys, shampoo
bottles, chemical containers e.g. laundry detergent. Characteristics of PE are durability,
resistance to UV and chemicals, not sensitive to stress cracking. PE is also not resistant to

oxidising acids or chlorinated hydrocarbons. (Niessner 2022, p. 51.)

2.4 Cross contamination and limit values

The world is trying to close the loop on plastics. Using virgin plastics goes against the Eu-
ropean 6 step waste management plan. However recycled plastics do suffer from degrada-
tion and changes in the polymer chains, changing the materials properties. This makes it
hard for the recycled plastics to compete with virgin plastics. (Juan, Paredes, Garcia-

Mufioz & Dominguez 2021, p. 2.)
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PET has a high tensile strength as compared to PE. In case of PE contamination into PET it
will affect the strength. Another result of contamination that must be kept in mind is crys-
tallisation of PET. As mentioned, PET is used in bottles due to the translucency. The trans-
lucency is a product of crystallisation of PET during its manufacturing. By having contam-
inants in the manufacturing process of recycled bottles the crystallisation changes and the
bottle is not clear anymore. Depending on manufacturer they might deem the entire batch
of recycled material unusable. It has been shown that 5 wt% of PP contamination will al-

ready have a negative effect on the product. (Itim & Philip 2015, p. 87-88.)

A sorting task in focus in EU are separation of polyolefins, mainly PE and PP. The densi-
ties of these materials are close to same which makes floating separation challenging but
still accomplishable (Hu, Fraunholz & Rem 2010, p. 72-73). HDPE containers have a cap
made of PP that introduces contamination. As previously mentioned, HDPEs properties
include slow crack growth. PP on the other hand has a higher hardness and is a more brittle
material in comparison to PE. Thus, contaminating the PE would result in a loss of tensile
strength and resistance to cracking (Karaagac, Koch & Archodoulaki 2020, p. 288-292).
Juan and teams article states (Juan et al 2021, p. 2), “according to the European union a
cross-contamination for recycled polyolefins can be significant, around 4-5 % of HDPE in

recycled PP, and 8-10 % of PP in recycled HDPE.”

Refuse-derived fuel (RDF) is produced from different types of waste, these include PE and
PP, but includes non-recyclable plastics. There is currently no legal definition of what
counts as RDF and countries are using their own definitions and terms. The general mean-
ing 1s the manufacturing of fuel using any high-calorific waste. If polyvinyl chloride (PVC)
is not removed from the waste stream, it will increase the chlorine content of the fuel. This
in the end can lead to engine corrosion and hydrochloric acid formation. Maximum al-
lowed content has been defined in Germany and is in use in Finland has been defined as <
0.15% chlorine content (Gendebien, Leavens, Blackmore, Godley, Lewin, Whiting & Da-
vis 2003, p. 155).
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2.5 Summary of literature review

Literature review shows that SBS machines are in a key role to enable recycling in the
plastics and packaging industry. They are being complemented by better source separation
and more recently design changes are done to facilitate the separation, such as using only

one polymer type for the complete product and facilitating disassembly of the packages.

Literature indicates that standardisation and innovation of intelligent performance measur-
ing techniques have worked in the medical field, and theoreticized to work in waste man-
agement. Then newer studies show usage of similar measurement techniques and results.
The more modern studies all mention that further research with different input parameters,

such as target weights and belt coverages, and equipment is needed.

Cross contamination of plastics affects their material properties, already in 5% contamina-
tion. In addition to contamination of another polymer there are hundreds of additives used
in the manufacturing industry that shape the properties. When making a recycled plastic
there are limiting factors depending on what the recycled material is going to be used in.
(Golkaram, Mehta, Taveau, Schwarz, Gankema, Urbanus, De Simon, Cakir-Benthem, &

van Harmelen 2022, p. 1-3.)
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3 Methodology

In this chapter an explanation for filter size and selectivity will be given and how they filter
the images used for the sorting task at hand. This is followed by examples an explanation
to the equations that are to be used in the statistical analysis. Finally, the devised practical

experiment that is to be conducted will be explained.

