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Abstract

Mechanical recycling of post-consumer plastic packaging is characterized by a high lack of
transparency due to the high effort of manual material flow characterization. As a consequence,
optimizing collection processes in a targeted manner as well as adaptively designing and op-
erating sorting and processing plants are often not possible, and confidence in secondary raw
materials is often missing. This dissertation demonstrates how sensor technology in mechanical
recycling can evolve from a sorting technology towards a key technology for enabling value-
chain-wide transparency, and what optimization potentials can be derived from this enabled
transparency.

In the first part of the dissertation, a systematic literature review was conducted, which intro-
duces a unified terminology, provides a comprehensive overview of the current state of research
and identifies ten essential future research potentials. In the second part, novel characterization
methods for extracting mass-based material flow compositions from area/volume-based sensor
data were developed. Machine learning models were successfully trained to determine binary
compositions of plastic flakes and post-consumer plastic packaging with a measurement uncer-
tainty of 1.2 vol% and 2.4 wt%, respectively, across different material flow presentations and
compositions using near-infrared (NIR) sensors.

Based on the developed characterization methods, two novel sensor technology applications
were demonstrated at industrial scale in the third part. First, a sensor-based quality monitor-
ing of plastic pre-concentrates from sorting plants was developed using inline NIR sensors. The
results showed that for a PET tray fraction as an example, sensor-based quality control of mass-
based product purities is possible with a measurement uncertainity of 0.31 wt%. In comparison
with state-of-the-art sampling-based quality analyses, it was shown that more than 350 kg of a
600 kg PET tray pre-concentrate bale would need to be analyzed manually to achieve a compa-
rable measurement accuracy. Second, inline NIR sensors were used for sensor-based process
monitoring of an industrial sensor-based sorting (SBS) unit. Using artificial neural networks,
the process data was used to develop a process model that can predict the sorting behavior of the
SBS unit across different sorting scenarios with a mean absolute error of 3.0%.

In summary, the dissertation demonstrates the promising potentials of sensor technology in
optimizing the circular economy. Based on the generated transparency, future process improve-
ments can be implemented in individual process stages and across value chains, thus increasing
the quantity and quality of recycled materials and the resulting ecological and economic benefits.
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Zusammenfassung

Dasmechanische Recycling von Post-ConsumerKunststoffverpackungen ist durch den hohen
Aufwand einer manuellen Stoffstromcharakterisierung von einer weitgehend fehlenden Trans-
parenz geprägt. Aufgrund dieser fehlenden Transparenz können Sammelprozesse häufig nicht
zielgerichtet optimiert werden, Sortier- und Aufbereitungsanlagen nicht adaptiv auf schwanken-
de Inputstoffströme ausgelegt werden und es fehlt oftmals an Vertrauen in Sekundärrohstoffe.
Die vorliegende Dissertation zeigt auf, wie sich Sensortechnik im mechanischen Recycling von
einer Sortiertechnologie hin zu einer Schlüsseltechnologie zur Ermöglichung von Transparenz
weiterentwickeln kann und welche Optimierungspotenziale sich daraus ableiten lassen.

Im ersten Teil der Dissertation wurde hierzu ein systematisches Literaturreview durchgeführt,
welches eine vereinheitlichte Terminologie einführt, einen fundiertenÜberblick über den aktuel-
len Forschungsstand gibt und daraus zehn zukünftige Forschungspotenziale aufgedeckt. Im zwei-
ten Teil wurden neuartige Charakterisierungsmethoden zur Extraktion massenbasierter Stoff-
stromzusammensetzungen aus flächen-/volumenbasierter Sensordaten entwickelt. Hierbei ge-
lang es, Machine Learning Modelle zur trainieren, mit denen sich binäre Zusammensetzungen
von Kunststoffflakes und Post-Consumer Kunststoffverpackungen mit einer Messunsicherheit
von respektive 1,2 vol% und 2,4Ma.-% über verschiedene Stoffstrompräsentationen und -zusam-
mensetzungen hinweg mittels Nahinfrarot (NIR)-Sensoren bestimmen lassen.

Basierend auf den entwickelten Charakterisierungsmethoden wurden im dritten Teil zwei in-
novative Sensortechnik-Anwendungen im industriellen Maßstab demonstriert. Erstens wurde
ein sensorbasiertes Qualitätsmonitoring für Kunststoffvorkonzentrate aus Sortieranlagen mit-
tels Inline-NIR-Sensoren entwickelt. Hierbei wurde amBeispiel einer PET-Tray Fraktion gezeigt,
dass es möglich ist, massenbasierte Produktreinheiten sensorbasiert mit einer Messunsicherheit
von 0,31 Ma.-% zu bestimmen. Im Abgleich mit probenahmebasierten Qualitätsanalysen nach
Stand der Technik zeigte sich, dass mehr als 350 kg eines 600 kg PET Tray Vorkonzentratballens
manuell hätten analysiert werden müssen, um eine vergleichbare Messgenauigkeit zu erzielen.
Zweitens wurden Inline-NIR-Sensoren zum sensorbasierten Prozessmonitoring eines industri-
ellen Sensorsortierers eingesetzt. Mittels künstlicher neuronaler Netze wurde hieraus ein Pro-
zessmodell entwickelt, das das Sortierverhalten des Sensorsortierers über verschiedene Sortier-
szenarien hinweg mit einem mittleren absoluten Fehler von 3,0 % vorhersagen kann.

Zusammenfassend demonstriert die Dissertation vielversprechende Potenziale von Sensor-
technik zur Optimierung der Kreislaufwirtschaft. Auf Basis der erzeugten Transparenz können
zukünftig Prozessverbesserungen in einzelnen Wertschöpfungsstufen sowie wertschöpfungsket-
tenübergreifend implementiert und damit die Menge und Qualität im Kreislauf geführter Mate-
rialien und daraus erzielte ökologische und ökonomische Vorteile gesteigert werden.
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1 Introduction

1.1 Motivation

Despite inhabiting only a single planet, humanity currently exhausts the resources equivalent
to more than 1.7 earths (Lin et al., 2023). Accelerating climate change (IPCC, 2023), continuing
biodiversity losses (Dirzo et al., 2014; WWF, 2020), and increasing pollution of terrestrial and
marine ecosystems (Horton et al., 2017; Jambeck et al., 2015; Prata et al., 2020) are already paint-
ing a drastic picture of future consequences of a life beyond our planetary boundaries (O’Neill
et al., 2018; Rockström et al., 2023; Rockström et al., 2009; Steffen et al., 2015). To ensure a
habitable planet for current and future generations, transitioning the world to sustainable devel-
opment has thus a global priority and necessity (UN General Assembly, 2015).

A significant factor propelling these environmental impacts is the extraction and processing
of natural resources, currently contributing to about 50% of global greenhouse gas emissions
and more than 90% of water and biodiversity stress (IRP, 2019). Global material extraction has
tripled from about 27 billion tons in 1970 to about 92 billion tons in 2017 (IRP, 2019) and may
more than double by 2050 (IRP, 2017).

The Circular Economy (CE) proposes a solution to these pressing issues, seeking to decouple
economic growth and societal well-being from the environmental impacts of resource utilization,
by extending the life cycle of products, materials, and resources as long as possible and fostering
a sustainable, low-carbon, resource-efficient, and competitive economy (European Commission,
2020). Effectively implementing CE requires the interplay of various R-strategies (Kirchherr et
al., 2017; Kirchherr et al., 2023).

One of these R-strategies is recycling, which aims to transform unwanted waste into demanded
secondary rawmaterials (Pretz et al., 2020). In 2020, the EuropeanUnion (EU) 27+3 alone gener-
ated approximately 776.3million tons (Eurostat, 2023) of waste (excludingmajormineral wastes)
– presenting a vast opportunity to reclaim secondary raw materials and realize the associated en-
vironmental benefits of primary raw material substitution (Schwarz et al., 2021; Zhang et al.,
2023).

However, global resource demand is currently still heavily dependent on primary resource ex-
traction. Presently, the world is estimated to be just 7.2 wt% circular (Circle Economy, 2023),
and even the EU, despite being recognized as a CE pioneer (European Commission, 2019, 2020),
sourced only a mere 12.7 wt% of its raw material supply from secondary resources in 2021 (Eu-
rostat, 2023). Significant improvements in current material cycles and value chains are thus nec-
essary to increase both the quantity and quality of recovered secondary raw materials (European
Commission, 2020; European Parliament and Council, 2018).
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1.2 Optimization potentials in recycling: Lack of transparency

1.2 Optimization potentials in recycling: Lack of transparency

Modern recycling systems of post-consumer, mixed waste streams consist of several stages
(Figure 1.1). After their use-phase,materials declared aswaste are collected depending on country-
specific collection schemes. Sorting plants pre-treat and sort the collected waste streams intoma-
terial and/or color-specific pre-concentrates. Pre-concentrates as well as material streams from
mono-collection are then further processed into secondary raw materials by processing plants.
The generated secondary raw materials can then substitute primary raw materials during pro-
duction processes and thereby re-enter the material cycle. (Feil & Pretz, 2020)
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Figure 1.1. Simplified elements of modern recycling systems for post-consumer, mixed waste
streams based on (Feil et al., 2021) and negative influences of a lack of transparency
on material circulation; SRM: secondary raw material; #i references for Section 1.2.
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1.2 Optimization potentials in recycling: Lack of transparency

Especially the collection, sorting, and processing stages are subject to a considerable lack of
transparency regarding up-to-date material flow characteristics, which significantly hampers the
overall material circulation (Figure 1.1):

• Duringwaste collection, region-specific material flow compositions and impurity contents
are often unknown, such that public campaigns to improve the quality of separate collec-
tion can often only be carried out in a general and unspecificmanner (#1 in Figure 1.1) and
citizens often lack feedback or incentives on effective separate collection (#2) (Initiative
Mülltrennung wirkt, 2021). Both effects lead to material losses as residual waste towards
energy recovery (Kuchta & Picuno, 2020) or high impurity contents in the collected waste
streams, which hamper subsequent sorting processes and lead to material losses towards
energy recovery (#3, #4) (Brune & Feil, 2020; Nigl et al., 2021; Wieczorek, 2017).

• Due to lacking up-to-date material flow information, sorting and processing plants are
mostly operated at static process parameters (#5), which, in combination with fluctuat-
ing material flow properties, can lead to considerable material and/or quality losses (#4)
(Küppers et al., 2022).

• A lack of transparency regarding produced pre-concentrate and recyclate qualities leads to
inefficient secondary raw material markets and a lack of incentives (#6) for plant operators
to further improve secondary raw material qualities (#4) (Knappe et al., 2021).

• Due to the lack of up-to-date material flow information from the collection, sorting, and
processing stages, product and packaging designers often lack (real-time) feedback on real-
world sortability and recyclability of end-of-life products and packaging (cf. Pomberger,
2021). Consequently, products and packaging are not always optimally sortable and re-
cyclable, leading to avoidable material losses and/or low pre-concentrate/secondary raw
material qualities (#4).

• Due to the accumulated losses fromcollection, sorting, and processing stages (Picuno et al.,
2021), only a small amount of secondary raw materials is made available (cf. Section 1.1),
which, together with fluctuating or insufficient secondary raw material qualities (cf. #3),
hampers large-scale substitution of primary raw materials (#8).

A major reason for the prevailing lack of transparency in the recycling sector is that material
flow characteristics so far had to be determined mostly manually via sampling and manual sort-
ing analyses or laboratory measurements (e.g., European Committee for Standardization, 2005,
2006; Länderarbeitsgemeinschaft Abfall, 2001), cf. Figure 1.2b. This procedure is (i) personnel-
and cost-intensive (Borowski, 2018), (ii) highly dependent on the sampling quality (Khodier et
al., 2020), and (iii) characterized by a considerable time delay between sampling and available
results (Flamme & Krämer, 2015). Consequently, manual material flow characterization is often
carried out infrequently, resulting in the prevailing lack of transparency (Borowski, 2018).
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1.3 A new key role for sensor technology

1.3 A new key role for sensor technology

A solution to these problems by providing more transparency could lie in sensor technology.
While optical sensors have been so far mainly been used for sensor-based sorting (SBS) (cf. Fig-
ure 1.2c) in the recycling industry, sensor technology could evolve into a new role: In the future,
sensors could not only be applied for SBS but be transformed into a key technology for bringing
transparency into recycling value chains and thereby unlocking novel optimization potentials for
implementing the CE (Figure 1.2d). This new perspective and the methods for the implementa-
tion of it will be referred to as sensor-based material flow characterization (SBMC).
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Figure 1.2. Manual and sensor-based characterization and sorting technologies; MFC: material
flow characteristic; ML: machine learning.

SBMC has the potential to help to solve existing problems of manual material flow character-
ization, as the characterization happens (i) automatically, (ii) 24/7, (iii) inline, and (iv) in nearly
real-time (Kroell, Chen, Greiff, et al., 2022). Based on the transparency acquired by SBMC in
recycling value chains, novel applications such as sensor-based quality and process monitoring,
adaptive process control of sorting and processing plants, ormodeling of recycling chains via dig-
ital process twins could be enabled. These novel SBMC applications could help to significantly
advance CE through higher-quality secondary raw materials and lower material losses.
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1.4 Research gap, aim, and overarching research questions

1.4 Research gap, aim, and overarching research questions

While sensor technology for SBS has been state-of-the-art for several years across various ma-
terial flows (Gundupalli et al., 2017), the use of sensor technology for further SBMC applications
such as sensor-based quality or process monitoring has been scarcely investigated so far (Kroell,
Chen, Greiff, et al., 2022). It is therefore currently largely unclear if and how sensor technology
can be applied to characterize material flows outside of SBS applications, and if and how novel
SBMC applications can be implemented based on developed characterization methods at indus-
trial scales. To close this research gap and demonstrate that the aforementioned potentials are
not only theoretically imaginable but also technical feasible, this dissertation aims at proving the
following hypothesis:

In addition to state-of-the-art sensor-based sorting, it is technical feasible to use sen-
sor technology for the inline characterization of post-consumer material flows with
industrial-relevant accuracies and at industrial scales. Based on the extracted ma-
terial flow characteristics, novel SBMC applications can make the value-chain-wide
material circulation more transparent and efficient.

To prove this hypothesis, three overarching research questions (RQs) need to be positively
answered:

RQ I. State of research: Which existing research findings can be used, and which research
gaps have to be filled to enable an inline SBMC of post-consumer waste streams?

RQ II. Characterization methods: How can the open research gaps from RQ I be closed
and thus the sensor-based inline characterization of post-consumer material flows
regarding their mass-based material flow compositions be enabled?

RQ III. Applications: Can the developed characterizationmethods fromRQ II be translated
into novel, industrial-scale SBMC applications to enhance CE?

To answer RQ I, a general overview on sensor technology applications inmechanical recycling
should be given. Then, RQ II and RQ III should be answered based on practical case studies of
lightweight packaging waste (LWP). Due to the high heterogeneity and complexity (e.g., influ-
ences of packaging design, post-consumer effects, missing bulk properties, high and complex
impurity contents [Feil et al., 2021]), LWP waste is excellently suited as a transfer platform to
other material flows. Once the stated hypothesis is proven for the case study of LWP, the gener-
ated insights can be transferred to other waste streams in future work, as discussed in Chapter 5.
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1.5 Dissertation structure

1.5 Dissertation structure

To answer the overarching RQs and prove the stated hypothesis, the dissertation is structured
into six chapters (Figure 1.3). Following the introduction (Chapter 1), first, Chapter 2 will aim at
identifying research gaps that hamper the technical feasibility of inline-SBMC of post-consumer
waste streams (RQ I) based on a systematic literature review (Publication A).

Second, two characterization approaches are developed inChapter 3 for the sensor-based char-
acterization of LWPwaste streams regarding theirmass-basedmaterial flow composition (RQ II).
In a first particle-level approach, a novel Python package for the automatic extraction of parti-
cle features from sensor data (imea) is developed (Publication B), based on which a machine
learning (ML)-based approach for the particle mass prediction from sensor data is created (Pub-
lication C). In a second material-flow-level approach, regression approaches are applied to di-
rectly predict mass-based material flow compositions from sensor data (Publication D), and the
underlying dataset is made available to other SBMC researchers (Publication E).

Third, the developed characterization methods are applied to the industrial-scale demonstra-
tion of two novel SBMC applications in Chapter 4 (RQ III): In Publication F, an inline sensor-
based quality control of pre-concentrates in LWP sorting plants is developed. In Publication G,
a data-driven process model of an industrial-scale SBS unit is developed and its potentials for
digital twins of sorting plants are discussed. Obtained insights are then synthesized in Chapter 5
to verify or falsify the stated hypothesis, before a final conclusion is drawn in Chapter 6.
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Figure 1.3. Dissertation structure; (i): chapters, [i]: publications according to Table 1.
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2 State of research

To answer RQ I, Section 2.1 presents an systematic literature review (SLR) on sensor technol-
ogy applications in mechanical recycling. The SLR aims to identify essential research gaps and
summarize existing research findings for inline SBMC of post-consumer material flows. The
identified research gaps and findings create the conceptual basis for developing characterization
methods (RQ II) in Chapter 3 and verifying the dissertation hypothesis.

2.1 Publication A: Systematic literature review

Kroell, N., Chen, X., Greiff, K., & Feil, A. (2022). Optical sensors and machine learning al-
gorithms in sensor-basedmaterial flow characterization formechanical recycling processes:
A systematic literature review. Waste Management, 149, 259–290. https://doi.org/10.1016/
j.wasman.2022.05.015

The SLR comprises the evidence of 267 investigations from 198 peer-reviewed journal articles
on optical sensor applications in mechanical recycling (Figure 2.1). One of the core findings
of the SLR was that so far research on sensor technology applications in mechanical recycling
is scattered across different disciplines and often not received as a homogeneous and coherent
research field. An essential reason for this is the lack of a consistent SBMC terminology, which
hinders effective communication across different disciplines. Therefore, a unified SBMC termi-
nology was developed in the SLR firstly, based on which a holistic overview of existing SBMC
research was given. Based on this overview, ten future research potentials were identified to fur-
ther advance SBMC research. Five of these future research potentials are especially relevant to
prove the hypothesis of this dissertation and are thus addressed in Chapter 3 and Chapter 4.
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A B S T R A C T   

Digital technologies hold enormous potential for improving the performance of future-generation sorting and processing 
plants; however, this potential remains largely untapped. Improved sensor-based material flow characterization (SBMC) 
methods could enable new sensor applications such as adaptive plant control, improved sensor-based sorting (SBS), and 
more far-reaching data utilizations along the value chain. This review aims to expedite research on SBMC by (i) providing 
a comprehensive overview of existing SBMC publications, (ii) summarizing existing SBMC methods, and (iii) identifying 
future research potentials in SBMC. By conducting a systematic literature search covering the period 2000 – 2021, we 
identified 198 peer-reviewed journal articles on SBMC applications based on optical sensors and machine learning al
gorithms for dry-mechanical recycling of non-hazardous waste. The review shows that SBMC has received increasing 
attention in recent years, with more than half of the reviewed publications published between 2019 and 2021. While 
applications were initially focused solely on SBS, the last decade has seen a trend toward new applications, including 
sensor-based material flow monitoring, quality control, and process monitoring/control. However, SBMC at the material 
flow and process level remains largely unexplored, and significant potential exists in upscaling investigations from 
laboratory to plant scale. Future research will benefit from a broader application of deep learning methods, increased use 
of low-cost sensors and new sensor technologies, and the use of data streams from existing SBS equipment. These ad
vancements could significantly improve the performance of future-generation sorting and processing plants, keep more 
materials in closed loops, and help paving the way towards circular economy.  
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1. Introduction 

Global material extraction has more than tripled from approximately 
27 billion tons in 1970 to approximately 92 billion tons in 2017 (IRP, 
2019), and may more than double by 2050 (IRP, 2017). The extraction 
and processing of natural resources make up approximately 50% of total 
greenhouse gas emissions and account for more than 90% of water stress 
and biodiversity loss (IRP, 2019). Accelerating climate change (IPCC, 
2021) and biodiversity loss (Dirzo et al., 2014; WWF, 2020) indicate the 
urgency and critical importance of transitioning the world to sustainable 
development within current planetary boundaries (O’Neill et al., 2018; 
Rockström et al., 2009). 

In the interests of sustainable development, the circular economy 
concept aims to reduce, alternatively reuse, recycle, and recover mate
rials in production, distribution, and consumption processes (Kirchherr 
et al., 2017). Moving towards a circular economy requires streamlined 
efforts of all stakeholders along the value chain. For example, products 
have to be designed with a focus on durability, reusability, upgrad
ability, and reparability; packaging materials have to be designed for 
reuse and recyclability. For products and packaging whose lifespan 
cannot be further extended (“end-of-life”), high-quality recycling should 
keep valuable materials in closed material loops as long as possible 
(European Commission, 2020). 

In 2018, about 808.9 million tons of waste were generated in the EU- 
27 (excluding major mineral wastes) (Eurostat, 2021a), of which 38.1 wt 
% was fed into recycling processes (Eurostat, 2020). After recycling, 
secondary raw materials can—if their quality is sufficient—substitute 
primary raw materials, and achieve significant environmental benefits 
because primary raw material extraction is avoided, and secondary raw 
materials often have significantly lower environmental footprints 
(Astrup et al., 2009; Bajpai, 2014; Grimes et al., 2008; Shen et al., 2010; 
Simion et al., 2013). 

Nevertheless, the current material supply in the EU is still largely 
dependent on primary resources, and as of 2018, only 12.2 wt% of used 
materials have come from secondary resources (Eurostat, 2021b). 
Therefore, significant improvements along the value chain are needed to 
increase the substitution of primary raw materials (IRP, 2019). 

Increasing the performance of the future-generation of mechanical 
recycling processes would largely contribute to this goal through (i) 
recovering a higher amount of secondary raw materials from existing 
waste flows and (ii) producing secondary raw materials in higher quality 
to enable a high-value substitution of primary raw materials. 

1.1. Concepts for increased performance of future-generation mechanical 
recycling processes 

Mechanical recycling of valuable materials from wastes into sec
ondary raw materials comprises two stages: First, in the pre-enrichment 
stage, sorting plants sort mixed wastes into preconcentrates (e.g., poly
propylene [PP] plastic bales). Second, in the refinement stage, processing 
plants refine preconcentrates into secondary raw materials (e.g., PP 
recyclates). Whereby material flows from mono-collection (e.g., PET 
bottles from deposit return systems) can be directly passed on to the 
refinement stage. 

Recently, several publications have argued that integrating digital 
technologies in mechanical recycling processes will increase their per
formance (Khodier et al., 2019; Sarc et al., 2019; Vrancken et al., 2017) 
and enhance circular economy in general (Antikainen et al., 2018; Berg 
et al., 2020; Hannan et al., 2015; Hedberg and Šipka, 2020; Hedberg 
et al., 2019; European Commission, 2020). More specifically, great po
tential is seen in increased exploitation of sensor technology in future- 
generation sorting and processing plants (Curtis et al., 2021; Feil 
et al., 2019; Khodier et al., 2019; Sarc et al., 2019; Serranti et al., 2011; 
Vrancken et al., 2017). 

First, advanced sensors and characterization algorithms could in
crease sorting performance and enable new sorting possibilities in 

sensor-based sorting (SBS), thus improving the quality and quantity of 
recovered secondary raw materials. Second, an automated and adaptive 
process control could significantly improve the overall performance of 
future-generation sorting and processing plants. A key prerequisite for 
this is the availability of real-time material flow characteristics (MFCs) 
as a decision-making basis for an intelligent process control algorithm. 
The process control algorithm could then adapt remotely controllable 
actuators to maximize a given goal function (Khodier et al., 2019), e.g., 
to optimize the ecological or economic performance of the plant. Third, 
sensor-based material flow data could be used further along the value 
chain to improve material circulation in general; for example, by using 
sensor data from sorting plants for improved waste collection or sensor 
data from processing plants for optimized secondary raw material use in 
production. 

Despite these promising advantages and applications, past reviews 
have concluded that digitization in waste management is “still in [its] 
infancy” (Sarc et al., 2019, p. 479) or “in an early phase” (Berg et al., 
2020, p. 2). In particular, more far-reaching applications of sensor 
technology beyond SBS remain largely unexploited. 