3.1 Filter size and selectivity

The variables that will be used to explore the trade-off between quality and yield are filter
size and selectivity. The SBS operates by pixel-based detection. Each pixel is classified,
and a label is given to the pixel. The labels are the materials trained in the classifier e.g.
HDPE, PET, PP. A grid is laid on the image full of labels produced by the machine. The
area under inspection is defined by the filter size. Selectivity is the percentual value that
determines how much of the filter size must be labelled as the target material for the centre
pixel to be accepted as such material. Both the filter size and selectivity are material de-
pendent. One can assign different filter sizes and selectivities to different material frac-

tions.

In figure 1 is shown a clear PET bottle with a cap made of green PP. In this situation let us
say that PP is the target material to be ejected and the PET should be rejected. Since the
object is mostly made from PET it should not end up in the ejected conveyor. However, the

PP cap will still be detected and ejected upon, lowering the quality of the sorting.

Figure 1. PET bottle with PP cap.
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A filter is then swept over the image and the content of the filter is evaluated. A passing
value is given by selectivity. In figure 2 is shown a 3x3 filter laid over the right-hand side
edge of the cap where it meets the concrete floor. Cap is represented by green, and the
floor represented by grey. Within the grid is one white contested pixel. Five pixels are cov-
ered in PP, 5/9 = 55,5%. With a selectivity under 55,5% the centre pixel will be marked as
PP. With a higher selectivity it would be marked as background.

(a) (b)

Figure 2. Effect of selectivity to a filter.

This process is repeated over the entire image. With high selectivity values it will erode the
PP out of existence and thus the machine will not eject on it. Another approach is also to
set large filter sizes and medium or low selectivities. With a larger area under inspection

smaller selectivities are enough to erode small objects.

3.2 Methods of analysis

The problem at hand is optimizing two dependent variables using two input variables.
These types of problems are known as multivariable optimization problems. Material either
is correct, or it is not. While there are one-class classification methods, this thesis has
enough materials to consider the data balanced, keeping the ratio of target to non-target
materials under 1 : 2,5. Thus the problem can be called a binary classification problem.

(Bellinger, Sharma & Japkowicz 2012, p. 1-3.) A method in evaluating these types of is-



19

sues is a confusion matrix. Confusion matrices are used in evaluating machine learning
models, but it is suitable for evaluating the performance of the machine this research. A
confusion matrix consists of true positives (TN), false positives (FP), false negatives (FN)
and true negatives (TN). In this research the TP translates to the amount of correctly sorted
objects, FP will be the contaminants in the target material stream, false negatives are
missed objects, and true negatives the amount of correctly discarded objects. A confusion

matrix can be seen in figure 3.

Figure 3. Confusion matrix that is to be used in performance evaluation of the automatic

sorting machine (Murel & Kavlakoglu 2024).

The precision of model and machine sorting can be acquired by dividing the true positives
with the sum of true and false positives as in the equation below (Ting 2010, p. 1). In prac-

tical tests this will be the quality of the sorted product.

b P (1)
TP+FP

Recall of machine and model is a measurement of how often the correct positive instances
are achieved out of all positive instances. It can be calculated with dividing the true posi-

tives by the sum of actual positive events know, which are the true positives and false neg-
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atives. (Ting 2010, p. 1.) Calculation of recall shown in equation below. In laboratory tests
this translates to the amount of target objects were captured from the total amount of tar-

gets. In other words, the yield of the sorting task.

oo P @)
TP+FN

Accuracy of machine performance can be determined by dividing the correct predictions
by all predictions, as in equation below (Ting 2010, p. 1). In practical tests this will show

the percentage value of how many objects ended up in the correct sorting conveyor.

P TP+TN 3)
 TP+FP+FN+TN

A value that is of interest is the general performance of the machine. Accuracy is a good

metric when the weighted importance is on the true positives and negatives.

The researcher is expecting that by decreasing the selectivity an increase in yield is to be
found but a decrease in quality. By increasing the selectivity, a decrease in yield but in-
crease in quality is expected. To examine whether filter size or selectivity is more effective
in changing the outcome of the sorting, a linear regression will be performed, and a line
fitted into the data. A measurement used by other researchers to measure correlation be-
tween sorting parameter changes to quality and yield is the R? value (Kroell et al 2024, p.
10-12). The R? is the coefficient of determination and is used to measure the fit of the line

to the measured results. It is easier to understand intuitively than the simple R.