1.2. Key technology: Sensor-based material flow characterization 

A fundamental prerequisite to improve or enable the applications 
mentioned above is a precise characterization of anthropogenic material 
flows: While SBS processes separate material flows mainly based on 
accurate classification decisions at the particle level, adaptive process 
control and further applications require precise MFCs at the material 
flow level. The present paper focuses on predicting characteristics of 
anthropogenic material flows with sensor technology and machine 
learning (ML) algorithms—a process we refer to as sensor-based material 
flow characterization (SBMC). 

Scientific literature has so far reviewed applications of sensor tech
nology in waste management for waste segregation (Hannan et al., 
2015), recovery and production of solid recovered fuels (Vrancken et al., 
2017), identification and sorting of plastics (Araujo-Andrade et al., 
2021), SBS (Gundupalli et al., 2017a), digitalization in general (Sarc 
et al., 2019), and applications of ML algorithms for waste management 
(Abdallah et al., 2020; Ni et al., 2021; Xia et al., 2021b). However, a 
systematic review of SBMC has yet to be conducted in the context of 
high-value material recycling. 

1.3. Aim and scope 

This paper aims to expedite future research on SBMC by (i) providing 
a comprehensive overview of existing publications on SBMC, (ii) sum
marizing existing methods for SBMC, and (iii) indicating future research 
potentials in SBMC. 

The first emphasis of this review is on non-destructive optical sensors, 
as previous reviews have highlighted their suitability for SBMC 
(Vrancken et al., 2017). Compared to other sensors, optical sensors are 
advantageous for large-scale integration in sorting and processing plants 
because of their lower investment and operating costs and lower health 
risks compared with other sensors such as X-ray detection or laser- 
induced breakdown spectroscopy (LIBS)1 (Sarc et al., 2019; Vrancken 
et al., 2017). 

The second emphasis is on ML algorithms, which enable automatic 
extraction of MFCs from the acquired sensor data (Sarc et al., 2019; 
Vrancken et al., 2017). Compared to traditional algorithms, ML algo
rithms are not required to be explicitly programmed but can instead 
learn prediction patterns from given training data (Marsland, 2014). 

During conducting the review at hand, we noticed that there is no 
consistent terminology used in SBMC and that research in SBMC is 

1 Readers interested in LIBS applications may find interest in the reviews of 
Noll et al. (2018) and Legnaioli et al. (2020). 
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dispersed widely and is often not perceived as a homogeneous research 
field. Based on our review findings, we will thus firstly propose a unified 
SBMC terminology in Section 2 before we elaborate on our review 
method (Section 3), present and discuss obtained results (Section 4), 
indicate possible future research directions (Section 5), and draw final 
conclusions (Section 6). 

2. Background and terminology 

SBMC describes digitally capturing material flows with sensors and 
applying algorithms to extract MFCs from the acquired sensor data. As 
SBS (based on particle characteristics) has been applied and investigated 
for decades and is focused on pixel- or particle-based material classes, 
we focus here on process-relevant MFCs defined in Section 2.1. Section 
2.2 then determines how optical sensors can digitally capture material 
flows, and Section 2.3 elaborates on applying algorithms to extract 
process-relevant MFCs from sensor data. 

2.1. Process-relevant MFCs 

This paper defines a material flow as a material, or a mix of materials, 
which is regularly transported from position A to position B. Material 
transportation can be achieved either with continuous conveyors (e.g., 
belt conveyors) or non-continuous conveyors (e.g., wheel loaders) 
(Griemert and Römisch, 2020). In modern sorting and processing plants, 
material flows are almost exclusively transported on continuous con
veyors because of their higher efficiency and lower costs (Griemert and 
Römisch, 2020). Thus, material flows on continuous conveyors are 
especially relevant for SBMC applications (Sarc et al., 2019). 

In the context of SBMC, we propose to divide MFCs into extensive and 
intensive MFCs. The magnitude of extensive characteristics (e.g., mass or 
volume) depends on the size of a system; however, the magnitude of 
intensive characteristics (e.g., material composition or bulk density) is 
independent of a system’s size (Cohen and Mills, 2007; Tolman, 1917). 

2.1.1. Extensive MFCs 
Two extensive MFCs (eMFCs) of high practical relevance exist: the 

mass flow rate ṁ (Eq. (1)), which is the flow of mass m per unit of time t 
through a process line; and the volume flow V̇ (Eq. (2)), which is the 
flow of volume V per unit of time t through a process line (Ghasem and 
Henda, 2012). 

ṁ =
dm
dt

(1)  

V̇ =
dV
dt

(2) 

While the mass flow of any closed system is constant over time (law 
of conservation of mass) (Whitaker, 1975), volume flows might change 
over time, e.g., because of changing bulk densities (Curtis and Sarc, 
2021; Feil et al., 2019). Volume flows are therefore only of limited 
suitability for process evaluation; mass flows, on the other hand, cannot 
be measured directly with optical sensors. 

2.1.2. Intensive MFCs 
While process-relevant eMFCs are usually limited to mass and vol

ume flows, several intensive MFCs (iMFCs) have been proposed. For 
example, Christensen (2011) identifies (i) physical iMFCs (material 
composition, particle size distribution [PSD], moisture content, den
sities), (ii) chemical iMFCs (pH and alkalinity, organic matter, in
organics, calorific value, heating value), and (iii) performance iMFCs 
(compressibility, aqueous leachability of substances, biological de
gradability [respiration tests], biochemical methane potential). 

In addition, Vrancken et al. (2017) list nine so-called critical quality 
attributes in the context of material recovery and solid recovered fuel 
production: problematic objects, PSDs, calorific value, ash content, 

moisture, composition, biogenic carbon, biochemical methane poten
tial, and contaminants. 

Another group of iMFCs describes the material flow presentation. 
These presentation iMFCs include, e.g., the fluctuations of volume flows 
(Curtis et al., 2021; Feil et al., 2019) and occupation densities (Küppers 
et al., 2021; Küppers et al., 2020), as both strongly influence the (sensor- 
based) sorting performance (Kroell et al., 2022). 

Based on the available literature, we propose to structure MFCs into 
two groups, namely eMFCs and iMFCs, as well as four subgroups of 
iMFCs, as shown in Table 1. This listing is not exhaustive, as additional 
iMFCs are likely to be proposed for future applications. 

2.1.3. MFCs of high practical relevance for mechanical recycling processes 
As the scope of this review does not extend to reviewing research on 

all MFCs, we focus on MFCs of high practical relevance for mechanical 
recycling processes and the research vision described in Section 1.1. We 
have already identified two relevant eMFCs in Section 2.1.1: mass and 
volume flows. To identify iMFCs with high practical relevance, we will 
investigate iMFCs used in two major applications of (currently manual) 
material flow characterization: (i) technical process assessment and (ii) 
quality control of generated pre-concentrates. 

2.1.3.1. iMFCs in technical process assessment. Sorting and processing 
plants comprise a sequence of mechanical unit operations. For each 
mechanical unit operation (sorting, sieving, or comminution), one or 
more indicators are used to assess the process performance. Each indi
cator is calculated on the basis of one or multiple MFCs. MFCs used in 
these indicators are thus likely to be of high importance for future SBMC 
applications. 

Sorting processes are assessed on the basis of the two indicators purity 
(cw) and yield (Rw) (Feil et al., 2016). Purity (Eq. (3)) describes the mass 
fraction of valuable material (ṁw,i) in a material flow (ṁi). Yield (Eq. 
(4)) describes how much valuable material of the input material flow of 
a process (ṁw, input) is transferred to the desired output material flow 
(ṁw,output). 

cw,i =
ṁw,i

ṁi
(3)  

Rw =
ṁw, output

ṁw, input
=

ṁoutput*cw, output

ṁinput*cw, input
(4) 

Sieving processes are assessed on the basis of the screening efficiency 
ηs, which is the ratio of fines (index f) in the input material flow (ṁinput) 
that is transferred into the fine fraction (ṁFF) (Eq. (5)) (Schmidt et al., 
2006). 

Table 1 
Grouping of MFCs in eMFCs and iMFCs.  

Group Subgroup Examples 

eMFCs – Mass flow   
Volume flow 

iMFCs Physical iMFCs Material composition   
PSD   
Moisture content   
Densities  

Chemical iMFCs pH and alkalinity 
Organic matter 
Inorganics   
Calorific value  

Performance iMFCs Heating value 
Compressibility 
Aqueous leachability of substances 
Biological degradability 
Biochemical methane potential  

Presentation iMFCs Occupation density 
Particle singling 
Particle distances 
Fluctuations of iMFCs  
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ηs =
ṁf, FF

ṁf, input
=

ṁFF*cf, FF

ṁinput*cf, input
(5) 

Comminution processes are assessed by comparing the PSD of the 
output material flow with those of the input material flow, e.g., through 
the reduction ratio (Eq. (6)), where d is a measure for the PSD (Wills and 
Finch, 2016). 

nc =
doutput

dinput
(6) 

Notably, all presented indicators (Eq. (3) – Eq. (6)) are based on the 
iMFCs material flow composition and PSD, therefore being relevant iMFCs 
for technical process assessment. 

2.1.3.2. iMFCs in quality control. For quality control, slightly varying 
standards and guidelines exist across different countries. Table 2 shows 
that, for example, in Germany, quality control standards for secondary 
raw materials most frequently focus on material flow composition 
(100.0%), PSDs (66.7%), and moisture content (44.4%). 

Based on these findings, subsequent sections will primarily focus on 
the material (flow) composition and PSD. A comprehensive overview of 
existing publications on sensor-based moisture content determination is 
given by Vrancken et al. (2017). 

2.2. Optical sensors for material flow characterization 

Optical sensors cover the wavelength range between 100 nm and 1 
mm, which includes the ultraviolet (UV; 100 nm – 380 nm), visible 
(VIS; 380 nm – 780 nm), and infrared (IR; 780 nm – 1 mm) region (DIN 
5031-7, 1984). For SBMC applications, various sensors are available that 
can be integrated into sorting and processing plants. 

2.2.1. Available optical sensors for SBMC 
Optical sensors have been developed and applied to characterize 

materials across the UV, VIS, and IR regions (Beel, 2017; Flamme and 
Krämer, 2015; Küppers and Pomberger, 2017). Depending on the 
selected wavelength range and sensor arrangement (reflective or 
transmissive measurements), different material characteristics can be 
derived from the acquired sensor data. Despite the different wavelengths 
addressed, almost all currently applied sensors follow the same 
measuring principle: (i) an emitter emits electromagnetic radiation that 
interacts with the material to be characterized; (ii) a detector detects the 
reflected or transmitted radiation; (iii) an algorithm analyzes the 
captured sensor data to characterize the material (Chen et al., 2021a). 

Table 3 presents optical sensors suitable for measuring material 
characteristics for each spatial measuring point (pixel). In the VIS range, 
two types of sensors are commonly used: RGB-sensors (VIS-RGB), which 
capture the intensity at three different color channels (red [R], green 
[G], and blue [B]) and hyperspectral imaging (HSI) sensors, which 
measure the intensity at more than 100 different wavelength bins (VIS- 
HSI). In addition, sensors that cover (parts of) the VIS and near-infrared 
(NIR) range (VNIR) are available. Aside from measuring these pixel- 
based characteristics, most optical sensors can generate a spatial rep
resentation (image) of the recorded area (Jähne, 2005), which can be 
further analyzed at the particle or material flow level (cf. Section 2.3.1). 

2.2.2. Integration of sensors in sorting and processing plants 
Sensors can be integrated at different positions in sorting and pro

cessing plants with the goal of characterizing material flows or moni
toring (sub)processes. According to Kessler (2012), process-analytical 
methods can be classified as offline, atline, online, and inline. For all four 
methods, the taxonomy is defined by the process proximity of the 
analyzer in use (Kessler, 2012): (i) Offline analytics involve sampling the 
material flow and transporting the sample, e.g., to a laboratory, where 
the sample is analyzed. The obtained results are only available with a 
considerable time delay. (ii) Atline analytics are characterized by a 
reduced time delay, as the analysis occurs in close proximity to the 
process. (iii) Online analytics automatically analyze a part of the mate
rial flow through a bypass. (iv) Inline analytics measure the entire ma
terial flow, thus avoiding potential sampling errors. Real-time SBMC 
required for the applications outlined in Section 1.1 can only be ach
ieved by online and inline methods, discussed in subsequent sections. 

2.3. Sensor-data analysis for SBMC applications 

As most material and material flow characteristics cannot be directly 
measured with available sensors, suitable algorithms are often necessary 
to extract MFCs of interest (Sun, 2009). The necessary data analysis can 
be performed at different investigation levels, depending on the applica
tion and characteristic of interest. 

2.3.1. SBMC investigation levels 
Sensor data analysis for SBMC can be performed at four investigation 

levels: 
Pixel level. The information of a pixel is represented as a one- 

dimensional (1D) array containing a numeric value for each channel. 
For example, the 1D array of each pixel can represent measured heights 
(one channel), RGB colors (three channels), or NIR/VIS spectra 
(> 100 channels). In pixel-based analysis, the information of each pixel 
is considered independently. Characteristics extracted at pixel level 
include, e.g., material classes (per pixel) or heights. 

Particle level. Multiple, connected pixels can represent individual 
particles. In particle-based analysis, the information from multiple 
pixels representing a particle is combined. Furthermore, new particle- 
based features such as particle sizes and shapes often characterize in
dividual particles. Characteristics extracted at the particle level include, 
e.g., material classes (per particle) or particle sizes. 

Material flow level. A material flow consists of multiple particles. In 

Table 2 
Considered MFC in quality control standards and guidelines in Germany.  

Material flow Addressed MFC 

Material 
composition 

PSD Moisture Other MFCs 

Plastics1 ✓ – – – 
Glass2 ✓ ✓ ✓ – 
Non-ferrous 

metal scrap3 
✓ ✓ ✓(a) Origin, 

condition 
(corrosion)(a) 

Steel scrap4 ✓ ✓ – Bulk density 
Aggregates5 ✓ ✓ – pH content, 

electrical 
conductivity 

Paper6 ✓ – ✓ Age(b) 

WEEE(c), 7 ✓ – – – 
Textiles8 ✓ ✓(b) – Water retention, 

hydrophobic/ 
hydrophilic 

Compost9 ✓ ✓ ✓ rotting degree 

Percentage 
covered 

100.0% 66.7% 44.4% ≤ 11.1%  

(a) for some fractions; 
(b) fiber length and morphology; 
(c) waste of electrical and electronic equipment. 
1 (Der Grüne Punkt, 2021), 
2 (Bundesverband Glasindustrie e. V., 2014), 
3 (Verein Deutscher Metallhändler e. V., 1988), 
4 (Bundesvereinigung Deutscher Stahlrecycling- und Entsorgungsunterneh

men e. V., 1995), 
5 (TL Gestein-StB 04, 2007), 
6 (DIN EN 643, 2014), 
7 (ElektroG, 2015), 
8 (Bartl et al., 2011), 
9 (Bundesgütegemeinschaft Kompost e. V., 2021a, 2021b, 2021c). 
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material-flow-based analysis, the characteristics of multiple particles or 
pixels are combined to extract MFCs. Characteristics extracted at the 
material flow level include, e.g., material compositions, PSDs, or volume 
flows. 

Process level. A process involves two or more material flows. In 
process-based analysis, several material flows and their relationships (e. 
g., input and output material flow) are combined to characterize or 
assess a process. Characteristics extracted at the process level include, e. 
g., the indicators yield, screening efficiency, and reduction ratio (cf. Section 
2.1.3.1). 

Characteristics from lower investigation levels (e.g., pixel or particle 
level) are needed to extract characteristics at higher investigation levels 
(e.g., material flow or process level). Taking the determination of 
screening efficiency (Eq. (5)) at the process level as an example, the 
sensor-based assessment may involve four steps: First, pixels may be 
segmented into foreground and background (pixel level). Second, parti
cle sizes and masses of the identified particles may be predicted (particle 
level). Third, particle sizes and masses may be combined into PSDs 
(material flow level). Fourth, PSDs and screen underflow and overflow 
quantities may be combined to compute the screening efficiency (process 
level). The extracted characteristics at different investigation levels can 
then be utilized in applications such as automatic quality control (ma
terial flow level) or adaptive process control (process level). Fig. 1 
summarizes the four SBMC investigation levels and their hierarchical 

interplay. It is important to note that investigation levels can be skipped 
in specific cases; for example, characteristics from the pixel level can be 
directly aggregated at the material flow level (see dotted lines in Fig. 1). 

2.3.2. Machine learning algorithms 
Many tasks in sensor-data analysis for SBMC applications involve 

predicting an unknown characteristic (e.g., material class) from known 
sensor data (e.g., NIR spectra). In ML terminology, the unknown char
acteristic is called target variable y, and the known sensor data is called 
input variable X (Hastie et al., 2009c). In such prediction problems, the 
goal is to develop a mathematical model that predicts the target variable 
y from the input variable X as accurately as possible. 

Supervised ML algorithms can solve such prediction tasks without 
being explicitly programmed by learning relationships between X and y 
from labeled training data, i.e., known input variables and known target 
variables (Marsland, 2014). Trained ML models can then predict un
known target variables from known input variables (Bishop, 2006). 

Two types of supervised ML problems can be distinguished. First, in 
classification problems, the target variable is discrete. Common appli
cations with classification problems are, e.g., the prediction of material 
classes (e.g., “PET”, “PE”, “PP”) or color classes (e.g., “red”, “green”, 
“blue”) from sensor data. Second, in regression problems, the target 
variable is continuous. Common applications with regression problems 
are, e.g., the prediction of material compositions [%], particle sizes 

Table 3 
Available non-destructive, optical sensors for SBMC.  

Sensor technology Wavelength 
range [nm] 

Working principle Pixel-based extractable 
characteristics 

Surface 
technology 

Reference 

from to 

LIF Laser-induced 
fluorescence 

100(a) 380(a) Fluorescence Chemical composition ✓ (Küch and Gaastra, 
2014) 

VIS Visual 380 780 Reflection, absorption Color ✓(b) (Beyerer et al., 2016) 
RAMAN Raman spectroscopy 380(a) 780(a) Raman effect Chemical composition ✓ (Smith and Dent, 2019) 
3DLT 3D laser triangulation – – Reflection +

triangulation 
Height ✓ (Beyerer et al., 2016) 

NIR Near-infrared 
spectroscopy 

780 2,500 Reflection, absorption Chemical composition ✓(c) (Ozaki et al., 2021) 

MIR Mid-infrared spectroscopy 2,500 25,000 Reflection, absorption Chemical composition ✓(c) (Sun, 2009) 
THz Terahertz 104 106 Transmission Chemical composition – (Maul and Nagel, 2014)  

(a) LIF uses monochromatic excitation; the numerical values indicate typical application areas; 
(b) for transparent objects, transmissive measurements are also possible; 
(c) limited penetration depth. 

Fig. 1. SBMC investigation levels.  
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[mm], or moisture contents [%]. (Rebala et al., 2019). 
Different metrics can be used to evaluate the performance of super

vised ML algorithms. For this evaluation, a labeled dataset is divided 
into training and test data. ML algorithms are trained on the training 
dataset, and predictions of the trained algorithms based on the input 
variables of the test set are compared with the ground truth, i.e., the 
known target variables of the test dataset, to determine the prediction 
accuracy. (Kubat, 2017). 

2.3.2.1. Classification metrics. In binary classification problems, y can 
have two values: “positive” (P) and “negative” (N). True (T) and false (F) 
predictions can then be visualized in a 2x2 confusion matrix (Eq. (7)) 
(Marsland, 2014). 

Confusion matrix :

[
TP FP
FN TN

]

(7) 

Based on the confusion matrix, common classification metrics can be 
calculated, including accuracy (Eq. (8)), precision (Eq. (9)), recall (Eq. 
(10)), and F1-score (Eq. (11)). 

accuracy =
#TP +#TN

#TP +#FP +#TN +#FN
(8)  

precision =
#TP

#TP +#FP
(9)  

recall =
#TP

#TP +#FN
(10)  

F1 − score = 2 •
precision • recall
precision + recall

(11) 

Multi-class classification problems (> 2 classes) can be reformulated 
as a combination of binary classification problems. Calculated binary 
metrics can then be aggregated in terms of macro- or micro-averages. For 
macro-averages, all classes are weighted equally; for micro-averages, 
classes are weighted by the number of instances of each class. (Kubat, 
2017). 

2.3.2.2. Regression metrics. Regression metrics compare true target 
variables yi with their corresponding predictions ̂yi. Common metrics for 
regression problems are the R2-score (Eq. (12)), the mean absolute error 
(MAE) (Eq. (13)), and the root mean square error (RMSE) (Eq. (14)). 
Accurate predictions are indicated both by low MAE and RMSE values 
and R2-scores close to 1. (Fahrmeir et al., 2009; Willmott and Matsuura, 
2005). 

R2 =

∑n
i=1(ŷi − y)2

∑n
i=1(yi − y)2 , with y =

∑n
i=1yi

n
(12)  

MAE =
1
n

∑n

i=1
|ŷi − yi| (13)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n

∑n

i=1
(ŷi − yi)

2

√

(14)  

3. Material and methods 

To achieve the research objectives outlined in Section 1.3, we con
ducted a systematic literature review. Systematic literature reviews are a 
method for identifying, evaluating and interpreting all available 
research relevant to a particular set of research questions (Kitchenham, 
2007). 

Based on the systematic literature review guidelines of Kitchenham 
(2007), the following steps were taken to conduct the review: formu
lation of research questions (Section 3.1), development of a search 

strategy (Section 3.2), selection of relevant publications (Section 3.3), 
quality assessment of selected publications (Section 3.4), and data 
extraction (Section 3.5). 

3.1. Research questions 

To achieve the research objectives outlined in Section 1.3, the 
following six research questions (RQs) have been formulated: 

RQ 1. Which material flows and material classes have been investi
gated so far, and which material flows have been addressed most 
frequently? 

RQ 2. The prediction of which characteristics has been investigated 
and which investigation levels have been targeted? 

RQ 3. Which optical sensors have been applied for which tasks? 
RQ 4. Which ML algorithms have been applied and which prediction 

accuracies have been achieved? 
RQ 5. Which applications are envisioned based on SBMC methods, 

and at which scales have the investigations occurred? 
RQ 6. How interconnected is SBMC research, and how is the research 

of different SBMC aspects interlinked? 

3.2. Search strategy 

Firstly, an initial literature set was compiled from prior known 
publications and initial searches. Then, based on the initial literature set, 
multiple search strings were developed, tested, and iteratively optimized 
for the full review. Furthermore, systematic forward and backward 
searches were applied to extend the obtained literature set. 

3.2.1. Search strings 
The developed search strings (Table 4) targeted different sensor 

applications (sorting, quality control, characterization, monitoring, 
process control), methods (classification/discrimination), and MFCs 
(material composition, PSD; cf. Section 2.1.3). Depending on the rele
vance for the target, the individual search words either target for the 
title (TITLE) or the title, abstract, and keywords (TITLE-ABS-KEY). Using 
Boolean operators (AND, OR) and wildcard operators (*) ensured that 
different spellings and synonyms were considered. All search strings 
were adapted to the database-specific syntax (Table 4 shows the syntax 
for Scopus as an example). 

3.2.2. Databases 
All search strings were applied to three large, multidisciplinary 

bibliographic databases of three different providers to minimize po
tential biases through database selection and identify as many relevant 
publications as possible. The three selected databases were Scopus 
(Scopus., 2021), Web of Science (Clarivate, 2021), and Google Scholar 
(Google LLC, 2021). All search strings were applied in October 2021. 

3.2.3. Forward and backward searches 
To identify relevant publications that might not be covered by the 

search strings (cf. Table 4), all references of the selected publications 
(backward search) as well as citations of those publications (forward 
search) were included in the review and underwent the selection process 
(Section 3.3). In this way, the review relies not only on the developed 
search strategy but also utilizes the extensive literature searches of each 
of the included publications and overcomes possible limitations of the 
developed search strings. 

3.3. Selection criteria and procedures 

3.3.1. Inclusion criteria 
Of interest for our review are publications on in- or online applica

tions of optical sensor technologies for material flows in dry-mechanical 
recycling processes of non-hazardous wastes. We considered peer- 
reviewed journal articles in the English language published in the time 
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range from 2000 to 2021. The scope was limited to peer-reviewed 
journal articles to ensure a high quality of included manuscripts (Xiao 
and Watson, 2019) and maximum transparency of the search and se
lection process (Kraus et al., 2020). The timeframe 2000 – 2021 was 
chosen as related reviews indicated that most publications on sensor 
technologies in the waste management sector had been published from 
2012 onwards (Sarc et al., 2019), and far older publications are often 
less relevant due to advancements in sensor technologies and ML algo
rithms in recent years (Vrancken et al., 2017; Xia et al., 2021b). 