The expected results form points that contain two values. On X and Y axes will be quality
and yield. This is in other words a PR-plot. While the plot will contain all the resulting
points, there are the points that are non-dominated or so called pareto optimal set. What

this means is that each pareto point has no other point that has both better quality and yield.
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Another pareto point will have better quality or yield, but not both. This thus means that all
the dominated points contain machine setting combinations that can be discarded, as there

is always another that will produce higher results.

3.3 Practical experiment

Equipment to test the parameters is done using a material loop. A block drawing with
markdowns for each component is shown in figure 4. The looping is done using conveyors.
The main conveyor on top of which the material detection occurs shall be referred to as the
sorting conveyor (1). Close to the end of the sorting conveyor is the detection unit (2)
which provides the data to make the decisions of ejection. At the end of said conveyor is a
valve block (3). The space between each valve (4) is 12,5 millimetres. These valves give
out short air bursts to eject the material. The ejected (5) and rejected (6) materials will land
on a conveyor that has been split into tracks using a divider. Both tracks pass under an ana-
lysing scanner (7) that will be measuring the true positives and true negatives of the sort-

ing.

\J

Figure 4. Functional drawing of the material loop.
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Material consistency

The experiment lays importance on the effect of filter size and selectivity and not on the
correct classification of material. The ejected target material is PE, and the contaminant
material PET. The consistency of the input feed is set to 30% PE and 70% PET. The mate-
rial to be used contains PET bottles and PET trays, and the PE objects are blue and white
bottles. Some of the PET bottles used have a bottlecap made of PE. This is good for the
experiment since one can now expect that with certain machine settings these will cause

sorting errors.

Static settings of the experiment

To achieve consistent and precise results a few basic parameters must be set for the exper-
iment. The time it takes for the material to complete one full loop is of importance to de-
termine the sampling frequency. In the beginning of each round new values for filter size
and selectivity are inserted. It is expected that the sorting needs time to stabilize before
sampling starts. When a selectivity change from 90% to 10% happens, a change in filter
size will also occur. If a sampling measurement would be taken at the same time as the

setting change, the measured values would represent the results of the previous test round.

After initial testing a 3 m/s velocity of the sorting conveyor resulted in a loop time of 30
seconds. It was decided to give the material two complete loops before sampling. Sampling
will occur with a 60 second interval. Running each parameter combination for 5 minutes

will thus yield three datapoints for each round.

To ease the processing of the data it is important that all measurements have happened
withing the timeframe of their respective round. To ensure that setting changes and result
measurement happens correctly, both the sorting and analysing machine are connected to
an edge device from which the commands to change the variables come from. This edge
device is used as a time server for both machines and thus have the same time stamps. Dur-
ing the experiment material is ejected and goes either to the drop or ejected conveyor.

Which gives the material a different loop time. If an ejection is clear and strong the flight
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of the object is higher and takes longer to land. This means that there will be a short mo-
ment of setting change to new ones while ejected material have not yet made it to the ana-
lysing scanner. This is why the data sample is counted as a contaminated minute. In table 1

are shown the static settings of the experiment:

Table 1. Static settings of the experiment.

Sorting conveyor velocity 3m/s
Loop time 30 seconds
Datapoints per round 3
Sampling frequency 60 seconds
Time to stabilize parameter change 120 seconds
Time of one round 300 seconds

Variables of the experiment

In this experiment 72 combinations of filter sizes and selectivities are tested and their ef-
fect on yield and quality are tested. After consideration filter sizes will be set as square
filters NxN with N uneven. The selectivities that are inputted to the test range from 10 to
90 with an increment of 10. A three-by-three square filter contains 9 pixels. One pixel thus
has a worth of 11,1%. Incrementing with less than 11,1% would have no effect on the sort-

ing.

The analysing scanner track one measures the amounts of target material and contaminants
on the analysing conveyor. Through simple division the purity of the material that has
passed through within the last 60 seconds will be found. Analysing scanner track two per-
forms the same operation but instead measuring the amount of contaminant in the ejected

material. Purity of this is achieved by simple division.

With these variables, going through all the filter sizes and selectivities will contain 72 test-
ing rounds. Five minutes for each round gives a total time of six hours. Experiment is to be

ran for a full round per day for four days. This will amount to 24 hours of experimentation
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and yield 216 datapoints for both quality and yield. In table 2 are shown the variables of

the experiment

Table 2. Variables of the experiment

Filter size 3x3 to 17x17 with 2-unit interval
Selectivity 10 to 90 with 10 intervals

Purity of eject To be measured

Purity of reject To be measured
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4 Results and analysis

In the following chapter the results of the practical tests are shown in different graphs
based on calculations shown in methodology chapter. Their results are compared to the
findings from the literature review. The chapter contains the analysis of each figure and
result in each of its subchapter. And thus, showing the result and analysis together makes it

possible to answer the research questions.

4.1 Results per selectivity and filter size

In the practical research the quality was tested by varying filter size and selectivity of a
sensor-based sorter. As expected from figure 5 it can be seen that by increasing the selec-

tivity the system achieves a higher quality on each filter size.

Quality in increasing selectivity

Filter size [px]
— 3
5
_—7
— 9
11
13
15
17

Quality [%]

10 20 30 40 50 60 70 80 90
Selectivity [%]

Figure 5. increasing selectivity increases the quality.

Also, as was expected when quality rises the yield drops. This since the system becomes

more careful in its ejection. The drop in yield can be seen in figure 6.
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Yield in increasing selectivity
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Figure 6. Decreasing yield with increasing selectivity.

The results show steeper curves in the variation of quality and yield when varying the se-
lectivity value of the machine compared to varying the filter size. The maximum variation
of quality from 10 to 90 on selectivity becomes 13%. This shows that the selectivity is an

effective variable to be used in the machine optimisation.

By varying the filter size and holding a static selectivity one can achieve a variation of 3%
in the quality of the sorting. It must be noted that the variation happens mostly in the >90%
area as shown in figure 7, meaning that one cannot discard the effectiveness of the filter
size. It is clear that selectivity is the stronger variable of the two and it has a larger effect
on the sorting performance. The reason for this is that the filter size determines the area
under inspection, but the actual decision of ejection comes from the content of the area.

The content labelling is strongly affected by selectivity.
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Quality in increasing filter size
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Figure 7. Variations in quality on increasing filter size.

4.2 Effect comparison between filter size and selectivity

By performing a linear regression and fitting a slope on the selectivity and filter size in
comparison to quality of the product, the R? values can be calculated. The fitted line of
quality to selectivity can be seen in figure 7. The achieved R? values for selectivity on
quality was 0,55. And for filter size to quality 0,15. The low value can however be under-
stood due to the non-linearity of the data as previously shown. With selectivity values un-
der 50% the rise in quality and drop in yield is somewhat linear. With higher values the
effects become stronger and non-linearity appears, making the R? value lower. Together
selectivity and filter size does explain 70% of the changes in the quality showing that they
a good method to affect the sorting of the machine. The R? measurement does not always
function well with non-linear results. To better understand the predictability and relation-
ship between selectivity and quality another analysis method was applied. A polynomial
regression curve was fitted on to the data as seen in figure 8. Then the mean squared error
(MSE) was calculated for both the linear and polynomial curves. The results show that the

polynomial linear estimation is off by 3,5%, and the polynomial curve by 3,13%. From
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figure 8 a linear fit underestimates the quality at selectivities 20-50 and in return overesti-
mates at the 70-90 values. This results in the error averaging each other out and becoming
low. The better fit is achieved by the linear curve that also includes some overestimation

on the 70-90 selectivities but still smaller than the linear.

Quality vs. Selectivity with Fitted Curves

Quality [%]

® Observed values
—— Fitted polynomial curve
° —— Fitted linear line

10 20 30 40 50 60 70 80 90
Selectivity [%]

Figure 8. Regression curves on quality estimation per selectivity.