3.3.2. Exclusion criteria 
Publications on hazardous wastes, biological or chemical treatment 

of wastes, liquid or gaseous wastes (e.g., wastewater or sludges), and 
mining wastes were not considered as these applications address 
significantly other MFCs compared to those relevant for mechanical 
recycling processes (cf. Section 2.1). Similarly, (pre-)treatment of wastes 
for thermal processes, including solid recovered fuel production, are not 
considered, which have been partly reviewed by Vrancken et al. (2017). 
Publications using virgin materials were only considered if an intended 
application for mechanical recycling is outlined in the abstract or title. 

Non-sensor-based characterization methods and methods that 
cannot be directly applied to inline or online characterization are not 
considered as they are not suitable for inline SBMC in sorting and pro
cessing plants (see Section 2). Such methods include (semi-)manual 
methods, non-inline laboratory measurements (e.g., microscopes), sen
sors that strictly require a 1D singulation of the material flow, or manual 
positioning (e.g., handheld devices). 

Furthermore, applications of sensors at the waste segregation or 
collection level were excluded, as the material presented to the sensor 
units in these applications differ from online and inline applications in 
sorting and processing plants (e.g., 1D singulation and material pre
sentation), cf. Section 2.2.2. Applications of sensors for waste 

segregation and collection have, among others, been reviewed by 
Hannan et al. (2015). 

3.3.3. Selection process 
For publications identified by the search strategy (cf. Section 3.2), a 

multi-stage selection process (cf. Fig. 2) was conducted. Firstly, the titles 
of all search results were screened, and publications not meeting the 
selection criteria were excluded. Secondly, the abstract and keywords of 
all non-excluded publications were checked, and publications not 
meeting the selection criteria were further excluded. Thirdly, full copies 
of all non-excluded publications were obtained and checked against the 
inclusion and exclusion criteria. In case of uncertainty, a copy was sent 
to a second reviewer and discussed within the review team. 

Due to the full-text search and lack of filters in Google Scholar, we 
observed a large number of hits for each search string (17,400 – 19,400 
hits per search string, 144,500 hits in total). As Google Scholar sorts the 
search results by relevance and screening all 144,500 titles was practi
cally infeasible, we limited the title screening in Google Scholar to the 
first 300, i.e., the most relevant, results. The limit of 300 publications 
was chosen because (i) we did not find additional publications in our 
scope after screening the first 200 search results, and (ii) we observed a 
similar number of hits for Web of Science and Scopus with the title and 
abstract specific search terms (cf. Fig. 2). 

3.3.4. Included and excluded publications 
In total, n = 11,607 publications were found by applying the eight 

search strings. n = 10,720 publications were excluded during title 
screening. From the remaining n = 887 publications, n = 377 publica
tions were excluded during abstract screening. After removing n = 309 
duplicates (publications that match multiple search strings), a total of n 
= 201 publications were selected for review. Unfortunately, n = 4 of 
these n = 201 publications were unavailable, despite all efforts devoted 
(search all available databases, search journal/publisher page, contact 
corresponding authors directly via ResearchGate and e-mail). n = 108 
publications were considered out of scope during the full review. 
Applying the forward and backward searches revealed another n = 217 
publications after abstract and title screening, of which n = 113 met the 
selection criteria after full review and were included in the review. The 
final dataset obtained n = 198 publications, as summarized in Fig. 2. 

3.4. Quality assessment 

For each publication, a quality assessment (QA) was performed by 
answering the following four QA questions for each included 
publication: 

QA 1. Is the publication an original research article (i.e., did the 
publication conduct an experiment or propose a new method/concept)? 
Yes (1 P), No (0 P). 

QA 2. Did the publication reference related work and contextualize 
the findings within existing research? Yes (1 P), Partly (0.5 P), No (0 P). 

QA 3. Are the applied methods clearly described (e.g., applied sensor 
(s), measurement settings, applied preprocessing techniques and ML 
algorithms)? Yes (1 P), Partly (0.5 P), No (0 P). 

QA 4. Are the results clearly described and discussed (e.g., quanti
tative assessment of achieved prediction results)? Yes (1 P), Partly 
(0.5 P), No (0 P). 

Extensive pre-review discussion ensured a consistent calibration of 
all reviewers. Uncertainties and edge cases were discussed and jointly 
decided within the review team. By summing up the scores of all four QA 
questions, an overall QA score was obtained. The final review consid
ered publications with overall QA scores greater than 3. 

3.5. Data extraction 

To answer the research questions, a data extraction form was 
developed (Table 5), based on which the relevant data was extracted. 

Table 4 
Developed and applied search strings for the systematic literature review; Abbr.: 
Abbreviation.  

Abbr. Target Search string 

Q Quality control TITLE-ABS-KEY(quality AND (product OR assess* 
OR analys* OR control* OR monitor* OR 
assurance)) AND TITLE((waste OR recyc* OR 
recover* OR “post-consumer” OR “post- 
industrial”) AND (sensor* OR *spectr* OR 
imag*)) 

C Characterization TITLE-ABS-KEY(characteri*) AND TITLE((waste 
OR recyc* OR recover* OR “post-consumer” OR 
“post-industrial”) AND (sensor* OR *spectr* OR 
imag*)) 

M Monitoring TITLE-ABS-KEY(monitor*) AND TITLE((waste OR 
recyc* OR recover* OR “post-consumer” OR 
“post-industrial”) AND (sensor* OR *spectr* OR 
imag*)) 

P Process control TITLE-ABS-KEY(“process control“ OR real*time 
OR on*line OR in*line) AND TITLE(waste OR 
recyc* OR ”post-consumer“ OR ”post-industrial“) 

S SBS TITLE-ABS-KEY((sensor*based OR automatic) 
AND (sort* OR separat*)) AND TITLE(waste OR 
recyc* OR “post-consumer” OR “post-industrial”) 

D Classification/ 
discrimination 

TITLE-ABS-KEY(classif* OR discrimi*) AND 
TITLE((waste OR recyc* OR recover* OR “post- 
consumer” OR “post-industrial”) AND (sensor* 
OR *spectr* OR imag*)) 

CO Composition TITLE-ABS-KEY(content OR composition OR 
purity) AND TITLE((waste OR recyc* OR recover* 
OR “post-consumer” OR “post-industrial”) AND 
(sensor* OR *spectr* OR imag*)) 

PS PSD TITLE-ABS-KEY((particle OR grain) AND (size OR 
distribution)) AND TITLE((waste OR recyc* OR 
recover* OR “post-consumer” OR “post- 
industrial”) AND (sensor* OR *spectr* OR 
imag*))  
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For each publication, a unique identifier was used to connect the 
extracted data to the bibliometric meta-information. Data extraction was 
performed by one reviewer and checked by a second reviewer. Ambi
guities or discrepancies during data extraction were discussed within the 
review team. 

As some authors published two or more independent investigations 
in one publication, while others split such results into multiple publi
cations, a potential weighting bias could occur in subsequent data 
analysis. Furthermore, combining multiple independent investigations 
into one publication complicates data extraction and analysis. To 
minimize such biases and ensure a sophisticated data analysis, we 
decided to split up publications containing multiple independent ex
periments into separate investigations during data extraction and assess 
them independently from each other during data analysis (Section 4). 
Thus, one publication can contain one or multiple investigations. Ex
amples of such publications include, e.g., publications that reported a 
series of investigations for different sensors, material flows, or scales (e. 

g., laboratory experiments followed by scale-up to industrial level) in 
independent experiments. 

4. Results and discussion 

After data extraction, the final obtained dataset contains n = 267 
investigations from n = 198 publications. As a reference for the reader, 
we summarize all publications sorted by applied sensors and investi
gated material flows in Table 6. As shown in Fig. 3a, the number of 
reported investigations increases super-linear from n = 2 investigations 
in 2000 to n = 65 investigations in 2021. More than half of all in
vestigations (155 of 267, 58.1%) were published between 2019 and 
2021. 

4.1. Material flows and classes 

In total, n = 17 different material flows were studied by the 

Fig. 2. Included and excluded publications. SC: Scopus, WoS: Web of Science, GS: Google Scholar; Q, C, M, P, S, D, PS, CO: search string abbreviations introduced 
in Table 4. 
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investigations in our dataset. Table 7 summarizes the investigated ma
terial flows and introduces their abbreviations. 

4.1.1. Investigated material flows 
As shown in Table 7, about a third of all investigations focused on 

plastics (32.6%), followed by WEEE (11.2%), and CDW (10.1%). SBMC 
on public datasets such as TrashNet (Yang and Thung, 2016) and Huawei 
garbage classification challenge cup (Huawei, 2019) was examined by only 
16 of 267 investigations (6.0%); the majority of researchers generated 
the sensor data for the investigation itself. 

As shown in Fig. 3a, the focus of the investigations in our dataset has 
shifted over time. For example, while investigations on publicly avail
able datasets started in 2019 and doubled or more since then, no new 
investigations on the material flow paper have been reported in our 
dataset since 2015. To quantify which material flows have gained or lost 
relative importance, we calculated for each material flow its relative 
frequency among (a) all investigations in the last five years (2016 – 
2021) and (b) the years before (2000 – 2016). By comparing both 
relative frequencies, we observe that investigations on datasets (+9.8 
percentage points [pp] increase in relative frequency), plastics (+5.2 pp) 
and waste in general (+5.2 pp) have gained relative frequency, while 
investigations on paper (-13.3 pp), ASR/ELV (-8.0 pp), and CDW (-6.3 
pp) have lost relative frequency. 

4.1.2. Investigated material classes 
In total, 594 unique material classes (including subgroups such as 

high-density (HD)- and low-density (LD)-PE) and 321 unique material 
groups (after summarizing material classes to material groups, e.g., 
summarizing LDPE and HDPE to PE) have been reported. By analyzing 
the correlation (simultaneous occurrence) between the 20 most 
frequently studied material classes in Fig. 3b, we identify two groups of 
investigations. 

The first group focuses on the classification of different polymers. 

Here, the classification often takes place on the pixel level and based on 
NIR data. The focus of the first group is often on plastic waste streams or 
plastics in other material flows (e.g., LWP or WEEE). Material classes 
frequently investigated by this group are also among the most frequently 
investigated pixel-level material classes (PP, PE, PET, PS, and PVC), see 
Fig. 3c. 

The second group focuses on the discrimination of more general 
waste classes. Here, the classification often takes place at the particle 
level and with deep learning classification models on VIS-RGB data, e.g., 
from public datasets. Material classes frequently investigated by this 
group are also among the most frequently investigated particle-level 
material classes (plastics, paper, glass, metal, and cardboard), which 
correspond to the material classes of TrashNet (Yang and Thung, 2016), 
see Fig. 3d. 

In contrast to the pixel and particle level, significantly less material 
groups are mentioned at the material flow level (Fig. 3e), which is likely 
caused by the few investigations published so far (see Section 4.2.1). 

4.2. Characteristics and investigation levels 

Fig. 4 summarizes the investigated characteristics and investigation 
levels by investigations in our dataset. 

4.2.1. Investigation levels 
As shown in Fig. 4a, investigations in our dataset have so far focused 

almost exclusively at the pixel and particle level with 123 (46.1%) and 
133 of 267 (49.8%) investigations, respectively. Only n = 11 (4.1%) 
investigations addressed the material flow level, and we identified no 
investigations at the process level (cf. Section 2.3.1). For all three 
investigation levels, the number of investigations increases super-linear 
over time (Fig. 4a). Applying the trend analysis of Section 4.1.1 (2000 – 
2015 vs. 2016 – 2021) shows a relative increase of investigations at the 
particle (+5.9 pp) and material flow (+3.4 pp) level compared to a 
relative decrease of investigations at the pixel level (-9.3 pp). 

We assume two main reasons can explain the large discrepancy be
tween the number of investigations at the pixel and particle vs. the 
material flow level. First, precise predictions at the pixel and particle 
level are often needed as a basis for investigations at the material flow 
level (cf. Section 2.3.1 and Fig. 1); thus, investigations at the pixel and 
particle level need to be conducted first. Second, pixel- and particle- 
based analysis finds a broader application than material flow-based 
analysis: As elaborated in Section 2, industrial applications in the past 
three decades have primarily focused on SBS (Feil et al., 2021), which 
requires pixel- and particle-based material classification, while other 
SBMC applications at material flow level have only emerged in recent 
years (see Section 4.4). 

While the increased share of material flow-based investigations 
might indicate an increased research interest in SBMC applications 
beyond SBS, the increased share of particle-based investigations is likely 
caused by an increased application of deep learning classification al
gorithms in recent years (see Section 4.4.1), which are often directly 
applied to images (LeCun et al., 2015), i.e., particles (Kroell et al., 
2021b). 

4.2.2. Investigated characteristics 
Investigations in our dataset almost exclusively focused on iMFCs. 

eMFCs have in our dataset only been investigated by Feil et al. (2019) 
and Curtis et al. (2021) in terms of volume flows and we identified no 
investigations on the determination of mass flows in our dataset. 

Regarding iMFCs, investigations have so far mostly focused on ma
terial classification (207 of 264 investigations, 78.4%). Despite the 
practical relevance of PSDs derived in Section 2.1.3, only n = 3 in
vestigations studied the determination of particle sizes at the particle 
(Hoffmann Sampaio et al., 2021; Kandlbauer et al., 2021) and material 
flow level (Di Maria et al., 2016). 

As shown in Fig. 4c, the variety of investigated characteristics has 

Table 5 
Description of the developed data extraction form for the systematic literature 
review.  

Field Description 

Sensor Type of applied sensor, including multi-sensors (cf. Table 3). 
Investigated 

materials 
List of investigated materials (e.g., [“PET”, “PE”, “PP”]). 

Material flow Material flow from which the investigated sample originated 
(e.g., WEEE or MSW). 

Virgin samples Whether virgin materials were used as sample material (see  
Section 3.3.1). 

Investigation 
method 

Used investigation method (e.g., spectra description, 
classification, sensor-based sorting, material flow 
monitoring). 

Investigation level Whether the investigation was applied at the pixel, particle, 
material flow, or process level (cf. Section 2.3.1). 

Investigation scale Measure for scale and technological readiness level (TRL) 
(International Organization for Standardization, 2013) of the 
investigated technology: 
concept: formulation of (unproven) concepts (TRL 0–2), 
lab scale: basic research and laboratory-scale prototypes (TRL 
2–4), 
industrial-scale: research at an industrial scale or industrial- 
scale prototypes (TRL 5–8), 
plant scale: investigations in plant scale (TRL 6–9). 

Applied ML 
algorithm(s) 

List of applied ML algorithms (excluding non-ML algorithms 
and static [preprocessing] algorithms). 

Best ML algorithm Best performing ML algorithm (highest score on test data). 
Score type Type of score (e.g., accuracy, F1-score, R2-score; cf. Section 

2.3.2). 
Score Score value on test data (aggregated as macro-average; cf. 

Section 2.3.2.1). 
Intended 

application(s) 
List of intended applications from the publication. 

Quality assessment Answers to QA questions, upon which the QA score is 
calculated (cf. Section 3.4).  
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bé

 e
t a

l.,
 2

01
5;

 
Se

rr
an

ti 
et

 a
l.,

 2
01

1;
 

Zh
ao

 a
nd

 C
he

n,
 2

01
5)

 

– 
– 

– 
– 

– 
(K

oy
an

ak
a 

et
 a

l.,
 2

01
3;

 
Ko

ya
na

ka
 

an
d 

Ko
ba

ya
sh

i, 
20

10
) 

(B
ar

na
bé
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expanded over time, especially over the last five years. Until 2015, re
searchers in our dataset have focused on a total of six different charac
teristics: material identification, i.e., the determination of material 
classes (since 2001), material compositions (since 2004), and material flow 
compositions (since 2011); the identification of tracers (since 2000) and 
colors (since 2005); and image segmentation (since 2000). Starting in 
2016, newer publications widened the scope of investigated character
istics subsequently to PSDs (Di Maria et al., 2016), presentation iMFCs 
(Pieper et al., 2018), mechanical properties (melt viscosity and tensile 
strength) (van Engelshoven et al., 2019), sub material classes (van 
Engelshoven et al., 2019), volume flows (Feil et al., 2019), particle sizes 
(Kandlbauer et al., 2021), particle masses (Kroell et al., 2021a), and 
grasping parameters (Ku et al., 2021). 

When comparing the relative frequency between characteristics for 
material and color identification (material class, material composition, 
material flow composition, color class) and all other characteristics in 2000 
– 2015 vs. 2016 – 2021 (cf. Section 4.1.1), we observe a relative 

decrease of investigations on material and color classification (-9.1 pp) 
and a simultaneous increase of investigations on other characteristics 
(+9.1 pp). 

A likely explanation of the large share of material (as well as color 
and tracer) classification investigations in our dataset is the outstanding 
importance of material and color classification for SBS, to which much 
research has been devoted in recent years (Gundupalli et al., 2017a). In 
contrast, the expansion of the addressed characteristics and the higher 
relative shares of other characteristics indicates a more widened use of 
sensor data for advanced SBS and other SBMC applications. 

4.2.2.1. Investigated characteristics at different investigation levels. As 
shown in Fig. 4b, the investigated characteristics differ per investigation 
level. Publications in our dataset have so far reported four groups of 
characteristics (see braces in Fig. 4b): (i) purely pixel-based, (ii) pixel- or 
particle-based, (iii) purely particle-based, and (iv) purely material-flow- 

Fig. 3. Material flows and material classes. (a) Material flows and total investigations per year; (b) correlation between the 20 most frequent (top 20) material 
classes; (c-e) word clouds (Mueller et al., 2018) of investigated material classes (font size proportional to frequency) on the (c) pixel, (d) particle and (e) material flow 
investigation level. ABS: Acrylonitrile butadiene styrene, HIPS: High Impact PS, PA: Polyamide, PBT: Polybutylene terephthalate, PC: Polycarbonate, PE: Poly
ethylene, PET: Polyethylenterephthalate, PMMA: Polymethylmethacrylate, POM: Polyoxymethylene, PP: Polypropylene, PPS: Polyphenylene sulfide, PS: Polystyrene, 
PVC: Polyvinylchloride, PVDF: Polyvinylidenfluoride, SBR: Styrene-butadiene rubber, TEEE: Thermoplastic elastomer-ether-ester, TPE: Thermoplastic elastomers, 
TPU: Thermoplastic polyurethane, TPU: Thermoplastic polyurethanes; BC: Beverage carton, PPC: Paper, paperboard and cardboard; Al: Aluminium, Au: Gold, Cu: 
Copper, CuZn: Brass, Fe: Iron, Ni: Nickel. 
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based characteristics. 

4.2.2.2. Investigated characteristics for different material flows. While 
material classification has been investigated for all identified material 
flows (except for virgin and none), many other characteristics have so far 
been investigated for only few material flows (Fig. 4d). For example, the 
prediction of particle sizes and PSDs has only been researched for CDW 
and MCW (Di Maria et al., 2016; Hoffmann Sampaio et al., 2021; 
Kandlbauer et al., 2021); particle mass prediction has only been studied 
for LWP waste (Kroell et al., 2021a); mechanical material properties 

have only been predicted for plastics (van Engelshoven et al., 2019) in 
our dataset. The highest number of unique characteristics have been 
investigated for plastics (8 of 16 characteristics, 50.0%). 

4.3. Sensors 

As shown in Fig. 5, ten different optical sensors were applied in total: 
NIR, VIS-RGB, VNIR-HSI, MIR, 3DLT, Fourier-transform infrared spec
troscopy (FTIR), VIS-HSI, RAMAN, THz, and thermal sensors, with the 
VIS-NIR range being addressed most frequently (234 of 282 mentioned 
sensors, 83.0%). Comparing the relative frequency of sensors from 2000 
– 2015 and 2016 – 2021 (cf. Section 4.1.1) shows that especially VIS- 
RGB sensors have been increasingly applied in recent years (+14.6 pp). 

Fig. 5a shows that within the theoretical wavelength ranges of each 
sensor (cf. Table 3), sensors in the investigations were operated at spe
cific wavelength ranges to varying extents: For example, NIR sensors 
theoretically covering the wavelength range from 780 nm to 2500 nm, 
have increasingly been applied in between 1000 nm and 1700 nm, 
which results from the high market share of sensors in a lower wave
length range but at the same time sufficient distinct spectra of commonly 
applied materials. 

Multi-sensors offer the possibility of combining advantages and 
compensating disadvantages of different sensors; however, only 15 of 
267 (5.6%) investigations in our dataset applied multi-sensors. One 
reason for this may be the increased technical effort required to merge 
the data from multiple sensors (early or late sensor fusion). The 15 
multi-sensor investigations have so far focused on the combination of 
NIR, VNIR, 3DLT, and VIS-RGB sensors. 

4.3.1. Applied sensors for different characteristics 
The 16 different characteristics presented in Section 4.2 can be 

abstracted into three distinct tasks: (i) material identification, (ii) 

Table 7 
Overview on investigated material flows.  

Material flow Abbreviation #Investigations % 

Plastics – 87  32.6% 
Waste from electrical and electronic 

equipment 
WEEE 30  11.2% 

Construction and demolition waste CDW 27  10.1% 
Waste (not further specified)  18  6.7% 
Mixed solid waste MSW 17  6.4% 
Dataset – 16  6.0% 
Textile – 15  5.6% 
Automotive shredder residue/end- 

of-life vehicles 
ASR/ELV 11  4.1% 

Paper – 11  4.1% 
Lightweight packaging waste LWP 9  3.4% 
Wood – 8  3.0% 
Glass – 6  2.2% 
Mixed commercial waste MCW 4  1.5% 
None (no material flow addressed) – 3  1.1% 
Landfill – 2  0.7% 
Virgin test material – 2  0.7% 
Metals – 1  0.4%  

∑ 267  100.0%  

Fig. 4. Characteristics and investigation levels. (a) Investigation levels per year; (b) investigated characteristics per material flow, (i) purely pixel-based, (ii) pixel- or 
particle-based, (iii) purely particle-based, (iv) purely material-flow-based characteristics; (c) investigated characteristics (aggregated) per year; (d) investigation 
levels per material flows (see Table 7 for abbreviated material flows). 
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segmentation and measurement, and (iii) prediction of material 
properties. 

4.3.1.1. Material identification. Material identification can be per
formed at the pixel, particle and material flow level. At the pixel level, 
predominantly sensors in the IR range (NIR, MIR, and FTIR) have been 
applied (Fig. 5b). Especially for common plastics and other IR-active 
materials, NIR-based material classification has been developed to 
such an extent that classification accuracies of more than 99% have been 
achieved in many applications (e.g., Duan and Li, 2021; Jin et al., 2020; 
Li et al., 2021a; Palmieri et al., 2014; Zheng et al., 2018). 

Partly for this reason, research interest has shifted to newer classi
fication applications in the NIR wavelength range in recent years. 

Examples for such new applications are the discrimination of LDPE and 
HDPE (Bonifazi et al., 2018a), increasing classification depths (e.g., 
packaging types) (van Engelshoven et al., 2019), investigations of mixed 
NIR spectra such as multilayer plastics (Chen et al., 2021f; Chen et al., 
2020), classification of new materials such as bioplastics (e.g., Chen 
et al., 2021e; Moroni and Mei, 2020), and investigation and prediction 
of aging or degradation processes based on NIR spectra (e.g., Chen et al., 
2021c; Chen et al., 2021e). 