4.3 Accuracy of the experiment

The accuracy of the sorting is calculated as in equation 3. The accuracy thus lays weight on
the true positives and true negatives of the sorting. This means the accuracy is a percentual
value of how many objects ejected and rejected was done correctly of all the object on the
sorting belt. With low selectivity the accuracy is lower, a higher selectivity equals a higher
accuracy. A notable point is that the curves are non-linear and that the accuracy plateaus
shortly after selectivity 60, and at the highest selectivities the accuracy curves take a slight
downward direction. The accuracy plot effectively combines the previous quality and yield
plots into one graph. Accuracies of the experiment by filter size shown in figure 9. De-

pending on filter size the highest performances are found in the selectivity 60 and 70 re-

gion.
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Accuracy of sorting
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Figure 9. Accuracy of the sorting task.

4.4 Precision-recall-plot

The precision recall-plot (PR-plot) is another way of viewing the performance of the sort-
ing machine as precision translates to quality in this research and recall to yield. In the
scatterplot are placed all the averaged quality and yield results of each filter size and selec-
tivity combination. From this plot it is possible to choose limit values for the wanted re-
sults and thus choose an area. Within this area are all the configurations that will provide

results achieving the conditions required by the area. PR-plot shown in figure 9.

In the PR-plot a clear trend is seen of increasing quality to decreasing yield. As finding the
best settings is a multi-objective optimization problem, a way to show all the non-
dominated settings is a pareto front. The pareto points in this graph are settings that yield
non-dominated results, in layman’s terms points that have no other points that have higher

result values on both axes. The pareto front can be seen in figure 10 as the red dots.
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To answer research questions 2 and 4 of what are the limiting factors for the acceptable
results, and which machine settings can be discarded can now be answered with a case
example, a PET clear sorting task needs a purity of minimum 95% or otherwise the trans-
lucency of the PET bottle is compromised due to the PE affecting the crystallisation of the
recycled PET. There are no scientific requirements for yield as it has no effect on the wor-
thiness of the recycled polymer. Yield is instead directly correlated to the profitability of
the recycling process. The wanted values for quality and yield can now be queried from the
dataset produced by the practical experiment and the output will be all the settings that
provide the acceptable results. A selection of the settings is then up to the person depend-

ing on their preference. One can lay more importance on either the quality or the yield.

Pareto optimal points in a PR-plot

[ ] [
° [)
[ (] [(J
[ )
L] a :.\.p. ,._.‘.
.. o0 .. .g
[
-_°¢‘-
%° e Selectivity [%]
° 15
= [ ]
S 30
2 e 45
§ o, e 60
° e 75
e 90

Yield [%]

Figure 10. PR-plot with pareto front.
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5 Discussion

In this research the trade-off between yield and quality of an SBS was explored using two
variables. It was done with regards to limits from real world sorting tasks, and then results
were analysed using the mathematics of a confusion matrix. The effects of filter size and
selectivity have been shown. Their effectiveness to change the outcome of a SBS has been

shown with regards to quality limits found in literature review.

5.1 Literature evaluation metrics

To ensure objectivity of this research, an investigation into the references was performed.
Each reference of this thesis was checked, and their publishers’ rankings were evaluated.
The references used are published in journals, books, accredited universities, and one done
by an independent researcher. The independent researcher had their work published in a
journal with good cite score, impact factor and belonging to the Q1 category of the SJR

Score.

The cites score and impact factor were looked up for each of the references used in this
thesis. The median of the cite score was 9,95 and the impact factor (IF) was 5,9. While cite
score is a relatively new way of evaluating journal, started in 2016. It has received good
feedback from the scientific community. By browsing online, a score of 9,95 is deemed as
good and shows that reputable sources have been used. An impact factor of 5,9 is also
deemed to be good. It measures how much influence a particular journal has in the scien-
tific community, often achieved after multiple citations per article. It was noticed that the
references that were above the median come from journals that have a wider reader base,
e.g. Journal of cleaner production, IF 11,1. And Resources, Conservation and Recycling,
IF 13,2. The smaller scores come from Journal of Near Infrared Spectroscopy IF 1,2. And
Applied spectroscopy IF 3,5. This would further support the previously mentioned state-

ment that SBS are a new technology and public research is harder to come by.
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5.2 State of the recycling industry

In the literature review it was noted that modern manufacturers are using design for recy-
clability principles in their products. Meaning that only one type of polymer is used to cre-
ate the product, the product is easily disassembled if multiple materials are used. A curious
recent development that goes against these principles is the European union’s legislation to
tether caps to their containers. This becomes mandatory in July 2024 (Directive (EU)
2019/904). There are beverage containers made of PET and caps made of PP or PE. Both
cap materials have a negative effect on the clear PET bottle. A 5% contamination of clear
PET leads to the decrease in the translucency of the product, rendering it unusable for the

beverage companies (Itim & Philip 2015, p. 87-88).

Separation of cap and container cannot be done by the equipment used in this thesis. It
needs to be performed somewhere in the pre-processing of the waste using crushers or con-
sumers disassembling the cap by hand. However, with modifications in the data analysis
process of the machine the effect of this EU directive into recycled clear PET quality can

be assessed and measured.

The statement made in 2016 by Vranken et al. that the recycling industry is where the med-
ical industry was 20 years ago. They stated that the recycling industry is in testing for qual-
ity phase and should move towards a design for quality approach (Vranken et al. 2016, p.
51). The literature shows that this is being done using design for recycling principles
(Niessner 2022), research into better classifier creation (Gatti et al. 2024 p. 1), simulations
of recycling plants (Kroell et al. 2024, p. 14), and this thesis. The experimental set-up used
can be installed in a MRF to receive online data from the recycling process. With some
further development, to be discussed in chapter 5.7, the machine can be made to perform
online changes to the sorting settings furthering the application of PAT in the recycling
industry.
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As literature review showed public research is being done on the classifiers of sensor-
based sorting machines. The literature review shows that researchers agree that an in-
creased belt coverage results in a lowered performance. A question that arises from these is
the lowered performance related to the quality or the yield? The quality of a recycled prod-
uct is a scientifically quantifiable value that measures well the correct detection and gives
researchers valuable information on their classifiers and software. It is also imperative to
determining what can be done with the product since material properties change with the
amount of contamination e.g. tensile strength, chlorine content, translucency. However,
one should not forget that yield is where material recovery facilities make the profit. This
makes limits to the yield hard to determine without in-depth knowledge of a facility’s fi-

nancial model.

The design for recyclability methods includes aspects to social engineering where labels
and logos are designed to influence consumers and their recycling habits. Nemat et al.
showed that research support both that consumers habits can be affected with containers
showing how to recycle, and by labels containing anti-littering messages. (Nemat et al.
2019, p. 8-11.) An effective way to affect people is the deposit return scheme. In Germany
the return deposit scheme has led to a return rate of beverage containers up to 96% (Pet-
core 2022, p. 1). The deposit scheme can be extended from beverage container to packag-
ing as has been done in Norway where the deposit scheme includes PE (Deloitte 2019, p.
12). These two methods of having messages in packaging and deposit schemes work on
different mentalities of consumers which raises an interesting sociological point. Do people
recycle because of environmental awareness or because there’s a monetary aspect in-

volved.

5.3 Uniformity of measurements

In this research one full variable sweep consisted of 72 runs, each lasting five minutes. The
first sampling point was chosen to be discarded as it may contain contamination of previ-
ous round. Thus, each quality and yield are the mean of four measured values. The average
of two points is too susceptible for false readings. While more datapoints can average out

false readings, it is important that the test results can be repeated as they are to be in future
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experiments. To determine the reliability of each obtained value the average and the stand-
ard deviation of each index round was calculated. The amount of material ejected by each
filter size is shown in figure 11 along with the deviation of the measurements. The meas-
urements have a low spread and the amount of deviation within rounds stayed small. What

=)

can also be seen in the figure is the rise in selectivity results in a reduction of material
ejected, further showing the decrease of yield.
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Figure 11. Ejected material with errors.