In addition to NIR, fundamental vibrations in the MIR range open 
new sensor-based characterization opportunities. Besides an early study 
by Serranti et al. (2006) focusing an the detection of ceramic glass 
contaminants with MIR, investigations on MIR have been increasingly 
conducted since 2014 (Fig. 5c). In contrast to NIR, most MIR 

Fig. 5. Sensors. (a) Addressed wavelength ranges (kernel density estimation), (i) full optical wavelength range (100 nm − 1 mm) in logarithmic scale*, (ii) zoom in 
on VIS-NIR range; (b-f) investigated sensors per (b) investigation level, (c) year, (d) characteristic, (e) material classes (top 20), and (f) material flow. *two THz- 
investigations from (Küter et al., 2018) focus on the lower THz range (84 GHz to 96 GHz) and are not shown in [a] for better readability. 
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investigations (10 of 13, 76.9%) are limited to a pure description of the 
spectra data and classifications based on MIR has so far only been re
ported by Kassouf et al. (2014), Jacquin et al. (2021), and Zinchik et al. 
(2021) with classification accuracies between 92% and 100%. The low 
share of classification investigations based on MIR might be attributed to 
the lower technological maturity of MIR compared to NIR. Furthermore, 
MIR investigations to date have focused almost exclusively on plastic 
identification with the exception of the aforementioned investigation by 
Serranti et al. (2006) (detection of ceramic glass contaminants) and an 
investigation by Rozenstein et al. (2017) (PET, PE, PVC, PP, PLA, PS, 
cardboard, paper, and wood). Moreover, the focus of MIR investigations 
is often on technical polymers or carbon black plastics (cf. Table 6), for 
which the classification based on NIR can be difficult or even technical 
impossible. In addition, advanced material characterization (e.g., 
investigation of aging effects) represents an application field of MIR 
(Signoret et al., 2020b). 

In contrast to the pixel level, VIS-RGB and 3DLT sensors are partic
ularly used at the particle level (cf. Fig. 5b). Two main reasons for the 
increased application of VIS-RGB sensors at the particle level are (i) the 
low investment cost compared to other sensors and (ii) the possibility of 
transferring RGB-based deep learning algorithms (especially CNNs) 
from other research fields (e.g., autonomous driving) to the waste 
management sector. 3DLT sensors, in contrast, can measure the 3D 
shape of particles, which can be used as a feature for the prediction al
gorithm (e.g., Koyanaka et al., 2013; Koyanaka and Kobayashi, 2010; 
Mattone et al., 2000). Another way to identify materials at the particle 
level is to aggregate pixel-based classification results for example by 
majority voting (argmax) or the use of number of pixel-based classifi
cations as a particle-based classification feature (e.g., Bonifazi et al., 
2021; Chen et al., 2021f). This occurs mainly for sensors in IR range and 

VIS sensors; for example, Chen et al. (2021f) has defined a threshold 
(70%) of correct pixel-based classification share as a correct particle 
prediction. 

Like the particle level, classification results from different sensors of 
the pixel and particle level can be aggregated at the material flow level 
(e.g., Curtis et al., 2021; Serranti et al., 2015). Alternatively, direct 
predictions can be made at the material flow level, which have been 
investigated so far with CNNs based on VIS-RGB data by Lu et al. 
(2022a) and Davis et al. (2021). 

4.3.1.2. Segmentation and measurement. A second task involves the 2D 
or 3D measurement of particles and material flows. The starting point 
for all 2D measurements are binary images that divide the sensor data 
into foreground and background at the pixel level. Depending on the 
sensor used, the segmentation can be based on different features, e.g., 
color or brightness from VIS-RGB data (e.g., Maier et al., 2021), intensity 
or dynamics of NIR spectra (e.g., Curtis et al., 2021), or height infor
mation from 3DLT sensors (e.g., Kroell et al., 2021a). Starting point for 
all three-dimensional measurements are 3D heightmaps, for example 
from 3DLT data. 

At the particle level, binary images (2D) or heightmaps (3D) can be 
used to localize or measure individual particles. The localization of 
particles is of high relevance for SBS processes, in order to sort indi
vidual particles using coordinate-precise air pressure bursts (e.g., Maier 
et al., 2021; Pieper et al., 2018) or with mechanical grippers (e.g., Ku 
et al., 2021; Xiao et al., 2020). In addition, 2D and 3D particle di
mensions form the basis for predicting other particle properties such as 
particle size (Kandlbauer et al., 2021) and particle mass (Kroell et al., 
2021a) or can be an (additional) input for material classification (see 
Section 4.3.1.1). 

Table 8 
Overview of investigated ML algorithms.  

Abbr. Algorithm #Investigated #In best Reference 

PCA Principal component analysis 73 24 (Karhunen, 1998) 
CNN Convolutional neural network 47 42 (Lecun et al., 1998) 
PLS Partial least squares 46 37 (Wold et al., 1989) 
kNN k nearest neighbors 36 20 (Altman, 1992) 
SVM Support vector machine 32 17 (Cristianini and Shawe-Taylor, 2013) 
LDA Linear discriminant analysis 28 13 (Tharwat et al., 2017) 
ANN Artificial neural network 25 13 (Wang, 2003) 
DT Decision tree 12 2 (Grajski et al., 1986) 
QDA Quadratic discriminant analysis 10 3 (Hastie et al., 2009b) 
RF Random forest 9 5 (Breiman, 2001) 
Fuzzy Fuzzy based algorithm 7 5 (Perfilieva, 2006) 
SAM Spectral angle mapper 5 2 (Kruse et al., 1993) 
SIMCA Soft independent modelling by class analogy 5 2 (Wold and Sjöström, 1977) 
GMM Gaussian mixture models 4 0 (Figueiredo and Jain, 2002) 
CVA Canonical variate analysis 3 0 (Tofallis, 1999) 
SCC Spectral cross-correlation 2 2 (Koenig, 1999) 
GA Genetic algorithm 2 1 (Holland, 1992) 
BN Bayesian network 2 0 (Holmes and Jain, 2008) 
CBR Case based reasoning 1 1 (Chen et al., 2008) 
CRF Conditional random field 1 1 (Lafferty et al., 2001) 
CT Complementary troubleshooting 1 1 (Xiao et al., 2019a) 
DBC Dissimilarity-based classifier 1 1 (Pekalska and Duin, 2000) 
ICA Independent component analysis 1 1 (Hyvärinen and Oja, 2000) 
MAP Maximum a posteriori estimation 1 1 (Gauvain and Lee, 1994) 
ViT Vision transformer 1 1 (Dosovitskiy et al., 2020) 
DNA computing – 1 0 (Adleman, 1998) 
GPC Gaussian process classifier 1 0 (Rasmussen and Williams, 2008) 
LEMAP Laplacian Eigenmaps 1 0 (Belkin and Niyogi, 2002) 
Linear Linear regression 1 0 (Fahrmeir et al., 2013) 
MLR Multinomial logistic regression 1 0 (Hosmer and Lemeshow, 2000) 
NC Nearest centroid 1 0 (Hastie et al., 2009a) 
RDA Resemblance discriminate analysis 1 0 (Koch, 2014) 
SOM Self-organized map 1 0 (Kohonen, 1998) 
SVD Singular value decomposition 1 0 (Boardman, 1989)  

∑ 368 199   
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At the material flow level, 2D binary images can be used to quantify 
material flows in terms of area flows or occupation densities (e.g., Curtis 
et al., 2021; Küppers et al., 2021; Küppers et al., 2020); whereas 3D(LT) 
measurements allow the determination of volume flows (Curtis et al., 
2021; Feil et al., 2019). 

4.3.1.3. Prediction of material properties. Since material properties such 
as mechanical properties or material colors are usually not influenced by 
particle shapes or sizes, these can be measured directly at the pixel 
level. In our dataset, mechanical properties such as melt viscosity and 
tensile strength have so far only been predicted based on NIR data for 
plastics by van Engelshoven et al. (2019). 

Information on color classes is (obviously) extracted in the VIS 
wavelength range (Fig. 5d). The n = 8 investigations on color classifi
cation in our dataset, predominantly applied VIS-RGB sensors (6 of 8 
investigations, 75.0%), but also VIS-HSI have been applied (2 of 8 in
vestigations, 25.0%). Among the n = 8 color classification in
vestigations, n = 5 investigations (62.5%) conducted classifications at 
the particle level to reduce the influence of, e.g., labels, colored bottle 
caps, or contaminates (Ata et al., 2005; Krcmarik et al., 2019; Tachwali 
et al., 2007; Wang et al., 2019b; Zhou et al., 2021). 

4.3.2. Applied sensors for different material flows and classes 
Fig. 5e shows the application of optical sensors for different material 

classes. As introduced in Section 4.1.2, two groups can be identified: 
Sensors in the IR range (especially NIR) are often applied to plastics (e. 
g., PP, PET, PE, PS), while VIS-RGB sensors find increased applications 
for the broader material classes (glass, paper, metal, cardboard, trash) of 
TrashNet (Yang and Thung, 2016). 

Regarding material flows (Fig. 5f), two effects play a role: First, for 
material identification (Section 4.3.1.1), the application of different 
sensors follows their suitability for identifying different material classes, 
e.g., NIR sensors are often applied for material flows that contain higher 
amounts of polymers (e.g., plastics, LWP, and WEEE), while VIS-RGB 
sensors are often applied for broader material identification (e.g., 
TrashNet) or classification of different paper grades (e.g., “old corru
gated cardboard”, “old newsprint”, or “white paper”), mainly by optical 
characteristics (Rahman et al., 2014). Second, for characteristics based 
on segmentation and measurements (Section 4.3.1.2) the characteriza
tion is independent from the contained material classes. For these 
characteristics, VIS-RGB or 3DLT are often used due to their low in
vestment cost or their ability to perform 3D measurements, respectively. 
Fig. 5f shows a superposition of both effects: While NIR sensors are 
mainly used for plastic-rich material flows, other sensors (e.g. VIS-RGB 
and 3DLT) find a wide range of material flow applications. The selection 
of sensors is therefore not necessarily based at the material flow itself, 
but rather on the characteristics and material classes of interest, as well 
as the suitability of the respective sensors for their combination. 

4.4. ML algorithms 

In our dataset, 204 of 267 (76.4%) investigations studied ML algo
rithms to extract characteristics from the acquired sensor data. For 188 
of 204 (92.2%) investigations, details on the studied ML algorithm(s) 
were given, which are the focus of this section (hereinafter referred to as 
ML investigations). 

Table 8 summarizes the 34 unique ML algorithms investigated by ML 
investigations in our dataset, introduces their abbreviations, and gives 
reference to further details for each ML algorithm. In addition, four in
vestigations developed custom ML algorithms, i.e., ML algorithms that 
were developed for the investigation itself (Di Maria et al., 2016; 
Koyanaka and Kobayashi, 2010; Li et al., 2019; Zhang et al., 2019). 
Among all investigated ML algorithms, PCA (n = 73 investigations), 
CNN (n = 47), PLS (n = 46), kNN (n = 36), and SVM (n = 32) were 
studied most often. 

Furthermore, 45 of 319 (14.1%) studied algorithms were ensembles 
of multiple algorithms (e.g., PCA + PLS). Most ensembles composed two 
algorithms (42 of 45 ensembles, 93.3%) and combined PCA as a pre
processing step with other ML algorithms (37 of 45, 82.2%). 

Fig. 6 gives an overview of ML algorithms investigated more than 
once. As shown in Fig. 6a, the frequency at which different ML algo
rithms were applied has changed over the years. While some algorithms 
(e.g., ANN and LDA) have been studied since the early 2000s, other 
algorithms (e.g., SVM and RF) have been investigated since 2013. 
Especially for CNNs, which were studied since 2018 by investigations in 
our datasets, a steep increase in the number of investigations (2.5-fold 
increase or more per year) can be observed. 

4.4.1. Investigated ML algorithms for different prediction tasks 
Each prediction task can be broken down into (i) a sensor that defines 

the input to the ML algorithm, as well as (ii) an investigation level and 
(iii) a characteristic that define the model output. 

4.4.1.1. Investigated ML algorithms for different sensors. As shown in 
Fig. 6c, most ML algorithms have been applied to data from various 
sensors. However, while CNN (37 of 43 CNN investigations, 86.0%), 
kNN (15 of 34, 44.1%), and SVM (14 of 28, 50.0%) algorithms were 
most frequently applied to data from VIS-RGB sensors, PCA (38 of 53, 
71.7%) and PLS (40 of 45, 88.9%) algorithms were most frequently 
applied to NIR data, which might be traced back to their dimensionality 
reduction capability for highly correlated spectral data. 

4.4.1.2. Investigated ML algorithms for different investigation levels. From 
34 unique ML algorithms, 23 and 25 algorithms have been investigated 
on the pixel and particle level, respectively (see Fig. 6b). Since PCA and 
PLS are capable of dimensionality reduction, they have been often 
applied on the pixel level (48 of 58 [82.8%] and 39 of 45 investigations 
[86.7%], respectively), e.g., to process high-dimensional data from 
hyperspectral sensors such as NIR sensors. In contrast, CNNs have found 
increased application on the particle level (39 of 46, 84.8%) due to their 
suitability for image classification. On the material flow level, re
searchers have so far applied CNNs (Davis et al., 2021; Lu et al., 2022a), 
ensembles of CNNs and SVMs (Chen et al., 2021a), and custom algo
rithms (Di Maria et al., 2016). 

4.4.1.3. Investigated ML algorithms for different characteristics. Although 
most ML algorithms are suitable for a wide range of predictions (Mars
land, 2014), Fig. 6d shows that most algorithms have so far been applied 
to material classification, which can be attributed to the high number of 
material classification investigations (cf. Section 4.2). Besides material 
identification, ML algorithms have only been investigated in occasional 
case studies for other characteristics. In fact, of n = 288 possible 
algorithm-characteristic combinations, only n = 46 (16.0%) have been 
investigated. 

4.4.2. ML prediction scores 
In total, 167 of 188 (88.8%) ML investigations in our dataset re

ported the achieved test score of the best-performing ML algorithm. As 
depicted in Fig. 6f, the reported test scores range from 49.1% to 100.0%. 
133 of 167 (79.6%) ML investigations report test scores of 90% or 
higher. On average, higher best test scores are reported on the pixel level 
(mean: 95.4%) compared to the particle level (mean: 91.3%). Only three 
investigations reported test scores on the material flow level (68.4% −
94.0%), which do not allow further statements due to the small sample 
size. 

When analyzing the development of test scores over time (Fig. 6e), 
for both the pixel (p = 0.048) and particle level (p = 0.015), a slight 
increase of the reported test scores can be observed. At the pixel level, 
reported test scores increased about 0.21% per year; at the particle level, 
test scores increased steeper with about 0.41% per year. 
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Fig. 6. Investigated ML algorithms* (a) per year, (b) per investigation level, (c) per sensor, and (d) per characteristic; (e) test scores of best-performing ML algo
rithms per year and investigation level; (f) test scores per investigation level; (g) Elo rating and test scores of best-performing ML algorithm combinations per 
investigation. *for better readability, only ML algorithms investigated more than once are depicted (see Table 8 for frequency and abbreviations). 
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However, these results must be interpreted with great caution as 
several biases could distort the reported test scores. For example, (i) 
researchers are incentivized to publish only sufficient test scores (pub
lication bias); (ii) most predictions are based on different datasets and 
are therefore only comparable to a very limited extent (if at all); (iii) 
different types of test scores (e.g., accuracy and R2-score) cannot be 
directly compared; and (iv) different investigations may use different 
implementations and hyperparameter settings. 

From 34 investigated ML algorithms, 22 algorithms of the were re
ported once or more as the best-performing ML algorithm or as part of a 
best-performing ML ensemble (cf. Table 8). Among the best-performing 
ML algorithms, CNN (n = 42), PLS (n = 37), PCA (n = 24), kNN (n = 20), 
and SVM (n = 17) algorithms were most often reported. 

However, the frequency at which ML algorithms are reported as the 
best performing ML algorithms is not sufficient to draw conclusions 
about the suitability of different ML algorithms for SBMC. First, ML al
gorithms studied more often have a higher probability of being the best- 
performing ML algorithm (cf. Table 8). Second, ML algorithms, which 
are less often compared to other ML algorithms, have a higher proba
bility of being reported as the best-performing ML algorithm. 

To overcome these limitations, we propose an alternative method to 
assess the suitability of different ML algorithms for SBMC: The Elo rating 
system (Elo, 2008), which is a method to calculate relative skill levels of 
different players that is used in zero-sum games such as chess and 
football. 

In our Elo implementation, we model each investigation as pairwise 
matches between the tested ML algorithms and the best-performing ML 
algorithm within each investigation. All algorithms start with an initial 
Elo rating of 1,000. After each match, the winning algorithm takes 
points from the losing algorithm, and both Elo ratings are updated. The 
transferred points after each match are based on the difference between 
both Elo ratings, which makes the rating system self-correcting. If a 
higher-rated algorithm wins a match against a lower-rated algorithm, 
fewer points will be transferred compared to a match in which a lower- 
rated algorithm wins against a higher-rated algorithm since a win in the 
first case is more likely than in the second case (Elo, 2008). Therefore, 

ML algorithms of higher suitability will achieve higher Elo ratings than 
algorithms of lower suitability. 

Fig. 6g summarizes the Elo ratings and the achieved test scores of the 
25 different ML algorithms (ensembles) that were reported as best- 
performing ML algorithms (ensembles) by the investigations in our 
dataset (excluding PCA2). As a result, we observe high Elo ratings for 
CNN (Elo-score: 1153.1, 14 [matches won]: 1 [match lost]) and RF 
(1132.0, 17:4). In contrast, low Elo ratings are observed for PLS (935.8, 
0:5), DT (928.0, 3:9), and kNN (922.4, 7:14). 

In conclusion, the calculated Elo ratings indicate a high suitability of 
CNN and RF algorithms for SBMC and confirm the observed out
performance of CNN in comparison to other traditional ML algorithms 
observed in other research fields. However, these results must be 
interpreted with great caution, as outlined above and in Section 4.7. 

4.5. Applications and investigation scales 

Fig. 7 summarizes the envisioned applications by investigations in 
our dataset and the scales at which the investigations were conducted. 

4.5.1. Envisioned applications 
In total, we identified six different applications envisioned by the 

publications in our dataset. Table 9 defines the envisioned applications 
and introduces their abbreviations. 

As shown in Fig. 7a, SBS applications have been mentioned since the 
beginning of the period under review (2000 – 2021) and by the majority 
of investigations (cf. Table 9). Starting in 2003, the first investigations 
on PRED applications were published followed by SBMM (2008), SBQC 
(2011), and SBPM/C applications (2012). When comparing the relative 
share of applications mentioned between 2011 – 2021 (last ten years) 
and 2000 – 2011 (cf. Section 4.1.1), we observe that SBMC research has 
been expanding from SBS applications (-18.6 pp) towards SBQC (+9.7 
pp), PRED (+3.6 pp), SBPM/C (+3.1 pp), and SBMM (+2.3 pp) in recent 
years. 

Fig. 7c indicates that the identified applications can be clustered into 
three groups: (i) SBS; (ii) PRED; and (iii) SBMM, SBQC, and SBPM/C. 

Fig. 7. Applications and investigation scales. (a) Applications per year; (b) investigation scales per year; (c) correlation (simultaneous occurrence) between different 
applications; (d) applications for different sensors; (e) investigation scales per sensor. PCC: Pearson correlation coefficient. 

2 Note that we chose to exclude the PCA algorithm from our Elo evaluation 
because PCA is commonly used for explanatory data analysis or preprocessing 
(high frequency among investigated ML algorithms), but has less application in 
final model prediction (low frequency among the best-performing ML algo
rithms), which would systematically bias the Elo evaluation towards other 
algorithms. 
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While applications that require data analysis on the material flow level 
(SBMM, SBQC, or SBPM/C) are positively correlated with each other, 
SBS and PRED applications tend to be envisioned independently, which 
might be traced back to different researchers targeting for different 
applications. 

As shown in Fig. 7d, the envisioned applications differ significantly 
in terms of investigated sensors. While NIR-sensors find more frequent 
applications in SBS (n = 83 mentions on NIR vs. n = 45 mentions on VIS- 
RGB [1.84:1]), VIS-RGB sensors are more frequently investigated for 
PRED applications (n = 22 mentions on NIR vs. n = 35 mentions on VIS- 

Table 9 
Overview and definition of envisioned applications by the publications in our dataset; *SBPC or SBMM*.  

Abbr. Name Description Target level Example #Mentions Mention 
share 

PRED Prediction Prediction of material or material flow characteristics 
from sensor measurements.   

Pixel, particle, 
material flow 

Classification of polymers based on 
NIR spectra. 

81  30.3% 

SBS Sensor-based 
sorting 

Particle-wise sorting of material flows based on predicted 
characteristics from sensor measurements through 
actuators.   

Particle Sorting PET bottles out of LWP waste. 174  65.2% 

SBMM Sensor-based 
material flow 
monitoring 

Sensor-based measurement of MFCs through SBMC over a 
period of time and evaluation of measured MFCs or 
comparison with a target or reference value.    

Material flow Sensor-based monitoring of the input 
material composition in a sorting 
plant. 

13  4.9% 

SBQC Sensor-based 
quality control 

Comparison of MFCs acquired through SBMC with 
predefined quality criteria. 

Material flow Sensor-based monitoring of the 
purity of preconcentrates in a sorting 
plant.  

25  9.4% 

SBPM Sensor-based 
process monitoring 

Monitoring of characteristics or indicators acquired 
through SBMC at the process level. 

Process Sensor-based monitoring the 
screening efficiency of a drum screen.   

8*  3.0%* 

SBPC Sensor-based 
process control 

Adjustment of actuators based on characteristics or 
indicators through SBMC at the process level. 

Process Setting the shaft speed of a pre- 
shredder based on the measured 
output volume flow. 

8*  3.0%*  

* During data extraction, we observed that it is difficult to identify if authors intended an SBPM or SBPC application (since both applications require similar 
technological prerequisites), which we thus unified to SBPM or SBPC (abbreviated as SBPM/C) in the following. 

Fig. 8. Citation network between the 198 publications in our dataset colored by (a) applied sensors and (b) addressed material flows. Vertices: publications, edges: 
citations, pie: relative frequency of respective among a publication, vertex size: #citations among the 198 publications in our dataset. 
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RGB [0.63:1]). 

4.5.2. Investigation scales 
As shown in Fig. 7b, most investigations in our dataset were con

ducted on laboratory scale (242 of 267 investigations, 90.6%), followed 
by investigations on technical (n = 18, 6.7%) and plant scale (n = 3, 
1.1%). In addition, n = 4 investigations (1.5%) were classified as novel 
concepts (Feil et al., 2019; Salmador et al., 2008; Serranti et al., 2011; 
Wu et al., 2020). 

Besides an early investigation by de Groot et al. (2002), in
vestigations on a technical scale in our dataset have been reported 
frequently since 2013 (Beigbeder et al., 2013). Comparing the relative 
shares of different investigation scales between 2000 – 2015 and 2016 – 
2021 (cf. Section 4.1.1) shows an increasing trend towards higher TRL 
levels in recent years: While the relative frequency of concepts (-2.1 pp) 
and investigations on lab-scale (-4.1 pp) decreased, more investigations 
were published on a technical (+4.7 pp) and plant scale (+1.4 pp). 

As shown in Fig. 7e, all ten optical sensors in our dataset have been 
studied extensively on the laboratory scale. On a technical scale, how
ever, the investigated sensors in our dataset reduces to NIR (n = 11), VIS- 
RGB (n = 5 investigations), 3DLT (n = 2), MIR (n = 1), THz (n = 1), and 
multi-sensors (n = 2). Moreover, investigated sensors at the plant level 
are currently limited to NIR (Curtis et al., 2021) and 3DLT (Curtis et al., 
2021; Feil et al., 2019). 

In summary, we observe that most reviewed investigations have 
taken place at the laboratory scale, which can be explained mainly by 
the type of reviewed literature (peer-reviewed journal articles). How
ever, researchers have made significant efforts towards upscaling to 
plant scale. While SBS with many sensors is already state-of-the-art 
(Chen et al., 2021d; Gundupalli et al., 2017a; Sarc et al., 2019), SBMC 
methods rapidly evolve towards plant scale maturity. So far, NIR and 
3DLT have been proven to be suitable for SBMM at plant scale (Curtis 
and Sarc, 2021; Feil et al., 2019). 

4.6. Collaboration and networks 

To determine how interconnected research on SBMC is (RQ 6), we 
evaluate two types of connections in the following subsections: Citation 
networks (Section 4.6.1) and co-authorship networks (Section 4.6.2). 
Both connections will be visualized as graphs. In the citation network, 
the modeled graph consists of publications (vertices) and citations 
(edges) between them. In the co-authorship network, the modeled graph 
consists of authors (vertices) and co-authorships (edges) between them. 

For visualizing both graphs, we will determine the vertex positions 
through the force-based graph drawing algorithm of Hu (2005), imple
mented in graph-tool (Peixoto, 2014). In force-based graph drawing, the 
edges are modeled as mechanical springs that pull connected vertices 
together, while repulsive electrical forces of the vertices push vertices 
away from each other. Vertex positions are initialized randomly and 
then iteratively updated to minimize the system’s energy until an 
equilibrium is reached. In this way, more connected vertices are closer 
together in the final graph than other vertices, enabling us to identify 
relationships between different publications and authors visually. 

4.6.1. Citation networks 
Fig. 8 shows the resulting citation network of the 198 publications in 

our dataset. To interpret the resulting graph, all vertices (publications) 
are visualized as pie charts with the different sensors (Fig. 8a) and 
material flows (Fig. 8b) of the underlying investigations defining their 
color and share (e.g., a publication containing one NIR and one VIS-RGB 
investigation would result in a 50% NIR and 50% VIS-RGB pie). 

In total, we identified n = 497 citations among the 198 publications 
in our dataset. On average, publications in our dataset cited/got cited 
from n = 2.5 other publications from our dataset. The three most cited 
vertices within our dataset are Serranti et al. (2011) [n = 23], Ulrici et al. 
(2013) [n = 18], and Serranti et al. (2012a) [n = 17]. 

The majority of publications (174 of 198, 87.9%) belong to a large 
subgraph (shown in the center of Fig. 8a and b), which contains 98.2% 

Fig. 9. Co-Authorship Network of the 611 authors from 198 publications in our dataset. (N1) largest and (N2) second-largest co-authorship subnet (for clarity, only 
authors with two or more total publications are shown in N1 and N2). 
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(n = 488) of all citations. When we calculate the shortest paths between 
all publications within this subgraph (considering both citations and 
references), we observe that it takes, on average, 2.7 intermediate 
publications to reach any target publication from any source publication 
(min: 0, median: 3, maximum: 7), which indicates a strong intercon
nection of this subgraph. In contrast, we identify 15 subgraphs isolated 
from the main subgraph containing between n = 1 and n = 5 publica
tions each (shown at the borders of Fig. 8). 

When analyzing both colored citation graphs, we observe that pub
lications with similar sensors (Fig. 8a) or material flows (Fig. 8b) often 
cite each other and are thus located closer to each other. Five broader 
clusters can be identified that are closely connected to the main citation 
network: publications that focus on the material flows plastics and MSW 
and apply NIR sensors (C1), publications on plastics and WEEE with MIR 
sensors (C2), NIR publications on LWP (C3), VIS-RGB publications on 
public available datasets or waste classification in general (C4), and 
mostly NIR publications on CDW and glass (C5). In contrast, publica
tions on paper based on VIS sensors (C6), NIR and FTIR publications on 
textile (C7), material-independent publications (C8), and investigations 
on wood (C9a, C9b) are less connected to the main citation subgraph. 

In accordance with the findings of Section 4.3, we see that the (main) 
citation network is largely dominated by two research communities 
focusing (a) on the application of NIR (and MIR) sensors for a more 
nuanced identification of (mostly) plastics (C1, C2) and (b) the appli
cation of CNNs for more general waste classification especially on public 
datasets. 

4.6.2. Co-authorship networks 
Fig. 9 shows the co-authorship graph, in which vertices are colored 

based on the envisioned applications. In total, the co-authorship graph 
contains n = 611 different authors (vertices) and n = 2,472 co- 
authorships (edges). In contrast, to the citation network, the co- 
authorships network is significantly less connected with n = 111 co- 
authorship networks in total, ranging from n = 1 to n = 33 authors 
per group (mean: n = 5.5). 

As shown in Fig. 9, the largest co-authorship network (N1) in our 
dataset contains a total of n = 33 authors (for clarity, only authors with 
two or more total publications are shown in the detailed views of Fig. 9), 
which can be traced back to researchers from the RWTH Aachen Uni
versity (Germany) and Montanuniversitaet Leoben (Austria). Fig. 9.N2 
shows the second-largest co-authorship network (N2) with n = 28 au
thors, which can be traced back to researchers from the Sapienza Uni
versity of Rome (Italy). 

In summary, two main conclusions can be drawn from Section 4.6. 
First, individual co-authorship networks are often focused on a limited 
number of applications. Second, despite extensive citation within our 
dataset (Fig. 8), research collaboration often ends at the boundaries of 
single or a few universities or research groups (Fig. 9). Therefore, 
research across university and research group boundaries has likely the 
potential to provide new impulses for SBMC research. Readers may find 
related researchers by the overview given in Table 6. 

4.7. Limitations 

Despite all efforts devoted, this study has three major limitations. 
First, as the review has focused on peer-reviewed journal articles in the 
English language, non-peer-reviewed publications such as conference 
proceedings and non-english literature have not been included, which 
may add systematic errors to the obtained findings. For example, most 
recent findings from conference publications as well as industrial 
research results are not represented in the review, which may result in 
an underestimation of the state-of-research or reached TRL levels. Here, 
a systematic literature review on non-peer-reviewed and/or non-English 
language literature could complement the present study. 

Second, the focus of this review was on dry-mechanical recycling of 
non-hazardous waste streams. However, it is likely that sensor-based 
characterization methods already exist for virgin materials or hazard
ous wastes that could be transferred to the waste management sector. 
Here, an additional review focusing on transfer from other industries 
(with more advanced levels of digitalization) could be of great value. 

Fig. 10. SBMC data processing pipeline and future research potentials. Research potentials 1–10 (in circles): Future research potentials as outlined in Section 5 
(Research potential i corresponds to Section 5.i). 

N. Kroell et al.                                                                                                                                                                                                                                   



Waste Management 149 (2022) 259–290

281

Third, although our ML algorithm comparison based on Elo ratings 
ensures that only algorithms on the same datasets and for the same tasks 
are compared, several effects could still distort the comparison. (i) The 
fact that each investigation makes a pre-selection of algorithms to be 
investigated could lead to systematic biases, e.g., a better performing 
algorithm might exist but was not considered in the respective study. (ii) 
The Elo rating does not consider how large the prediction difference is 
between individual algorithms. Especially in the case of very small dif
ferences, random effects (e.g., splitting of training and test data) can 
impact on the comparison. (iii) The algorithm comparison may be 
affected by different implementations or hyperparameter optimizations 
among the respective investigations. (iv) It should be noted that our Elo 
implementation compares ML algorithms across different prediction 
tasks within our dataset and does not , e.g., differenciate between clas
sification and regression tasks. Thus, it is still possible that despite an 
overall low Elo rating, certain algorithms are better suited for certain 
tasks than algorithms with overall higher Elo ratings. Therefore, our 
evaluations only provide evidence for particularly well-suited SBMC 
algorithms, but do not replace a direct algorithm comparison in primary 
studies. 

5. Future research potentials 

Based on the obtained overview of existing SBMC publications and 
existing SBMC methods in Section 4, several future research potentials 
can be derived. In Fig. 10, we integrate the insights from Section 4 into 
an SBMC data processing pipeline that illustrates how data from 
different sensors can be used to extract characteristics at different 
investigation levels and what applications emerge from these charac
teristics. Using the framework provided by Fig. 10, we identify n = 10 
future research opportunities, which we discuss in more detail in the 
following subsections (one potential per section; Section 5.i referrers to 
research potential i in Fig. 10). 

5.1. Utilizing low-cost sensors 

Modern sorting plants often produce ten or more output material 
flows; several dozen material flows are often conveyed between indi
vidual separation units inside the plant. To realize the research vision of 
automated and adaptive process control in next-generation sorting 
plants (Section 1.1), it is likely that a significant part of these material 
flows has to be monitored by SBMC methods in the future to obtain a full 
picture of the process state and enable a precise process control for 
optimal sorting results. Many existing sensor technologies have rather 
high unit costs, making exhaustive process monitoring economically 
unfeasible. 

Possible strategies to reduce these investments costs comprise (i) the 
use of existing sensors (see Section 5.4), (ii) positioning additional 
sensors at strategically useful locations, and (iii) reducing the in
vestments cost per sensor. Regarding reducing the investment cost of 
sensors for eMFCs (especially volume flows), we see large potential in 
light detection and ranging (LIDAR) sensors, which could measure vol
ume flows at a significantly lower cost compared to state-of-the-art 3DLT 
sensors (Nordmann and Pfund, 2020). Regarding iMFCs, we see great 
potential in VIS-RGB sensors, which could substitute 3DLT sensors 
where 2D particle measurements are sufficient (e.g., Kandlbauer et al., 
2021) or other sensors when combined with advanced ML algorithms 
such as CNNs (e.g., Chen et al., 2021a; Davis et al., 2021; Lu et al., 
2022a). 

5.2. Upscaling and utilization of emerging sensor technologies 

In addition, potential improvements could be achieved by further 
upscaling emerging optical sensor technologies such as THz and MIR, 
which have proven to solve intractable problems such as sorting carbon- 
black plastics in the past (e.g., Küter et al., 2018; Rozenstein et al., 2017; 

Signoret et al., 2020a, Signoret et al., 2019a, Signoret et al., 2019b). For 
example, a more detailed characterization with MIR sensors could 
enable the identification of specific plastic additives, the prediction of 
application-specific material properties of post-consumer recyclates 
(van Engelshoven et al., 2019), or quantify aging effects (Signoret et al., 
2020b), which can be challenging in the NIR range (e.g., Chen et al., 
2021c). 

These predicted characteristics could be utilized in advanced SBS 
and SBQC and contribute to higher-quality material recycling (e.g., 
additives like flame retardants could damage the quality of the plastic 
recyclate). As these emerging sensor technologies have so far predomi
nantly been applied to plastics, the extension to other use cases such as 
the discrimination of different waste wood categories, a more nuanced 
paper sorting, or SBS in CDW recycling could contribute further to an 
improved material circulation. 

5.3. Improvement of 3D(LT) detection 

As discussed in Section 4.3.1, 3D sensors are of great value for 
measuring volume flows (3DLT and LIDAR) and individual particles 
(3DLT) in SBMC. However, many problems in applying 3DLT sensors for 
SBMC are still under-researched. For example, many post-consumer 
material flows contain transparent materials such as PET bottles or 
glass, which can only be detected to a limited extent using 3DLT because 
the laser beam (depending on transparency and surface contamination) 
penetrates the transparent material and cannot be measured at the 
particle’s surface. Regarding volumetric flow measurement, 3DLT and 
LIDAR sensors often overestimate or underestimate the volumetric flow 
through cavities or overshadowing, respectively, or it is unclear how the 
“true” volumetric flow is even defined in such cases. 

5.4. Utilization of existing sensor equipment and data streams 

As mentioned under Section 5.1, there is great potential in using 
existing sensor data in sorting plants. Many modern sorting plants 
contain several SBS units. Since the material flow on the acceleration 
belts/chutes of existing SBS equipment is presented as a singled mono
layer, and the existing sensors classify the material flow, either way, the 
use of sensor data from existing SBS units offers great potential for 
material flow monitoring. SBS manufacturers are already recording this 
data and making it available to their customers (e.g., TOMRA Systems 
ASA., 2022a). However, challenges in this area are mainly of a technical 
and organizational nature. Since the data is primarily used for SBS, 
material flow information (e.g., area-related material flow composi
tions) is usually stored in an aggregated form and cannot be evaluated 
and used in more detail for other SBMC applications. In addition, sensor 
data often have material-specific weights, and individual reference 
spectra are stored for the sorting recipe, which can be very different if 
they are saved desirably for, e.g., SBMM applications. Besides, recipes 
often change over time (due to SBS unit maintenance), complicating the 
data analysis. A simple technical solution would be to split the sensor 
data stream into an SBS and an SBMM data stream immediately after 
acquisition so that the sensor data can be analyzed at high resolution 
without affecting the actual sorting task (and vice versa). 

5.5. Open-access datasets and further utilization of deep learning methods 

CNNs have so far achieved impressive classification results on VIS- 
RGB datasets of post-consumer wastes (e.g., TrashNet [Yang and 
Thung, 2016] and Huawei garbage classification challenge cup [Huawei, 
2019]; see Section 4.4.2). However, the public datasets available are 
quite different from the reality in many industrial sorting plants. For 
example, in sorting plants, particles usually must be identified on (dirty) 
conveyor belts, whereas the particles in, e.g., TrashNet were created in 
front of mostly homogeneous, white, and clean backgrounds. In addi
tion, waste collection and preconditioning particles in sorting plants are 
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often covered with dust, ash, or dirt, exist as agglomerates with other 
materials, or are often heavily deformed or partially damaged by waste 
collection or preconditioning processes. Additionally, modern sorting 
plants often sort according to other and more nuanced material classes 
than the ones used in TrashNet. 

ML researchers could largely profit from open-access datasets of 
post-consumer or post-industrial waste closer to real-world sorting 
plants’ reality. Open access could help exploit datasets once generated 
through elaborate labeling more intensively by many researchers. For 
example, Lu et al. (2022a) report that it took n = 10 annotators “a month 
of hard work” (Lu et al., 2022a, p. 4) to label their dataset of n = 5,022 
images for semantic segmentation, yet, the dataset has only been 
investigated by the authors themselves. 

Furthermore, CNNs could be applied to predict other characteristics 
such as particle sizes and masses, as stated earlier (Kroell et al., 2021a). 
To date, the prediction of particle sizes and masses has been mostly 
conducted on manually engineered particle features (e.g., Kroell, 2021), 
which might not be optimal for the given prediction task. Here, CNNs 
could be of great value since the extracted features are learned by the 
model itself and might thus be adapted better to the specific prediction 
task. Since CNNs can be trained on any type of data array, CNNs could be 
applied to other types of sensor data at the pixel and particle level. First 
investigations following this approach have already presented prom
ising results (e.g., Gruber et al., 2019; Jiang et al., 2021; Liu et al., 2020; 
Xia et al., 2021a; Zinchik et al., 2021). Especially transfer learning 
techniques (Alom et al., 2019) could help to utilize existing CNNs 
models for SBMC applications. 

5.6. Development and demonstration of sensor-based characterization 
methods at the material flow level 

As discussed in Section 4.2, characteristics have so far been predicted 
only occasionally at the material flow level. Several research gaps need 
to be overcome to enable a reliable extraction of iMFCs. 

First, all existing optical sensors create area- or volume-based mea
surements. As elaborated detailed in (Kroell et al., 2021a), most appli
cations in waste management require mass-based MFCs. Therefore, a 
transformation of the area- or volume-based sensor measurements into 
mass-based MFCs is necessary, which so far has been researched only 
briefly for a limited set of material flows (Krämer, 2017; Kroell et al., 
2021a; Serranti et al., 2015; Weissenbach and Sarc, 2022; Weissenbach 
and Sarc, 2021). 

Second, outside SBS units, material flows in sorting and processing 
plants are often not transported as a singled monolayer (Fig. 11a) but as 
multilayered bulks (Fig. 11b) with materials touching or overlapping 
each other. When particle-based characteristics (e.g., PSDs) shall be 
determined in such an unfavorable material flow presentation, adapted 
segmentation algorithms need to be developed first. Here, we see great 
potential in the application of semantic instance segmentation algo
rithms based on deep learning such as U-Net (Ronneberger et al., 2015), 

Mask R-CNN (He et al., 2017) and DeepLabv3+ (Chen et al., 2018). 
Pixel-based derivable characteristics such as the material flow compo
sition can be derived by analyzing the surface of the investigated ma
terial bulk (e.g., Curtis and Sarc, 2021). However, segregation errors, e. 
g., through granular convection (“Brazil nut effect”) (Rosato and Prinz, 
1987) (Fig. 11b) or different material densities, might result in high 
uncertainties when only considering the bulk surface. Here, extensive 
research is required to understand and quantify these effects on SBMC at 
the material flow level. 

Third, little research has been conducted regarding the measurement 
of volume flows (see Section 5.3) and the transformation of volume to 
mass flows (Curtis and Sarc, 2021). Likewise, significant research gaps 
exist in the prediction of PSDs on conveyor belts (cf. Section 4.2). 

Fourth, there is no consensus at which time intervals SBMM data 
should be aggregated or smoothed and how material flow fluctuations 
should be quantified best (Curtis et al., 2021; Feil et al., 2019). While 
there are rather clear prediction metrics on the pixel and particle level 
(see Section 2.3.2), first investigations on the targeting on a prediction of 
iMFCs show that there are yet no clear metrics to assess the prediction 
performance on the material flow level (e.g., Kandlbauer et al., 2021). 

5.7. Development and demonstration of sensor-based characterization 
methods at the process level 

As discussed in Section 4.2.1, we have not identified peer-reviewed 
investigations on the process level yet. However, such investigations 
would be of high value since they would enable SBPM or even SBPC in 
nearly real-time. From our initial experience (Kroell et al., 2022), it 
appears that SBPM is technically feasible, and the prediction accuracy 
depends especially on the prediction at the material flow level. 
Compared to other investigation levels, the challenge at the process level 
is that several sensors have to be used simultaneously as process eval
uation usually consists of at least two different material flows (see 
Section 2.1.3). Once a precise characterization of the material flow level 
is possible, the process assessment can be performed relatively straight- 
forward, e.g., based on the indicators presented in Section 2.1.3. We 
assume that case studies on performance assessments on the process 
level for mechanical unit operations frequently applied in sorting and 
processing plants would be of great value for a better process under
standing. These insights could be helpful, for example, regarding the 
parameterization or modeling of individual unit operations or entire 
sorting or processing plants. 

5.8. Extraction of new characteristics 

Besides the characteristics listed in Section 2.1 and Section 4.2, new 
characteristics could be envisioned that could help to improve material 
circulation further. For example, differentiating food and non-food 
packaging through VIS-RGB data and CNNs could greatly value 
advanced SBS and SBQC. Furthermore, as mentioned in Section 5.2, MIR 

Fig. 11. Presentation of material flows as (a) singled monolayer and (b) multilayered bulks to SBMC sensors. A. hallow spaces, B. large particles aggregate on top, C. 
smaller particles accumulate on the bottom. 
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or NIR sensors combined with CNNs could be used to classify more 
nuanced material classes (van Engelshoven et al., 2019) or, e.g., addi
tives or hazardous substances in plastics. Especially the detection of 
application-orientated interfering substances through deep learning 
could be of great value for improving the quality of produced pre
concentrates and secondary raw materials as, e.g., demonstrated by the 
detection of PE cartages in PE preconcentrates (STEINERT GmbH, 2020; 
TOMRA Systems ASA, 2022b) or waste wood sorting (TOMRA Systems 
ASA, 2022b). 

5.9. Upscaling to plant scale 

As shown in Section 4.5.2, most investigations in our dataset have so 
far been conducted on a laboratory or technical scale. Subsequent 
upscaling is necessary to reach higher TRL levels and bring the in
vestigations from laboratories into applications that generate actual 
ecological benefits. Despite a higher number of unknowns, there is high 
potential in investigations at plant scale, since only under real-world 
conditions, unexpected challenges such as dust, vibrations, interfering 
substances, blockages, material overlay, and surface adhesions occur 
(Parrodi et al., 2021), which need to be overcome to reach higher TRL 
levels. 

5.10. Development of new business models around SBMC 

In addition to the long-term use of the material flow data obtained by 
SBMC for automatic and adaptive process control (see Section 1.1), new 
business models could contribute to increased material circulation along 
the way. 

Downstream of a sorting plant, material flow data of pre- 
concentrates could be utilized in processing plants to adapt, e.g., pro
cess parameters to different input compositions. Based on the measured 
material flow characteristics, SBQC and dynamic pricing models for 
preconcentrates could be possible. Improved SBS and an in-depth 
knowledge of material flows could help produce higher quality sec
ondary raw materials for demanding applications. 

Upstream of a sorting plant, input material flow data could be used to 
optimize waste collection and recycling-friendly production. For 
example, input material flow data could be used to monitor separate 
waste collection in different collection areas, e.g., to make public cam
paigns for separate waste collection more effective. In addition, material 
flow data could help to evaluate the recyclability of different products or 
packaging and provide feedback to product designers or to assess the 
environmental performance of individual products more accurately. 

Ultimately, SBMC methods could contribute to greater transparency 
of mechanical recycling processes and the anthropogenic material cycles 
in which they are embedded. Currently, this transparency is largely 
lacking due to time-consuming and costly plant assessment and sorting 
analysis. SBMC methods can help to close this data gap, leading to more 
transparency and a better decision-making basis. 

6. Conclusions 

Focusing on optical sensors and machine learning algorithms for 
sensor-based material flow characterization in dry-mechanical recycling 
of non-hazardous wastes, this article systematically reviewed 267 in
vestigations from 198 peer-reviewed journal publications published 
between January 2000 and October 2021. 

The review demonstrates that applications of optical sensors and 
machine learning algorithms have received increased attention in recent 
years, with more than half of the investigations published in 2019 – 
2021. The reviewed investigations addressed various material flows, 
especially plastics. Whereas most investigations presented analysis of 
sensor data at the pixel or particle level, less than 5% of all investigations 
conducted analyses at the material flow level, and we identified no in
vestigations at the process level. 

We identified ten different sensors among the wavelength range 
under review (100 nm and 1 mm), with the visible to near-infrared range 
being studied most often. While investigations with VIS-RGB sensors 
often focused on identifying broader material classes with CNNs, NIR 
and MIR sensors were most often used for plastic classification at the 
pixel level. 

In the reviewed publications, a total of 34 different ML algorithms 
have been investigated to predict characteristics from sensor data, with 
PCA, CNN, and PLS being applied the most. CNNs in particular have 
been increasingly applied since 2018: the number of CNN investigations 
in our dataset doubled or more each year and became the most 
frequently applied machine algorithm in our dataset by 2021. A com
parison of the reported test scores of different ML algorithms based on 
Elo ratings indicates that the predictive performance of CNN and RF 
models might be higher than that of other ML algorithms. While appli
cations initially focused on only sensor-based sorting, a trend has 
emerged toward new applications including sensor-based material flow 
monitoring, quality control, and process monitoring/control over the 
past 10 years. 

Our literature review revealed significant research gaps in the field of 
sensor-based material flow characterization demonstrating that little 
research has been conducted at the material flow and process level. In 
particular, research has yet to focus on the conversion of area-based 
sensor data into mass-based material flow characteristics as well as 
the prediction of material flow characteristics in the case of overlapping 
material flow presentation (multilayered bulks). Furthermore, more 
than 90% of all investigations were conducted on laboratory scale, with 
considerable upscaling potential. Future research can especially focus on 
further applications of deep learning methods, on advanced exploitation 
of low-cost sensor systems such as VIS-RGB, and on a broader applica
tion of new sensor technologies (e.g., MIR and THz) for new and more 
nuanced material characteristics. 

The combination of increasingly better and cheaper optical sensors 
with advanced data analysis methods such as deep learning will prob
ably make it possible to characterize material flows with sufficient ac
curacy at plant scale in the next few years. Together with developments 
in remotely controllable actuators and intelligent process control algo
rithms, next-generation sorting and processing plants could not only sort 
and process materials better, but also provide valuable material flow 
information for the entire value chain. In conjunction with other circular 
economy strategies, these developments could significantly close 
anthropogenic material cycles and help to transition the world toward 
sustainable development. 
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Neuruppin, pp. 92–111. 

Patrizi, A., Gambosi, G., Zanzotto, F.M., 2021. Data Augmentation Using Background 
Replacement for Automated Sorting of Littered Waste. Journal of imaging 7, 144. 
https://doi.org/10.3390/jimaging7080144. 

Peixoto, T.P., 2014. The graph-tool python library. figshare. https://doi.org/10.6084/ 
m9.figshare.1164194. 

Pekalska, E., Duin, R., 2000. Classifiers for dissimilarity-based pattern recognition, in: 
Proceedings / 15th International Conference on Pattern Recognition: Barcelona, 
Spain, September 3 - 7, 2000. 15th International Conference on Pattern Recognition, 
Barcelona, Spain. 3-7 Sept 2000. IEEE Computer Society, Los Alamitos, Calif., 
pp. 12–16. 

Perfilieva, I., 2006. Fuzzy transforms: Theory and applications. Fuzzy Sets and Systems 
157, 993–1023. https://doi.org/10.1016/j.fss.2005.11.012. 
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3 Characterization methods

To answer RQ II, Chapter 3 aims to develop characterization methods for determining mass-
based material flow compositions of post-consumer LWP material flows. By closing essential re-
search gaps and utilizing existing research findings from Chapter 2, these characterization meth-
ods can enable novel SBMC applications (RQ III) in Chapter 4. As shown by Publication A (Sec-
tion 2.1), a major challenge for SBMC applications is the determination of mass-based material
flow compositions from pixel- or volume-based sensor data. In Chapter 3, two complementary
approaches are pursued in this respect. In a particle-level approach (Sections 3.1 and 3.2), indi-
vidual particle mass predictions are investigated, based on which pixel- or volume-based sensor
data can be transformed into mass-based material flow compositions. In a material-flow-level
approach (Sections 3.3 and 3.4), a direct transformation of pixel data tomass-basedmaterial flow
compositions using data aggregation and regression models is investigated.