5.4 Key results

Selectivity is the stronger machine setting of the two. Selectivity is the parameter that in
the end decides if a pixel is counted as target material or contaminant. Filter size deter-
mines the area where selectivity works. Since filter size defines the area, it can be used in
combination with selectivity to erode small object out of existence, its possibilities require
further consideration. It could be the stronger variable in a sorting task where ejection
needs a minimum size. By setting the filter size high it allows for a wider range of selectiv-
ity values as the limit of eroding pixels decreases. The level of difficulty in performance
analysis would increase as then there would be more intentional misses in object ejection,
resulting in a lowered yield. Keeping in mind the diversity of possibilities in sensor-based
sorting and requirements for recycled polymers, there is no one best solution for all sorting

tasks. However, by applying a PR-plot with a pareto front it is possible to reduce the
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amount of testing and optimising that needs to be done to a sorting task. The process can
further be shortened by acknowledging that the extreme values being selectivity 10, 20, 80
or 90 have a large effect on the performance. When using these values, the accuracy of the
sorting will be lower but either quality or yield will be high. The decision to use these val-
ues can be made in cases where the limit on quality is a hard limit defined by regulation,

such as the chlorine content of RDF.

5.5 Novel results

The confusion matrix is primarily used in defining the performance of a classification algo-
rithm. It allows for very complex analysis and performance metrics. In this thesis it was
used to measure physical performance of a machine. The analysis methodology used in this
research was shown to be compatible with machine performance analysis. During the anal-
ysis the precision (quality), recall (yield), accuracy, and PR-plots native to the confusion
matrix methods were successfully for the analysis. Further methods native to the confusion
matrix and classification problems were tried. The results were determined to be non-
conclusive, irrelevant, or simply not fitting for the type of data used in the thesis and thus

were left out.

A term often used in the sensor-based sorting industry is the sorting aggressiveness. It
means to sort more materials out of the waste stream with importance on yield over quali-
ty. In this thesis the pareto front of the optimal sorting settings have been identified and
shown. To make the machine one step more aggressive would be to change the configura-
tion to the next point towards higher yield. Having this term defined and having a graph
showing the effects makes it possible to explain it clearly that going more aggressive
comes with a price, and that the price is higher in the higher steps of aggressiveness due to

the non-linear nature of the PR-curve.
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5.6 Generalizability and usability of results

During the planning of this thesis and specifically the practical experiment, assumptions
had to be made. The experiment was designed to explore the quality and yield trade-off
assuming that objects on the sorting belt had correct classification. The classifier was pre-
viously developed for a sorting plant, and at the time of writing is in use. This eases trans-
ferring future research from laboratory setting to the field. For the experiment no additional
data was added to the classifier. By excluding the classifier creation and optimization, the
focus has been focused on the effects of filter size and selectivity. One can assume that
upon repeating the experiment with other materials the relation between filter size and se-
lectivity would still hold true, given that the classifier has good detection. An increased
throughput will lead to more problem situations and thus the amount of ejection decisions
will be made. One can expect that the quality and yield go up or down depending on input
material changes. But the general relation between increasing selectivity and increasing

quality stays the same.

5.7 Further research implications

As other researchers have stated further experimentation with different materials, detection
equipment and belt coverages are needed (Kroell et al. 2024, p. 14). A study to see more
variation in the effects of filter size and selectivity would be to conduct the same experi-
ment but with a larger belt coverage e.g. outside of a laboratory environment. It is safe to
assume that in such operating conditions the overlapping of material become more frequent

and thus larger changes in quality and yield become present.

In this experiment running a full sweep lasted six hours. This is not fast enough if one
would like to create a program that responds to changes in the input waste stream such as
introducing a new polymer or pulsating throughput. However, the study already ruled out
settings that hold less than acceptable results in a constant non-changing material stream
and thus effectively reducing the amount of time it takes to complete a test of possible set-

tings.



37

A valuable future experiment would be to set up a similar result verification system on a
sorting plant. Run the initial program to find the base level points. From this an algorithm
can be developed with a reward system. This way the machine is constantly looking for the
most suitable settings. This reduces the amount of time needed to adapt to change and

would further the waste industry moving away from testing to quality.
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