3.1 Publication B: imea
Kroell, N. (2021). imea: A Python package for extracting 2D and 3D shape measurements
from images. Journal of Open Source Software, 6(60), 3091. https://doi.org/10.21105/joss.
03091

The first essential step of the particle-level approach is the extraction of particle measurements
from sensor data for subsequent particle mass prediction (Section 3.2). While a large number of
particle descriptors has been proposed in scientific and technical literature (Deutsches Institut
für Normung e. V., 2012; Pabst &Gregorova, 2007; Pahl et al., 1973a, 1973b, 1973c; Steuer, 2010),
only a fraction of these are available in current software packages (e.g., scikit-image [van derWalt
et al., 2014] or opencv [Itseez, 2015]). To close this gap and enable the development of particle
mass predictionmodels in Publication C (Section 3.2), the imea Python package (Figure 3.1) was
developed to automatically extract particle measurements from sensor data.

Figure 3.1. Graphical abstract Publication B.
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Summary

Quantitative measurement of 2D and 3D shapes from images is used in many research fields,
for example, chemistry (Lau et al., 2013), mineral engineering (Andersson et al., 2012),
medicine (Nguyen & Rangayyan, 2005), biology (Smith et al., 1996), and environmental
engineering (Kandlbauer et al., 2021; Weissenbach & Sarc, 2021). In the past, a variety of
shape measurements have been proposed in the scientific literature and as technical norms
(DIN ISO 9276-6, 2012; Pabst & Gregorova, 2007; Pahl et al., 1973a, 1973b, 1973c; Steuer,
2010).
imea is an open source Python package for extracting 2D and 3D shape measurements
from images. The current version of imea enables the extraction of 53 different 2D shape
measurements, covering macrodescriptors such as minimal bounding boxes (Steuer, 2010),
mesodescriptors such as the numbers of erosion to erase a binary image (DIN ISO 9276-6,
2012), microdescriptors such as the fractal dimension (DIN ISO 9276-6, 2012), as well as
statistical lengths like Feret, Martin or Nassenstein diameters (Pahl et al., 1973a), as shown
by the exemplary selection in Figure 1. Furthermore, 13 different 3D shape measurements
ranging from volume (Pahl et al., 1973a) and minimal 3D bounding boxes (Steuer, 2010) to
3D Feret diameters and maximum dimensions (Steuer, 2010) can be extracted.
Both 2D shapes, represented as 2D binary images, as well as 3D shapes, represented as
grayscale images where the grayvalue of each pixel represents its height, can be analyzed
automatically with a single function call. Extracted shape measurements are returned as
a pandas dataframe (McKinney, 2010), and by specifying the spatial resolution of inserted
images, results are automatically converted into metric units for further quantitative analysis.

Statement of need

Only a minority of 2D and 3D shape measurements proposed in the scientific literature and as
technical norms are available in existing open source packages for image processing, such as
scikit-image (van der Walt et al., 2014) and OpenCV (Itseez, 2015). In the past, unavailable
shape measurements had to be implemented manually by individual researchers or could not
be used at all. Moreover, the utilization of different existing packages for shape measurement
extraction requires switching between different coordinate systems and data formats. Both
cases create unnecessary “reinventing the wheel” and may induce potential calculation errors.
imea solves this problem by simplifying the extraction of 2D and 3D shape measurements from
images into a single function call. Researchers can focus on the analysis and utilization of
extracted shape measurements, while the shape measurement extraction is handled by imea.
A computationally efficient implementation of underlying algorithms makes even complicated
shape measurements available to a wide variety of researchers from different fields.

Kroell, N., (2021). imea: A Python package for extracting 2D and 3D shape measurements from images. Journal of Open Source Software,
6(60), 3091. https://doi.org/10.21105/joss.03091
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Figure 1: Exemplary selection of 2-dimensional shape measurements available in imea.
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3.2 Publication C: Sensor-based particle mass prediction

Kroell, N., Chen, X., Maghmoumi, A., Koenig, M., Feil, A., & Greiff, K. (2021). Sensor-
based particle mass prediction of lightweight packaging waste usingmachine learning algo-
rithms. Waste Management, 136, 253–265. https://doi.org/10.1016/j.wasman.2021.10.017

Based on particle descriptors extracted with the imea package (Publication B [Section 3.1]), a
sensor-based particle mass prediction using ML based on 3D laser triangulation (3DLT) data is
investigated in Publication C (Figure 3.2). The main motivation of Publication C was transfer-
ring sensor data to recycling-industry-relevant reference unit: As shown in Publication A, the
material class of LWP particles can already be classified very precisely with, e.g., near-infrared
(NIR) and state-of-the-art classification models on the acceleration bands on SBS units. How-
ever, the information is always only available on an area basis [a%] (e.g., with NIR sensors) or
on a volume basis [vol%] (e.g., with 3DLT sensors), whereas material characterization in the
recycling industry is always wanted mass-based [wt%] (cf. future research potential 6 in Pub-
lication A [Section 2.1]). Since individual particle masses cannot be measured inline, the goal
of Publication C was to develop an ML model that can predict the mass of individual particles
from area- or volume-based sensor data. By combining the existing classification models and
the newly developed mass prediction model, mass-based material flow characteristics (MFCs)
can be derived from the area- or volume-based sensor data. The sensor technology used here is
3DLT, since it can be used to simulate both 2D (e.g., NIR) and 3D sensors, and 3DLT sensors are
already in large-scale use in SBS (e.g., STEINERT GmbH, 2023; TOMRA Systems ASA, 2023).
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A B S T R A C T   

Sensor-based material flow characterization (SBMC) promises to improve the performance of future-generation 
sorting plants by enabling new applications like automatic quality monitoring or process control. Prerequisite for 
this is the derivation of mass-based material flow characteristics from pixel-based sensor data, which requires 
known individual particle masses. Since particle masses cannot be measured inline, the prediction of particle 
masses of lightweight packaging (LWP) waste using machine learning (ML) algorithms is investigated. Five LWP 
material classes were sampled, preprocessed, and scanned on a custom-made test rig, resulting in a dataset 
containing 3D laser triangulation (3DLT) images, RGB images, and corresponding masses of n = 3,830 particles. 
Based on 66 extracted shape measurements, six ML models were trained for particle mass prediction (PMP). 
Their performance was compared with two state-of-the-art reference models using (i) material-specific mean 
particle masses and (ii) grammages. Obtained particle masses showed a high variation and significant differences 
between material classes and particle size classes. After feature selection, both reference models achieving R2- 
scores of (i) 0.422 ± 0.121 and (ii) 0.533 ± 0.224 were outperformed by all investigated ML models. A random 
forest regressor with an R2-score of 0.763 ± 0.091 and a normalized mean absolute error of 0.243 ± 0.050 
achieved the most accurate PMP. In contrast to studies on primary raw materials, PMP of LWP waste is chal
lenging due to influences of packaging design and post-consumer disposal behavior. ML algorithms are a 
promising approach for PMP that outperform state-of-the-art methods by 43% higher R2-scores.   

1. Introduction 

1.1. Plastic packaging 

In 2018, Europeans generated about 89.5 Mt/a of packaging waste 
(Eurostat, 2021). Among all packaging wastes, plastic packaging has 
occupied about 19 wt% (17.2 Mt/a) in 2018 and has risen from about 
29.1 kg per capita in 2009 to about 33.5 kg per capita in 2018 (Eurostat, 
2021). Member states of the European Union have developed collection 
and recycling systems for different packaging wastes with the aim of (a) 
avoiding unwanted leakage of packaging wastes into the environment, 
(b) reducing/avoiding landfill volumes, and (c) recycling of contained 

valuable materials to achieve environmental benefits (European Union, 
2018; Ragaert et al., 2017); e.g., in terms of energy savings (Perugini 
et al., 2005) and reduced greenhouse gas emissions (Astrup et al., 2009). 

Germany alone produced about 5.35 Mt/a of post-consumer plastic 
wastes in 2019; 59 wt% (3.16 Mt/a) of which was collected as light
weight packaging (LWP) waste together with metal and composite 
packaging materials (Conversio Market & Strategy GmbH, 2020). LWP 
waste is initially sorted by LWP sorting plants into material-specific 
preconcentrates and a remaining sorting residue (Feil and Pretz, 
2020). Preconcentrates are then further refined into secondary raw 
materials by specialized recycling plants and re-enter the anthropogenic 
material cycle (Feil and Pretz, 2020). 
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Despite all efforts devoted in the past, the current performance of 
plastic recycling remains unsatisfactory: From about 5.35 Mt/a collected 
post-consumer plastic waste in Germany, only about 19 wt% (1.02 Mt/ 
a) could be converted into recyclates, and only about 8 wt% (0.43 Mt/a) 
was used to substitute virgin plastics (Conversio Market & Strategy 
GmbH, 2020). To increase the substitution of primary raw materials and 
the accompanying environmental benefits, substantial improvements of 
LWP sorting plants are necessary. 

1.2. Concepts for future generation sorting plants 

Scientific studies have proposed several improvements for LWP 
sorting plants in recent years. Suggested improvements range from 
optimized pre-conditioning (Küppers et al., 2019; Möllnitz et al., 2021) 
and material flow management (Feil et al., 2019); to the application of 
new sensor technologies such as mid-infrared (Rozenstein et al., 2017; 
Signoret et al., 2019a, 2019b), terra-hertz imaging (Küter et al., 2018), 
or laser-induced breakdown spectroscopy (Junjuri and Gundawar, 
2020); the extension classification algorithms to new packaging mate
rials such as bioplastics (Chen et al., 2021a; Moroni and Mei, 2020) or 
multilayer plastic packaging (Chen et al., 2021b; Chen et al., 2020); to 
new discharge principles such as robotic sorters (Chen et al., 2019; 
Lapusan et al., 2018; Papadakis et al., 2020). 

Especially an integration and utilization of advanced sensors for 
automated process control and increased plant performance is shared as 
a research goal by many scientists (Curtis et al., 2021; Feil et al., 2019; 
Khodier et al., 2019; Sarc et al., 2019; Serranti et al., 2011; Vrancken 
et al., 2017). In the context of sensor-based material flow character
ization (SBMC), suitable algorithms could extract process-relevant ma
terial flow characteristics (MFCs) from integrated sensors and existing 
sensor-based sorting equipment. Monitoring, e.g., volume flows, mate
rial compositions, and particle size distributions inline and in real-time 
with SBMC methods, would enable new applications such as (i) auto
matic quality control of product fractions, e.g., for quality-dependent 
price models or product quality certification; (ii) automatic process 
monitoring, e.g., to detect process anomalies and increase plant uptime; 
(iii) automatic inline-characterization of input streams, e.g., to monitor 
separate segregation efficiencies of different waste collection regions to 
inform the public or optimize public campaigns for improved separate 
collection; and (iv) gaining new process insights for improved design 
and development of future sorting plants. 

However, the high innovation potential of SBMC methods stands in 
contrast to many unaddressed research problems that inhibit their 
implementation. One of the most critical problems, the conversion of 
pixel-based sensor measurements into mass-based MFCs, is addressed in 
this study. 

1.3. Sensor-based particle mass prediction: from pixel to mass 

Accurate conversion from pixel-based measurements to mass-based 
MFCs is of utmost importance for SBMC applications as acquired 
sensor images are represented in pixels. However, nearly all applications 
require MFCs related to masses, as the following examples show: (i) 
Product specifications for preconcentrates from LWP sorting plants 
define minimum purities in terms of mass percentages (Der Grüne Punkt, 
2018). (ii) Process performance is assessed by mass-based indicators such 
as purity, yield, and recovery (Feil et al., 2016). (iii) According to (DIN 
EN 15415-1, 2011), particle size distributions are based on particle 
masses. (iv) The throughput of sorting machines and plants is evaluated 
in tones per hour (Küppers et al., 2020a; Küppers et al., 2020b). 

To precisely extract mass-based MFCs from sensor images, it is 
essential to know the mass of the smallest elements in a material flow – 
particles. As an inline measurement of individual particle masses is 
technically infeasible in industrial-scale sorting plants, particle masses 
must be determined indirectly from other measurements. One approach 
is to predict individual particle masses from captured sensor images 

based on a reference dataset and corresponding machine learning (ML) 
algorithms which we summarize in the following as sensor-based par
ticle mass prediction (PMP). In PMP, algorithms are trained on a refer
ence dataset that contains particle images or other particle 
measurements and their corresponding masses, which can be acquired 
by weighting individual particles of a reference sample offline. 

A key advantage of this approach is its independence from the type of 
applied sensors, as long as the applied sensors can represent the particles 
in sufficient spatial resolution in terms of a 2D binary image or a 3D 
heightmap. 2D binary images can, for example, be derived from 
hyperspectral, multispectral, RGB, or gray value images by segmenting 
the image into foreground (particles) and background (conveyor sur
face). Typical sensors already used in LWP sorting plants and can pro
duce such images are, e.g., RGB cameras or near-infrared (NIR) sensors 
(Pellenc ST SAS, 2021; STEINERT GmbH, 2021; TOMRA Sorting GmbH, 
2021). High-resolution 3D heightmaps can, for example, be obtained by 
3D laser triangulation (3DLT) sensors which are already applied in 
industrial-scale sensor-based sorting (STEINERT GmbH, 2021; TOMRA 
Sorting GmbH, 2021) and waste management research (Feil et al., 
2019). 

Despite the utmost importance for SBMC applications (cf. Section 
1.2), models for PMP have yet only been developed in the primary raw 
material industry (cf. Section 1.4), which cannot be directly transferred 
to post-consumer waste streams, as fundamental model assumptions 
such as (i) constant material densities, (ii) the absence of large hollow 
spaces, and (iii) limited shape complexity are violated. PMP of LWP 
waste seems especially challenging due to various packaging designs 
and post-consumer influences, e.g., folding or compression of packages 
during waste collection. 

The aim of this study is thus to investigate the technical feasibility of 
sensor-based PMP for LWP wastes with frequently applied sensors in 
LWP sorting plants. The following research questions (RQs) shall be 
answered: 

RQ 1: How much do particle masses of LWP wastes vary between 
different material and particle size classes? Which factors influence the 
distribution of particle masses and particle-specific grammages? 

RQ 2: Which shape measurements are suitable for predicting particle 
masses? How significantly do they correlate? 

RQ 3: How precisely can particle masses for LWP wastes be pre
dicted? Which ML models achieve the most accurate prediction results, 
and how is the performance compared to state-of-the-art methods (e.g., 
mean particle weights or grammages)? 

1.4. Related work 

Prediction of particle masses from images has been researched in the 
primary raw material industry to convert number-based particle size 
distributions (PSDs) determined from images into mass-based PSDs, 
which requires a prediction of individual particle masses. In contrast, 
sensor-based PMP in waste management is still at an early stage. 

1.4.1. Applications in the primary raw material industry 
Existing studies have implemented PMPs by using mean particle 

masses per particle size class, predicting particle volumes with regres
sion models, and estimating particle volumes by geometric bodies: 

Andersson et al. (2012) presented a machine vision system for esti
mating mass-based PSDs for limestone. For weight transformation, a 
total of n = 1,912 particle weights was acquired. Across six trials, mass- 
based PSDs could be predicted with R2 scores between 0.921 and 0.992 
(mean: 0.965). 

Zhang et al. (2012), Banta et al. (2003), and Vallebuona et al. (2003) 
investigated the prediction of particle volumes and masses from 2D 
images. After extracting several shape descriptors from 2D binary im
ages, regression models were applied to establish a relationship between 
measured shape descriptors and mean particle heights or particle vol
umes. Based on the assumption of a constant material density, the 
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determined particle volumes were converted into particle masses with 
the achieved R2-scores summarized in Table 1. Zhang (2015) classified 
coal particles based on color and texture features into seven density 
classes using a support vector machine. Using the predicted densities 
and the mass model from Zhang et al. (2012), mass-based density dis
tributions were obtained. 

Igathinathane and Ulusoy (2012) predicted volumes of coal particles 
in the particle size range from 0.038 mm to 1.7 mm. After determining 
particle lengths and widths from 2D binary images, the particle volume 
was approximated by the volume of a rotational ellipsoid with equal 
dimensions. 

1.4.2. Applications in waste management 
We are aware of four studies that partly address PMP for anthropo

genic waste streams: 
Krämer (2017) studied the distribution of particle weights, projec

tion areas, and grammages in the context of solid recovered fuel (SRF) 
quality control. By investigating the distribution of n = 3,171 particles, 
it was found that both particle masses and projection areas follow a log- 
normal distribution. 

Weissenbach and Sarc (2021) followed a similar approach and found 
log-normal distributions of projection areas and particle masses for n =
12,100 particles from fine-shredded SRF (10 mm – 30 mm). In addition, 
a correlation between projection areas and particle masses was found 
with a Pearson correlation coefficient (PCC) of 0.57 on logarithmized 
data and a Spearman correlation coefficient (SCC) of 0.53 on the original 
data. 

Kroell et al. (2021) created two datasets of particles from fine metal- 
rich waste streams containing RGB images and individual particle 
masses of n = 12,480 and n = 19,498 instances. The work already 
published describes the classification process (assigning material classes 
to the particles based on RGB images). Results of PMP from the captured 
RGB images are planned to be published in the near future. 

Serranti et al. (2015) investigated the characterization of post- 
consumer polyolefin wastes with hyperspectral imaging for future 
quality control applications. To transform the pixel-based classification 
results into mass-based material compositions, they determined the 
mass of PE/PP-mixtures by multiplying projection areas with manually 
determined mean particle grammages. 

While Krämer (2015), Weissenbach and Sarc (2021), and Kroell et al. 
(2021) created datasets that are necessary for PMP, the prediction of 
individual particle masses based on the acquired data has not been 
investigated. Serranti et al. (2015) used manually determined mean 
particle grammages for transforming area-based into mass-based com
positions but did not investigate mass prediction on a particle level nor 
report prediction accuracies. To our best knowledge, sensor-based PMP of 
anthropogenic waste streams remains an open research gap that we will 
address in subsequent sections. 

2. Material and methods 

Firstly, LWP materials were sampled from an LWP sorting plant and 
preprocessed for subsequent acquisition steps to create a reference 

dataset for model training and evaluation. Secondly, samples were 
scanned particle by particle on a custom-made test rig. Thirdly, acquired 
sensor data was preprocessed to extract individual particles’ features for 
subsequent model training and evaluation. Different models were then 
compared regarding their performance in predicting individual particle 
masses based on the acquired dataset. 

2.1. Sampling campaign and sample preparation 

A sampling campaign was conducted in December 2020 at the LWP 
sorting plant Hündgen Entsorgungs GmbH & Co. KG (Swisttal, Ger
many). To investigate the PMP for a variety of different materials, the 
following five different material fractions were sampled: polyethylene 
(PE), polypropylene (PP), beverage cartons (BC), paper and cardboard 
(PPC), and non-ferrous metals (NF). 

Each material fraction was sampled from the respective product 
fraction at the end of the sorting process. To ensure maximum repre
sentativity during sampling, the full material flow was sampled from a 
continuously falling waste stream according to LAGA PN 98 (2001). For 
each material fraction, a total volume of approx. 500 L was collected. 

To avoid individual particle weight changes during the investigation, 
e.g., due to water evaporation, all samples were dried according to DIN 
EN 15934 (2012) for 48 h in a drying chamber at a temperature of 85 ◦C 
until weight constancy. After drying, all material classes were screened 
into four particle size fractions (0 mm – 60 mm, 60 mm – 120 mm, 120 
mm – 240 mm, and > 240 mm) on a polygonal drum sieve with a 
diameter of 1.5 m, a length of 1 m and an angular velocity of 0.82 s− 1 for 
a screen duration of 120 s. The sieve was operated in batch mode with a 
filling level of 10 vol% for maximum sieving efficiency (Feil and Pretz, 
2017). Subsequent steps focused on the particle size classes 60 mm – 
120 mm (PSC I) and 120 mm – 240 mm (PSC II), as these (a) accounted 
for ≫ 80 wt% of the investigated material flows and (b) are the target 
fractions of the sorting plant. 

Dried and sieved fractions were then manually sorted based on 
recycling codes printed on the packages to generate pure fractions for 
building the reference dataset. For particles without recycling codes or if 
recycling codes could not be identified clearly, an NIR sensor was used 
for validation, described in detail in (Chen et al., 2021a). To maximize 
the number of acquired particles and dataset representativity, impurities 
in one material fraction were added to the corresponding correct ma
terial fraction. For example, if a BC particle was found in the PPC frac
tion, it was added to the BC fraction for data acquisition. 

2.2. Test rig and data acquisition 

Mass prediction models need a dataset of particle images and cor
responding masses. Prior studies (Krämer, 2017; Weissenbach and Sarc, 
2021) have solved this problem by using a photo box to acquire images 
and a separate digital balance to acquire weights. This approach has two 
main limitations. First, it is only suitable for area sensors (e.g., RGB 
cameras), while frequently applied sensors in sensor-based waste sorting 
(e.g., NIR or 3DLT) work as line scan sensors. Second, separately 
acquiring images and weights induces a potential error in matching 
images and particle masses. For example, Weissenbach and Sarc (2021) 
reported several mismatches or recording errors during an outlier 
analysis which had to be corrected or eliminated manually afterward. 

To overcome these limitations, we propose a new test rig design that 
solves both problems, enables the data acquisition in an automated 
manner, and applies to all inline and area sensors. The developed test rig 
is shown in Fig. 1 and described in detail below. 

2.2.1. Feeding 
Particles were dispended on the conveyor belt one after another at a 

rate of approx. 7.5 s/particle to achieve a one-dimensional singulation 
on the conveyor belt for accurate mass determination. The black 
conveyor belt was 385 mm wide and had a belt speed of vbelt = 0.15 m/s. 

Table 1 
R2 test scores of existing studies on particle volume and particle mass prediction 
using regression models; *excluding feature combinations.  

Study Material Particle 
size [mm] 

#Features* #Instances R2- 
Score 
[–] 

(Vallebuona 
et al., 2003) 

Rocks 6–75 6 3,570  0.78 

(Banta et al., 
2003) 

Limestone 4.75–25 4 1,900  0.91 

(Zhang et al., 
2012) 

Coal 3–50 4 496  0.99  
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2.2.2. 3D image acquisition 
A custom-made 3DLT measurement setup firstly recorded the 3D 

shape of a particle. A laser line was projected on the conveyor/particle 
surface and detected by a 3D camera (Automation Technology C3-1280- 
CL [Bad Oldesloe, Germany]) from two sides (“front” and “back”) via a 
mirror setup (cf. Fig. 1-C). After merging and calibrating both camera 
views (cf. Section 2.3), the resulting 3D images had a spatial resolution 
of 0.331 mm per pixel in x- and y-direction and 0.758 mm per gray value 
in z-direction. 

2.2.3. RGB image acquisition 
Particles were then captured by an RGB line scan camera (IDS Im

aging Development Systems UI-5240CP-C-HQ [Obersulm, Germany]). 
At the left and right side of the camera, three LED stripes each illuminate 
particles uniformly across the belt width as they pass through the 
camera capturing area (cf. Fig. 1-F). After preprocessing, the resulting 
RGB images had a spatial resolution of 0.286 mm per pixel. 

2.2.4. Weighting 
Particles fell into a collecting vessel on a digital weight balance 

(KERN & Sohn DS 30 K0.1L [Balingen, Germany]) with a precision of ±
0.1 g. The current weight from the balance was recorded every 125 ms 
for particle mass extraction in subsequent processing steps. 

2.3. Dataset generation 

The dataset was obtained by preprocessing and extracting images 
and particle masses as outlined below. Afterward, the dataset was 
manually examined, and outliers were removed for subsequent PMP. 

2.3.1. Image preprocessing 
3D images of the front and back recordings were preprocessed by (i) 

subtracting the background (conveyor surface) from both recordings, 
(ii) rescaling the images in x-direction to achieve “square” pixels (dx =
dy), and (iii) transforming gray values representing the height in z-di
rection into metric values by applying a calibration function determined 
from a reference recording (calibration cylinders with d = 60 mm 
diameter at different heights hi ∈ {10 mm, 20 mm, 30 mm, ...,

120 mm}). After initial preprocessing, front and back images are 
merged by taking the maximum value from both camera views to 
remove shading effects typical for 3DLT recordings. Similarly, RGB 
images were rescaled in x-direction to ensure “square” pixels (dx = dy). 

2.3.2. Image extraction 
Image sections showing the particles were extracted separately from 

both 3DLT and RGB images by (i) segmenting the image using thresh
olding (maximum intensity of R, G, or B channel > 0.12), (ii) improving 
the segmentation result with morphological filters, and (iii) extracting 
the image section based on found bounding boxes. Image preprocessing 
and extraction algorithms were implemented in Python 3.8 in a scikit- 
image v0.18.1 (van der Walt et al., 2014) and NumPy v1.20.0 (Harris 
et al., 2020) framework. Examples of extracted RGB and 3DLT images 
are shown in Fig. 3. 

2.3.3. Particle mass extraction 
Based on the timestamps of the RGB recordings, the timestamp tcam 

showing a particle has passed the RGB camera is determined. After 
adding (i) the transportation time Δtmov of a particle from the RGB 
camera to the collecting vessel incl. falling time (cf. Fig. 2), and (ii) an 
additional buffer time Δtbuffer until the weight display of the balance is 
stable, the displayed weight of the balance was automatically extracted 
at the calculated timepoint treadout (Eq. (1)). 

treadout = tcam +Δtmov +Δtbuffer (1) 

To make the mass extraction more robust, n = 8 data points were 
extracted in the interval treadout ± 500ms and the median of these eight 
data points were used for subsequent processing. Individual particle 
masses were extracted by differentiating the resulting cumulative par
ticle mass distribution, as illustrated in Fig. 2. 

2.3.4. Manual quality control and outlier removal 
After automatically processing the acquired images, all recordings 

were manually checked to ensure the highest possible data quality. As 
black objects (e.g., black PE washing agent bottles) could not be 
appropriately segmented from the black conveyor belt (e.g., only 
brighter labels could be detected), they were manually removed from 
the dataset. 

During data analysis, a few outliers that do not represent typical LWP 
objects were identified. Examples of non-representative objects include, 
e.g., filled plastic bottles, heavy non-packaging NF particles, and pack
aging materials containing interfering substances. These outliers 
massively disturbed model training due to overfitting and model eval
uation due to the significant influence of individual outliers on the 
performance metrics (high particle masses). Such outliers have been 
removed with the interquartile range method (Vinutha et al., 2018) to 

Fig. 1. Schematic sketch of the custom-made test rig for data acquisition; (1) Feeding, (2) 3D image acquisition, (3) RGB image acquisition, (4) weighing; A. particle, 
B. 3DLT camera, C. mirror, D. line laser, E. RGB camera, F. LED lighting, G. collecting vessel, H. digital balance, K. conveyor belt; t: time. 
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achieve high dataset representativity and enable sophisticated model 
training and evaluation. In total, 105 particles (59 PE, 8 PP, 10 BC, 18 
PPC, and 10 NF particles; 2.7% of the overall dataset) were removed as 
outliers to obtain the final dataset. An exemplary selection of RGB and 
3DLT images in the final dataset is shown in Fig. 3. 

2.4. Feature extraction 

In order to predict individual particle masses from sensor images, 
particle features were extracted from the images. In this study, two types 
of features are considered: Material classes and shape measurements. 

2.4.1. Material classes 
In addition to the size and shapes of particles (Section 2.4.2), particle 

masses are influenced by contained materials and their densities (Baur 
et al., 2013). Material classes of LWP particles can be determined with 
high accuracy by state-of-the-art NIR spectroscopy (Pellenc ST SAS, 
2021; STEINERT GmbH, 2021; TOMRA Sorting GmbH, 2021) and are 
thus also available for inline SBMC applications and PMP. Consequently, 
the material class of each particle was encoded as a one-hot vector and 
added as a feature to the reference dataset for PMP. 

2.4.2. Shape measurements 
2D and 3D shape measurements were extracted from the calibrated 

3D images of individual particles. For this purpose, the imea Python 
package v0.3.2 (Kroell, 2021) was used, which allows the extraction of 
53 different 2D and 13 different 3D shape measurements from the ac
quired 3D images. Extracted shape measurements with a short descrip
tion are summarized in Table 2. Besides, the PSC of each particle was 
recorded during data acquisition. Recorded PSCs were used for explor
atory data analysis and visualization purposes, but not as a feature for 
model training, as they cannot be (directly) determined from sensor 
measurements. 

2.5. Mass prediction models 

PMP can be transferred to a regression problem. This paper uses 
regression models to predict a particle’s mass (=model output) based on 
a feature vector containing the corresponding material class (encoded as 
one-hot-vector) and selected shape measurements (=model input). 

2.5.1. Model implementation and training 
As we present the first study on ML-based PMP for anthropogenic 

material flows, no prior experience is available on how different ML 
algorithms perform on this specific task. Furthermore, as stated by the 
No Free Lunch Theorem (Wolpert, 1996), there is no a priori best ML 
model for any prediction problem. Thus, we investigated six different 
ML algorithms in this first-of-a-kind study for PMP, with each of them 
using different modeling techniques (Hastie et al., 2009; Kubat, 2017). 
The investigated algorithms are summarized in Table 3, including the 
used model implementation from scikit-learn v0.24.1 (Pedregosa et al., 
2011) and reference to further information about each model. 

Since the shape dimensions extracted with imea (Kroell, 2021) are 
already in metric units, additional scaling or further preprocessing were 
omitted to avoid possible information losses. For each regression model, 
a systematic hyperparameter optimization (GridSearchCV) was per
formed using a 5-fold cross-validation. 

2.5.2. Reference models 
The trained regression models were then compared with two refer

ence models (RMs). RM1 follows the mean particle mass approach of 
Andersson et al. (2012). For each material class, its mean particle mass 
was calculated from the training set, based on which the individual 
particle mass is predicted. Training of RM2 is based on the mean 
grammage of each material class by dividing the sum of all masses in this 
material class by all corresponding projection areas, as demonstrated by 
(Serranti et al., 2015). Accordingly, the mass prediction of an individual 
particle was calculated by multiplying its projection area by the mean 
grammage of its matching material class. 

2.5.3. Model evaluation 
After manual quality control and outlier removal (cf. Section 2.3.4), 

the obtained dataset was randomly split into a training dataset and a test 
dataset with a training-test-split-ratio of 80%:20%. Firstly, algorithms 
were trained on the training dataset. Secondly, the model performance 
was evaluated on the test dataset by comparing the model predictions (i. 
e., the predicted particle masses) with the ground truth (i.e., the known 
particle masses) using the R2-score and normalized mean absolute error 
(nMAE) (Devore, 2012; Willmott and Matsuura, 2005). The nMAE de
scribes the normalized differences between true mass and predicted 
mass of individual particles. Accurate predictions are indicated by low 
nMAE values, while the closer R2 is to 1, the better the model prediction 

Fig. 2. Extraction of individual particle masses from the read-out balance weights; mi: mass of particle i, t: time.  
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is. 

3. Results and discussion 

The obtained LWP dataset contains n = 3,830 instances in total 
(Table 4). Due to the material-specific PSDs and particle volumes, the 
number of instances varies strongly between different material classes. 
Overall, more instances are contained in PSC I (n = 2,820) compared to 
PSC II (n = 1,010). 

3.1. Distribution of particle masses, grammages, and densities 

Particle masses of the n = 3,830 analyzed LWP particles (excluding 
outliers, cf. Section 2.3.4) range from 0.1 g to 65.4 g. The distribution of 
particle masses, grammages, and densities differs considerably between 
material and particle size classes. 

3.1.1. Particle mass distribution across different material classes 
As shown in Fig. 4a, particle masses vary significantly between the 

five investigated material classes with a p-value of p = 0.00, making the 
material class an important feature when predicting individual particle 
masses. Moreover, material-specific packaging designs strongly 

Fig. 3. Randomly selected example images in the acquired dataset; RGB: RGB 
image, 3DLT: Image from 3D laser triangulation. 

Table 2 
Extracted shape measurements using imea (Kroell, 2021).  

Variable Description Unit 

2D shape measurements (extracted from 2D binary image) 
perimeter Perimeter mm 
convex_perimeter Perimeter of the convex hull mm 
area_projection Projection area mm2 

area_filled Filled projection area mm2 

area_convex Area of the convex hull mm2 

major_axis_length, minor_axis_length Major and minor axis length of 
the Legendre ellipse of inertia 

mm 

diameter_max_inclosing_circle Diameter of maximum incircle of 
the projection area 

mm 

diameter_min_enclosing_circle Diameter of minimum 
circumference of the projection 
area 

mm 

diameter_circumscribing_circle Diameter of circumcircle with 
same center as particle contour 
and maximum area, which 
touches the particle contour from 
the inside 

mm 

diameter_inscribing_circle Diameter of circumcircle with 
same center as particle contour 
and minimum area, which 
touches the particle contour from 
the outside 

mm 

diameter_equal_area Diameter of a circle of equal 
projection area 

mm 

diameter_equal_perimeter Diameter of a circle of equal 
perimeter 

mm 

x_max Maximum longest chord mm 
y_max Longest chord orthogonal to 

y_max 
mm 

length_min_bb, width_min_bb Width and length of minimal 2D 
bounding box 

mm 

geodeticlength Geodetic length mm 
thickness Thickness according to (DIN ISO 

9276-6, 2012) 
mm 

n_erosions Number of pixel erosions to 
completely erase the silhouette of 
a particle in the binary image 

px 

n_erosions_complement Number of pixel erosions to 
completely erase the complement 
between convex hull and object 

px 

fractal_dimension_boxcounting_method Fractal dimension determined by 
the box-counting method 

– 

fractal_dimension_perimeter_method Fractal dimension determined by 
the perimeter method according 
to (DIN ISO 9276-6, 2012) 
(evenly structured gait) 

– 

feret_{max, min, median, mean, mode, 
std} 

Maximum, minimum, median, 
mean, mode, and standard 
deviation of Feret diameters 

mm 

martin_{max, min, median, mean, mode, 
std} 

Maximum, minimum, median, 
mean, mode, and standard 
deviation of Martin diameters 

mm 

nassenstein_{max, min, median, mean, 
mode, std} 

Maximum, minimum, median, 
mean, mode, and standard 
deviation of Nassenstein 
diameters 

mm 

maxchords_{max, min, median, mean, 
mode, std} 

Maximum, minimum, median, 
mean, mode, and standard 
deviation of max chords (max 
chord = max of all chords for one 
particle rotation) 

mm 

allchords_{max, min, median, mean, 
mode, std} 

Maximum, minimum, median, 
mean, mode, and standard 
deviation of all chords for all 
rotations 

mm 

3D shape measurements (extracted from 3D heightmap) 
volume Volume mm3 

volume_convexhull Volume of convex hull mm3 

surface_area Surface area (determined by 
convex hull) 

mm2 

diameter_volume_equivalent Diameter of a volume-equivalent 
sphere 

mm 

diameter_surfacearea_equivalent mm 

(continued on next page) 
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influence mass distributions, and underlying raw material densities are 
of minor importance. For example, PE and PP have similar raw material 
densities (0.94 g cm− 3 – 0.965 g cm− 3 and 0.84 g cm− 3 – 0.91 g cm− 3, 
respectively [Wypych, 2012]). However, PE particles found in the 
sampled LWP streams were, on average, more than twice as heavy as PP 
particles (30.2 g vs. 10.3 g in PSC I and 50.8 g vs. 24.6 g in PSC II, 
respectively), which can be traced back to different packaging applica
tions of both polymers: While large and thus relatively heavier packages 
like detergent bottles and plastic containers are more frequently made of 
PE, smaller and lighter packages like yogurt or margarine cups are more 
frequently made of PP. 

3.1.2. Particle mass distribution across different particle sizes classes 
PE, PP, BC, and PPC particles from PSC II have significantly higher 

particle masses than PSC I (p = 0.00), and a correlation between particle 
masses and their projection area can be observed (cf. Fig. 4b and Section 
3.2). In contrast, NF particles show similar particle masses (p = 0.48) in 
PSC I (12.55 g) and PSC II (11.27 g), despite particles of PSC II being 

larger (Fig. 4b). The possible reason is the accumulation of specific 
lighter 2D packaging like aluminum foils in PSC II, compared to heavier 
3D packaging like aluminum cans or cat food containers in PSC I 
(Fig. 4c). 

3.1.3. Grammages and densities 
For the material classes PE, PP, BC, and NF, a decrease of grammages 

(particle mass divided by projection area) and 3DLT densities (particle 
mass divided by 3DLT volume) for larger particle sizes can be observed 
(Fig. 4b and c). Lower grammages and 3DLT densities for larger particle 
sizes can be explained by a lower ratio of packaging material to hollow 
spaces for larger packages. In contrast, the grammage of PPC particles 
increases with the particle size from 7.44 g dm− 2 (PSC I) to 10.07 g dm− 2 

(PSC II) (p = 0.00). This effect is most likely explained by a higher share 
of cardboards in PSC II with higher grammages compared to thinner 
paper particles in PSC I. As PPC particles have fewer hollow spaces 
compared to other investigated material classes, their 3DLT densities are 
similar (p = 0.55) in PSC I (54.52 g dm− 3) and PSC II (56.12 g dm− 3). 

3.2. Correlation and feature importance of shape measurements 

After identifying material classes as a relevant feature for PMP in 
Section 3.1, relevant shape measurements for PMP are identified in the 
following section. Furthermore, their relative feature importance will be 
studied to extract optimal feature sets for subsequent PMP in Section 
3.3. 

3.2.1. Correlation between shape measurements and particle masses 
Fig. 5a shows the correlation between each of the 66 shape mea

surements (Kroell, 2021) and particle masses determined by the PCC 
(Pearson, 1895) and SCC (Spearman, 1961). Interpreting the SCC ac
cording to Mukaka (2012), several shape measurements show high (n =
2), moderate (n = 37), or low (n = 18) positive correlation coefficients, 
which are thus suitable for PMP. The correlation of n = 7 features is 
negligible, and n = 2 features correlate negatively with the particle mass 
(cf. Fig. 5a). 

Over all material classes, the volume-equivalent diameter (SCC = 0.71, 
PCC = 0.70) and the 3DLT volume (SCC = 0.71, PCC = 0.65) show the 
highest correlation with the corresponding particle masses. The corre
lation between the 2D projection area and the particle mass for the LWP 
dataset is with an SCC of 0.64, slightly higher than the SCC of 0.53 re
ported by Weissenbach and Sarc (2021) for fine shredded mixed waste. 

In accordance with Section 3.1.1, considerable differences can be 
observed between different material classes. Over all shape measure
ments, PE particles (SCCmean = 0.74) show the highest correlation, fol
lowed by PPC (0.47), PP (0.46), and BC (0.41). NF particles show low 
correlation values (0.15), probably due to the high variation of particle 
weights for different 2D and 3D packaging types, as described in Section 
3.1. 

3.2.2. Feature importance 
As shown for an exemplary shape measurement selection in Fig. 5b, 

most shape measurements correlate strongly with each other. For 
example, an SCC of 0.83 can be observed between the 2D surface area 
and the 3DLT volume. Moreover, different statistical lengths correlate 
significantly with each other with SCC values between 0.69 and 0.95. 

Applying a principal component analysis (PCA) supports this finding, 
as 94.8% of the variance can be explained by one principal component 
(pc0) (Fig. 5c) and all positive correlating shape measurements 
contribute to pc0 (Fig. 5a). The high correlation between shape mea
surements (Fig. 5b) and the high explained variance of pc0 (Fig. 5c) lead 
to the question if a combination of multiple shape measurements in 
terms of pc0 can improve the correlation between extracted features 
(pc0) and particle masses and thus PMP. However, analyzing the relation 
between pc0 and corresponding particle masses (Fig. 5d) did not reveal 
improved correlation values (SCC = 0.63, PCC = 0.51). For the 

Table 2 (continued ) 

Variable Description Unit 

Diameter of a sphere with the 
same surface area 

width_3d_bb, 
length_3d_bb, 
height_3d_bb 

Width, length and height of 
minimal 3D bounding box 
(width_3d_bb ≤ length_3d_bb) 

mm 

feret_3d_{max, min} Maximum and minimum 3D 
Feret diameter 

mm 

x_max_3d Maximum particle dimension 
(equal to feret_3d_max) 

mm 

y_max_3d Mean particle dimension 
(y_max_3d ≥ x_max_3d, y_max_3d 
orthogonal to x_max_3d) 

mm 

z_max_3d Minimum particle dimension 
(z_max_3d ≤ y_max_3d, z_max_3d 
orthogonal to y_max_3d and 
x_max_3d) 

mm  

Table 3 
Investigated regression models for PMP.  

Abbreviation Model Implementation in scikit-learn ( 
Pedregosa et al., 2011) 

Reference 

Linear Linear 
regression 

linear_model.LinearRegression (Fahrmeir, 
2013) 

DT Decision tree 
regressor 

tree.DecisionTreeRegressor (Grajski 
et al., 1986) 

kNN k-nearest 
neighbor 
regressor 

neighbors.KNeighborsRegressor (Altman, 
1992) 

SVR Support vector 
regressor 

svm.SVR (Chang and 
Lin, 2011) 

PLS Partial least 
squares 

cross_decomposition. 
PLSRegression 

(Wold, 2005) 

RF Random forest 
regressor 

ensemble. 
RandomForestRegressor 

(Breiman, 
2001)  

Table 4 
Number of instances n in the generated LWP dataset.   

PSC I PSC II 
∑

n % n % n % 

PE 203 7,2% 33 3,3% 236 6,2% 
PP 259 9,2% 78 7,7% 337 8,8% 
BC 769 27,3% 548 54,3% 1,317 34,4% 
PPC 1,113 39,5% 317 31,4% 1,430 37,3% 
NF 476 16,9% 34 3,4% 510 13,3%  
∑

2,820 100,0% 1,010 100,0% 3,830 100,0%  
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investigated dataset, PMP based on individual shape measurements is 
thus an advantageous approach compared to using principal compo
nents as features. 

3.3. Comparison of PMP models 

3.3.1. Feature selection 
Due to the high correlation between shape measurements described 

in Section 3.2.2, selecting a subset of features for training PMP models 
could be suitable for reducing computational costs or improving model 
performance (Marsland, 2015). However, manual feature selection may 
introduce subjective biases, and testing all possible feature combinations 
(n = 7.38 ⋅ 1019) is practically infeasible. 

To address this problem, we sorted the 66 shape measurements in 
descending order by the SCC values (cf. Fig. 5a) and obtained 66 feature 
sets by including the first n features for the n-th data set, respectively. A 
systematic hyperparameter optimization was then performed for each 
feature combination and model, resulting in a total of n = 690,030 
trained models. 

3.3.2. Performance evaluation of PMP models 
The achieved nMAE values (mean over five cross-validations) of the 

hyperparameter-optimized models for each feature set are shown in 
Fig. 6a. Best-performing PMP models over all feature sets and their 
hyperparameters are summarized in Table 5. 

Given an appropriate feature set, both reference models were out
performed by all ML models with nMAE values between 0.303 ± 0.061 
(SVR) and 0.243 ± 0.050 (RF), see Fig. 6a. Over all feature sets, the best 
PMP was achieved with random forests models followed by decision 
trees (Fig. 6a). Since random forests are an ensemble of decision trees, 
this suggests that the hierarchical decision structure and feature selec
tion mechanism of decision trees may be advantageous for PMP. The 
overall best found PMP model is a random forest regression model based 
on 40 shape measurements achieving an nMAE of 0.243 ± 0.050 and an 
R2-score of 0.763 ± 0.091. 

Looking closer at Fig. 6a, two groups of ML models can be identified: 
For the SVR and kNN-models, best predictions were achieved with a low 
number of features (n = 1 for kNN and n = 2 for SVR), and adding new 
features decreased the kNN and SVR model performance. For other ML 
models (linear regression, DT, RF, and PLS), the prediction accuracy 
increases with added features. A possible explanation for this could be 
that DT, RF, and PLS models can suppress irrelevant features (Hastie 
et al., 2009; Marsland, 2015) and benefit from more (potentially 

relevant) features. As other algorithms (e.g., kNN) are less capable of 
suppressing irrelevant features, their prediction performance may thus 
have decreased due to higher noise in the training data or higher feature 
dimensionality (Kubat, 2017). 

Furthermore, the prediction accuracy of the best-performing models 
reaches a saturation after about three to six included features, and most 
ML models did not benefit from larger feature vectors. An explanation 
for this could be the strong correlation and similarity between different 
shape measurements (cf. Fig. 5b). 

Selecting an optimal feature set is crucial for real-time SBMC appli
cations in order to (a) meet time limits in real-time applications (#PMPs 
per second) and (b) ensure precise model predictions. Different feature 
selection algorithms that could help to identify optimal feature sets for 
real-time SBMC applications have been proposed in the scientific liter
ature (Karagiannopoulos et al., 2007). To reach a given time limit, not 
only the computational costs for model predictions but also the extrac
tion of shape measurements as features from the 3DLT images should be 
considered. For example, while some shape measurements can be 
extracted relatively efficiently (e.g., projection areas), other shape 
measurements require computational intensive operations (e.g., multi
ple image rotations to calculate statistical lengths). 

3.3.3. Learning curves and validation 
Studying the predictions of the best-performing PMP models in more 

detail (Fig. 6b) shows that the masses of PE particles were most chal
lenging to predict. As the prediction accuracy is both influenced by the 
training set size (Table 4) and feature correlation (Fig. 5), it cannot be 
identified how both factors interact with each other. For instance, PE 
particles are the least frequent material class in the LWP dataset (n = 236 
PE instances of n = 3,830 instances in total; Table 4) but showed the 
highest correlation with the particle mass (Fig. 5). 

To study the influence of the dataset size independent from material- 
specific influences, we artificially limited the training set size by training 
the best-performing models (Table 5) with random subsets of the orig
inal training dataset. As expected, the model performance increases with 
the number of training instances given to the algorithms (Fig. 6c), and 
typical learning curves (Mukherjee et al., 2003) can be observed. While 
the reference models converge quickly after a few hundred training in
stances, most ML algorithms converge significantly later after a few 
thousand training instances. Moreover, the learning curves of different 
ML algorithms vary significantly. For example, increasing the training 
set size from n = 100 instances to n = 3,000 instances for the SVR model 
results in a reduction of nMAE from 0.356 to 0.302 (-15%) compared to a 

Fig. 4. Distribution of particle masses, grammages, and densities in the obtained dataset. (a) Distribution of particle masses by material and particle size class; (b) 
relation between particle masses and projection area; (c) distribution of 3DLT densities by material and particle size class; box: 25% and 75% percentile, whisker: 1% 
and 99% percentile, middle line: median. 
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reduction from 0.403 to 0.260 (-35%) for the DT model. Extrapolating 
the results from Fig. 6c suggests that the model performance may be 
increased further by extending the LWP dataset, i.e., adding more 
training instances. 

An exemplary plot of the resulting regression functions in Fig. 6d 

shows that all six ML models can generate reasonable PMP. For visual
ization purposes, the hyperparameter-optimized models are shown for 
one feature (volume-equivalent diameter) and one material class (PPC). 
The high variation of particle masses for similar shape measurements 
illustrates the challenge of accurate PMP for LWP wastes. 

Fig. 5. Feature importance of shape measurements and correlation with particle masses. (a) Correlation between shape measurements and particle masses and 
components of first principal component (pc0); (b) correlation between selected shape measurements; (c) cumulative explained variance through PCA; (d) visual
ization of pc0 and corresponding particle masses; * pc0 is shifted to positive values for visualization purposes; bold font-weight: 3D shape measurements, normal font- 
weight: 2D shape measurements. 
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3.4. Discussion 

3.4.1. Comparison with reference models 
Comparing our best-performing ML model with the two state-of-the- 

art approaches (RM1 and RM2) in Fig. 7, it can be seen that the RF model 
achieves significantly better predictions compared to RM1 and RM2. 
Predicting material-specific mean particle mass (RM1) achieved nMAE 
values of 0.418 ± 0.084 and R2 scores of 0.422 ± 0.121. As shown in 
Fig. 7a, the high variance of particle weights and shape measurements in 
the LWP dataset can only insufficiently be modeled by RM1. 

Using mean, material-specific grammages (RM2), the prediction 

accuracies are improved (nMAE = 0.359 ± 0.032, R2 = 0.533 ± 0.224) 
as different particle sizes (modeled by the 2D projection area) can be 
considered (Fig. 7b). Nevertheless, the model still gets confused by 
varying grammages, e.g., beverage cartons with a high variation of 
projection areas but similar weights (orange dots; Fig. 7b), and is unable 
to cope with outliers as shown, e.g., by the overestimation of large NF 
particles (purple dots in lower right corner; Fig. 7b). 

In contrast, the best-performing ML model (Fig. 7c) allows decent 
PMP, sophisticatedly handles outliers, and outperforms the best refer
ence model (RM2) by 43.2% higher R2-score and a 32.3% lower nMAE. 
However, when assessing model performance, it has to be considered 
that in this first-of-a-kind study, only five material classes (PE, PP, BC, 
NF, PPC) and the particle size range 60 mm – 240 mm (PSC I and PSC II) 
was analyzed and outliers, as well as black particles, were removed 
beforehand using the interquartile range method (cf. Section 2.3.4). 

3.4.2. Comparison with mono-material PMP models for primary raw 
materials 

Comparing our best-performing models (Table 5) to mono-material 
PMP models for primary raw materials (cf. Table 1, Section 1.4.1) 
shows that these studies used significantly fewer shape measurements. 
For example, the final models of Banta et al. (2003) and Zhang et al. 
(2012) contain n = 4 shape measurements, and Vallebuona et al. (2003) 
used n = 6 shape measurements in their final model (excluding combi
nations). In contrast, our top 3 best performing models (RF, DT, linear 
regression) used between n = 35 and n = 43 shape measurements. 

Furthermore, existing studies focussing on primary raw materials 
(Banta et al., 2003; Vallebuona et al., 2003; Zhang et al., 2012) used 
multiple linear regression models, while we identified a better perfor
mance of tree-based regression models for our LWP dataset. A direct 

Fig. 6. Comparison of PMP models. (a) Prediction accuracy (nMAE) of hyperparameter-optimized PMP models with respect to the number of given features (in 
ascending SCC-order according to Fig. 5a); (b) mean nMAE of best-performing PMP models per material class; (c) prediction accuracy (nMAE) of best performing PMP 
models with respect to the number of given training instances; (d) regression functions of different hyperparameter-optimized PMP models for predicting particle 
masses based on material classes (one-hot-vector) and best correlating shape measurement (volume-equivalent diameter) exemplary shown for the material class 
PPC; colored regions: 95% confidence interval. 

Table 5 
Best found PMP models after systematic hyperparameter optimization and 
feature selection (cf. Fig. 5a); *not listed hyperparameters are default values of 
scikit-learn v0.24.1 (Pedregosa et al., 2011).  

Model nMAE [–] R2 [–] #Features Hyperparameters* 

RF 0.243 ± 0.050 0.763 ± 0.091 40 max_depth = 10  

min_samples_leaf = 2 
n_estimators = 110 

DT 0.260 ± 0.038 0.722 ± 0.051 43 max_depth = 6  

min_samples_leaf = 17 
Linear 0.291 ± 0.039 0.724 ± 0.064 35 – 
PLS 0.292 ± 0.043 0.718 ± 0.069 17 n_components = 19 
kNN 0.292 ± 0.069 0.682 ± 0.101 1 n_neighbors = 15 
SVR 0.303 ± 0.061 0.654 ± 0.074 2 C = 50.0 

epsilon = 0.333 
RM2 0.359 ± 0.032 0.533 ± 0.224 1 – 
RM1 0.418 ± 0.084 0.422 ± 0.121 0 –  

N. Kroell et al.                                                                                                                                                                                                                                   



Waste Management 136 (2021) 253–265

263

comparison between the prediction accuracies between rock (Valle
buona et al., 2003), limestone (Banta et al., 2003), and coal (Zhang 
et al., 2012) particles investigated in prior studies and the LWP particles 
in this study is (despite similar datasets sizes) difficult, as our LWP 
dataset contains five different material classes, while all prior PMP have 
studied mono-materials. Furthermore, our study focused on the particle 
size range 60 mm –240 mm compared to the particle size range of 3 mm 
– 75 mm in prior studies on primary raw materials. 

Nevertheless, when comparing our best-performing linear regression 
model to the linear regression models of (Banta et al., 2003; Vallebuona 
et al., 2003; Zhang et al., 2012), it can be seen that the obtained R2-score 
of 0.724 ± 0.064 is in a similar magnitude yet lower than those of mono- 
material studies (0.78 – 0.99; cf. Table 1). The lower R2-score can most 
likely be explained by the higher complexity (e.g., post-consumer ef
fects, LWP specific material design) in the LWP dataset as previously 
outlined. In addition to extending PMP to waste materials, we have 
shown that PMP can be improved by, e.g., applying tree-based regres
sion models. Our overall best performing PMP model (RF) reaches 
similar R2-scores to those of (Vallebuona et al., 2003). In the future, it 
would thus be interesting to compare different PMP models on different 
datasets to find out to which extend these findings are transferable to 
other datasets. 

4. Conclusions and outlook 

SBMC is an upcoming research topic based on which new applica
tions like automatic quality control, process control, and material input 
characterization are envisioned. Monitoring mass-based MFCs requires 
knowledge about individual particle masses which can be predicted 
from sensor-based acquired images. Sensor-based PMP has yet only been 
investigated for primary raw materials. It was transferred to secondary 
raw materials on the example of LWP waste in the paper at hand: Based 
on a created dataset containing 3DLT and RGB images of n = 3,830 LWP 
particles, the technical feasibility of PMP for LWP wastes was 
demonstrated. 

Analyzing the obtained dataset showed that particle masses vary 
significantly between different material classes. Distributions of masses 
and grammages are primarily influenced by the packaging design (e.g., 
size, shape, and material thicknesses) and post-consumer characteristics 
(e.g., folding or compression of packaging material during waste 
collection). Except for PPC, grammages generally decrease with 
increasing particle sizes due to a larger share of hollow spaces. 

Over all material classes, 39 of 66 investigated shape measurements 
show moderate to high positive correlation coefficients (SCC ≥ 0.50). 
The volume-equivalent diameter correlates best with the particle masses 

(SCC = 0.71, PCC = 0.70). Furthermore, shape measurements correlate 
strongly with each other, and 94.8% of their variance can be explained 
by one principal component. 

Both reference models for PMP were outperformed by 
hyperparameter-optimized ML models when selecting an appropriate 
feature set. Tree-based regression algorithms (DT and RF) achieved 
better predictions for the investigated dataset than other regression 
methods (linear regression, kNN, SVR, and PLS). Better-performing PMP 
models generally used more shape measurements and were better at 
suppressing irrelevant features or instances. However, after about three 
to six included features, no significant increase in the prediction accu
racy was observed. A random forest regressor was identified as the best- 
performing ML model based on 40 shape measurements achieving an 
nMAE = 0.243 ± 0.050 and an R2-score of 0.763 ± 0.091. 

In future research, PMP could be extended to other LWP material 
classes (e.g., mixed plastic, plastic foils, ferrous metals, and residual 
fractions) or other material flows (e.g., metal concentrates or con
struction & demolition wastes). Moreover, information from other sen
sors (e.g., near-infrared) could be used to determine the material 
composition for individual particles, which could be used as an addi
tional feature for PMP. Furthermore, we plan to apply artificial neural 
networks to the PMP problem, as their ability to detect and model 
complex nonlinear relationships could be advantageous for more precise 
PMP. In addition, we intend to use convolutional neural networks 
(CNNs) that would not be limited by the creativity of human researchers 
in inventing or selecting shape measurements. CNNs could potentially 
be able to identify more complex and potentially more relevant features 
directly from RGB or 3DLT images in the LWP dataset, since the weights 
in the convolutional layers required for feature extraction can be opti
mized by the model itself during the training phase. 
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While Publications B and C (Sections 3.1 and 3.2) have demonstrated the technical feasibility
of a particle-level characterization approach by showing that particle masses can be predicted
within reasonable accuracy by ML models at singled material flow presentations, there are many
potential measuring points in sorting and processing plants where a singled material flow pre-
sentation is not available and/or not technically feasible (e.g., transport conveyor belts or bale
press feeding conveyor belts). Therefore, Publication D (Figure 3.3) aims to demonstrate the
technical feasibility of a material-flow-level approach, which can also be applied at unsingled or
overlapping material flow presentations.

In the material-flow-based approach, first, the material flow surface is classified pixel-by-pixel
into material classes based on NIR sensor data. From the resulting false-color image (represent-
ing the classification results), individual areas (chunks) are then extracted, in which the pixels
of each material class are counted. The counted pixels reflect the area-based composition of the
detected material flow surface. Regression models are then used to predict mass-based material
flow composition from area-based compositions from the NIR sensor data.3

(1) NIR-recording & real-time 

classification of known mixtures

(2) n = 880 false-color images

with known HDPE share

(3) Regression models correct 

segregation & composite effects

NIR

sensor
Material flow 
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Figure 3.3. Graphical abstract Publication D.

3Supplementary materials for Publication D are provided in Appendix A.
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A B S T R A C T   

Mass-based material flow compositions (MFCOs) are crucial to assess and optimize mechanical plastic recycling 
processes. While MFCOs are determined by manual sorting analysis today, in the future MFCOs could be 
determined inline through near-infrared-based material flow characterization. This study aims to quantify the 
accuracy of near-infrared-based MFCO determinations to assess its technical feasibility. Binary mixtures of plastic 
flakes and post-consumer packaging were pixel-based classified at different material flow presentations, and 
mass-based MFCOs were predicted from the resulting false-color data using different data processing techniques. 
The results show high correlations between near-infrared-based false-color data and mass-based MFCOs. 
Through regression models and data aggregation, it was possible to predict mass-based MFCOs with mean ab
solute errors of 0.5% and 1.0% and R2-scores of 99.9% and 99.4% for plastic flakes and packaging, respectively, 
across all material flow presentations. The demonstrated technical feasibility thus paves the way for new sensor 
technology applications in plastic recycling.   

1. Introduction 

Since the invention of the first synthetic polymer in 1907 (Crespy 
et al., 2008), more than 8,300 Mt of plastics have been produced 
worldwide (Geyer et al., 2017). While advantageous material properties 
and low production costs of plastics have led to their widespread use in 
the first place, these advantages have recently been overshadowed by 
negative environmental impacts (Dris et al., 2020). Production of new 
plastic requires fossil fuels as raw material, consumes large amounts of 
energy, and emits significant amounts of greenhouse gases (GHGs) 
(Zheng and Suh, 2019); it is estimated that cumulative GHG emissions 
associated with plastics could account for 10% to 13% of the total 
remaining carbon budget by 2050 (Shen et al., 2020). In 2010 alone, 
about 4.8 million to 12.7 million tons of plastics entered the oceans 
(Jambeck et al., 2015), where they endanger wildlife (Moore, 2008) and 
accumulate as microplastics in organisms and food chains (Avio et al., 
2017; Chen et al., 2021a). 

The global plastics crisis can only be tackled through a plethora of 
complementary measures (Nielsen et al., 2020). Starting with the 
reduction of plastic consumption, through longer use cycles and reuse of 
plastic products to zero-loss collection and high-quality recycling, these 
measures contribute to a reduction of the environmental impacts of 
plastics. In this regard, recycling processes play a key role: On the one 
hand, plastic recycling avoids negative impacts of alternative end-of-life 
operations (e.g., incineration, landfilling). On the other hand, produced 
plastic recyclates can substitute primary plastics and thus avoid negative 
environmental impacts of primary plastic production (Cudjoe et al., 
2021). Among all recycling processes, mechanical recycling is consid
ered particularly advantageous due to its low energy demand and low 
carbon footprint (Davidson et al., 2021). 
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1.1. Mechanical recycling of post-consumer plastics 

Mechanical recycling of post-consumer plastics involves three stages: 
First, end-of-life plastic products and packages are collected according to 
country-specific collection schemes (e.g., “lightweight packaging waste” 
[LWP] in Germany or “plastic packaging, metal packaging, drinks car
tons” in Belgium). Second, sorting plants sort the collected plastic wastes 

into material-, polymer-, or color-specific preconcentrates. Third, 
specialized processing plants purify the preconcentrates into plastic 
recyclates. These recyclates can then substitute primary plastics and 
achieve environmental benefits as outlined above. (Feil and Pretz, 2020) 

However, taking the EU27+3 countries as an example, only 8.5 wt% 
of the plastic demand in 2020 could be covered by post-consumer 
recyclates due to high material losses along the value chain (Plastic 

Fig. 1. Potential applications of novel SBMC methods in consumer-based plastic cycles and resulting material flow presentations. (a) Simplified overview of 
consumer-based plastic cycles with selected, potential sensor positions; (b) simplified cross-section view of different material flow presentations: singled (SI), 
monolayer (MO), multilayered bulk with bulk heights H1 and H2. x: conveying direction, BP: bale press, P: Packing, FSS: float sink separation, PC: post-consumer; 
*post sorting can be performed automatically with sorting robots, manually, or not at all; in the case of post sorting through sorting robots, the resulting data streams 
may also be available for material flow characterization. 
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Europe, 2022): From 29.5 Mt/a collected post-consumer plastics in the 
EU27+3, only 34.6 wt% (10.2 Mt/a) (Plastic Europe, 2022) were sent as 
plastic preconcentrates to processing plants. Of the 9.1 Mt/a plastic 
preconcentrates treated in EU27+3 processing plants, only 60.4 wt% 
(5.5 Mt/a) (Plastic Europe, 2022) resulted in plastic recyclates. In 
addition, low and/or unknown plastic recyclate qualities hamper pri
mary plastic substitution in applications with high-quality requirements 
and the general acceptance of plastic recyclates (Alassali et al., 2021). 

1.2. Sensor-based material flow characterization 

A promising approach to both minimize material losses and increase 
product qualities in mechanical plastic recycling lies in novel sensor- 
based material flow characterization (SBMC) applications. In SBMC, sen
sors and (machine learning) algorithms are used to digitally characterize 
material flows. Based on material flow characteristics acquired through 
SBMC, new applications can be envisioned for the optimization of me
chanical recycling processes (Fig. 1). (Kroell et al., 2022a) 

For SBMC applications in mechanical recycling of post-consumer 
plastics, material flow compositions (MFCOs) are of particular interest 
(Kroell et al., 2022a). Today, MFCOs in plastic recycling are (almost 
exclusively) determined through sampling and manual sorting analysis, 
which is time- and cost-intensive and thus often only conducted on an 
irregular basis. The resulting intransparency due to the unknown MFCOs 
results potentially in large inefficiencies. In the future, SBMC methods 
could help achieve transparency at lower costs and pave the way to new 
applications that help increase the quality and quantity of recycled 
plastics: 

First, MFCOs inside sorting and processing plants could enable an 
adaptive and intelligent process control to enhance the plant perfor
mance and availability (Fig. 1a.iv and v). For example, SBMC data could 
enable novel sensor-based process monitoring (e.g., Kroell et al., 2022b; 
Schlögl and Küppers, 2022) or sensor-based process control (e.g., Küppers 
et al., 2022) applications. 

Second, information on output MFCOs could make sensor-based 
quality control of product fractions from sorting and processing plants 
possible (Fig. 1a.iv and v). For example, adaptive pricing models could 
be implemented based on SBMC data, or sorting products with low 
quality can be identified for possible reprocessing (Kroell et al., 2022a). 

Third, input MFCOs based on SBMC in sorting plants could enable 
the monitoring and improvement of separate waste collection (Fig. 1a. 
iii). For example, material losses during waste collection could be 
reduced by more efficiently allocating and assessing public information 
campaigns for separate waste collection (Initiative „Mülltrennung 
wirkt“, 2021). 

However, all SBMC applications rise and fall with the accuracy (ISO 
5725, 2022) of the sensor-based determined MFCOs: If MFCOs cannot be 
quantified accurately, then (i) adaptive process control algorithms 
cannot identify optimal machine parameters (Küppers et al., 2022), (ii) 
confidence in statements of potential sensor-based quality monitoring 
systems is not given, and (iii) input material flows cannot be reliably 
monitored. 

1.3. Accuracy of sensor-based determined MFCOs 

SBMC data processing can be divided into pixel, particle, and ma
terial flow levels (Kroell et al., 2022a). At the pixel- and particle-level, 
several studies have already demonstrated that non-carbon-black stan
dard plastics can be differentiated with > 99% classification accuracy by 
appropriate classification algorithms due to their unique near-infrared 
(NIR) spectra (Kroell et al., 2022a). While several SBS manufacturers 
are already providing area-based material statistics from existing SBS 
equipment to plant operators (e.g., Binder+Co AG, 2022; Pellenc ST 
SAS, 2022; REDWAVE, 2022; Sesotec GmbH, 2022; STEINERT GmbH, 
2022; TOMRA System ASA, 2022), two critical research gaps remain 
unsolved: 

Research gap 1: Provision of mass-based indicators. Pixel-based 
classified NIR data provides only area-based information on MFCOs, 
while product qualities and separation processes are assessed using 
mass-based indicators (Kroell et al., 2021; Kroell et al., 2022a). Due to 
different material densities and grammages, area-based material flows 
compositions cannot be directly converted into mass-based MFCOs 
(Kroell et al., 2021). In previous work (Kroell et al., 2021), it was 
demonstrated that individual particle masses can be predicted from 2D 
and 3D sensor data using material-specific grammages (mass per area 
occupied at the conveyor belt) or machine learning models at the par
ticle level. However, the question of how the accuracy of mass pre
dictions contributes to the overall accuracy of MFCO determination at 
the material flow level remains unsolved. 

Research gap 2: Consideration of different material flow pre
sentations. Within sorting and processing plants, material flows are 
conveyed in different material flow presentations (MFPs): 

• In sensor-based sorting (SBS) stages, material flows are usually pre
sented as singled monolayers on acceleration belts to the SBS units to 
achieve sufficient sorting results (Feil et al., 2021; Kroell et al., 
2022b), i.e., materials do not overlap or touch each other on the 
conveyor (Fig. 1b.SI). 

• For preconditioning processes (e.g., wind-shifting), a MFP as mono
layers (i.e., particles touch but do not largely overlap each other; 
Fig. 1b.MO) is often sufficient.  

• For material transportation, material flows are often transported as 
multilayered bulks (i.e., particles overlap each other; Fig. 1b.H1/H2) 
(Kroell et al., 2022a). 

Since NIR is a surface measurement technology with a limited 
penetration depth (Chen et al., 2021b), only the composition of the 
material flow surface can be determined with NIR, which might differ 
from that of the full material flow (Kroell et al., 2022a). Thus, it is still 
unclear (a) if SBMC of post-consumer plastics in the case of missing 
material singling is technically feasible at all and (b) how accurate the 
obtained MFCOs are under different MFPs (Kroell et al., 2022a). 

1.4. Aim and research question 

This study aims to evaluate the technical feasibility and quantify the 
accuracy of NIR-based MFCO determination of post-consumer plastics. 
More specifically, we aim to answer the following research question: 
How accurate are NIR-based determined MFCOs (i) for different particle 
types (i.e., flakes and articles, cf. Fig. 1b), (ii) at different material flow 
presentations, and (iii) based on different data processing techniques? 

2. Material and methods 

To answer this research question, we created binary material mix
tures of plastic flakes and articles with defined MFOCs. We presented 
these mixtures at different MFPs (cf. Fig. 1b) to a state-of-the-art NIR 
sensor, which classifies the material flow pixel by pixel into pre-defined 
material classes. Subsequently, the number of pixels per material class of 
a given evaluation area were counted. Different models (density, 
grammages, and regression) were used to estimate MFCOs from NIR- 
based pixel counts. Estimated MFCOs were then compared to known 
MFCOs from creating the mixtures to assess the accuracy of NIR-based 
MFCO determination. 

2.1. Materials and mixtures 

Our investigations were structured into two test series: In test series 
T1, the determination of MFCOs of plastic flakes is investigated to 
simulate applications in processing plants (cf. Fig. 1a.v). In test series 
T2, post-consumer plastic packaging articles are studied to simulate 
applications in sorting plants (cf. Fig. 1a.iv). 
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2.1.1. Plastic flakes (T1) 
To obtain pure plastic flakes, white high-density polyethylene 

(HDPE) and transparent polyethylene terephthalate (PET) plates of 
3 mm thickness from S-POLYTEC GmbH (Goch, Germany) have been 
subsequently comminuted in rotary shear (see Table S1 in supplemen
tary materials for technical data) for primary comminution and in a 
cutting mill (Table S2) for secondary comminution. Afterward, the 
ground plastic flakes have been sieved on a analytical sieve (Table S3) to 
obtain plastic flakes in the particle size range of 10 mm – 20 mm, which 
is a common particle size range in plastic processing (Maisel et al., 
2020). Fig. 2a-c show exemplary RGB and false-color images as well as 
projection area distributions of the investigated plastic flakes. 

2.1.2. LWP samples (T2) 
For T2, HDPE packaging, PET bottles, and beverage cartons (BCs) 

were sampled from the LWP sorting plant Hündgen Entsorgungs GmbH 
& Co. KG (Swisttal, Germany). Each material fraction product fraction 
was sampled from the respective product fraction at the end of the 
sorting process (1 m3 total sampling volume per product fraction). To 
ensure maximum representativity during sampling, the full material 
flow was sampled from a continuously falling material stream according 
to (Länderarbeitsgemeinschaft Abfall, 2001). The particle size range of 
the investigated LWP samples is approx. 60 mm – 240 mm (see [Kroell 
et al., 2021] for further details on the sampling campaign). Afterward, 
remaining impurities (fines [< 60 mm] and non-target material) were 
manually removed to obtain pure material fractions of each material (cf. 
Fig. 2d-f). 

2.1.3. Binary mixtures 
Three types of binary mixtures were generated to simulate the in

fluence of different materials and particle types: (T1) HDPE and PET 
flakes, (T2a) post-consumer HDPE and PET packaging, and (T2b) post- 
consumer HDPE and BC packaging. For all three mixtures, n = 11 
HDPE shares were investigated: 0%; 0.1%; 0.5%; 1%; 2.5%; 5%; 10%; 
20%; 30%; 40%; and 50%. 

For T1, raw densities of PET and HDPE flakes are known (ρV, HDPE =

0.96 g/cm3, ρV, PET = 1.27 g/cm3), thus mass-based (wi) and volume- 
based MFCOs (φi) can be converted into each other using Eq. (1). To 
eliminate the known density influence on NIR-based determination from 
Eq. (1) and to make the results easier transferable to mixtures with 
different density combinations (e.g., polypropylene or polyvinyl chlo
ride), HDPE shares for T1 are prepared in volume percent (φi) and we 
focus on the prediction from area-based (αi) into volume-based (φi) 
MFCOs within this study. 

wi =
φi*ρV,i
∑

jφj*ρj
(1) 

For T2 (post-consumer packaging waste), an indication of material 
densities is not possible due to post-consumer waste characteristics (e.g., 
post-consumer effects, residual content, material composites, hollow 
spaces). Thus, material mixtures of T2 were created in wt%. 

2.2. Experimental setup 

For both test series, the measuring situation in a processing plant 
(T1) and sorting plant (T2) was simulated using a lab-scale (T1) and 
technical-lab-scale (T2) test rig to take different particle sizes into ac
count and to enable sufficiently high sample sizes. Each test rig consists 
of (i) a feeding unit and a conveyor belt to create different MFPs and (ii) 
a NIR sensor for data acquisition (Fig. 2g). 

2.2.1. Material flow presentation 
Mixtures were presented in four different MFPs to the NIR sensor to 

simulate different scenarios defined in Fig. 1b: singled monolayer (SI), 
monolayer (MO), bulk height h1 (H1), and bulk height h2 (H2) (h2 > h1; 

T1: h1 ≈ 10 mm, h2 ≈ 17 mm; T2: h1 ≈ 150 mm, h2 ≈ 300 mm). Fig. 2h-k 
show the belt occupation and bulk heights of the four different MFPs 
exemplarily for T1 based on 3D laser triangulation recordings.1 

For T1, different MFPs were achieved through a vibrating conveyor 
operated at different conveying speeds (Fig. 2g.F1). For T2, an ascending 
conveyor was used for feeding in the SI and MO trials (Fig. 2g.F2) and a 
dosing bunker with a stamp for the feeding in the H1 and H2 trials 
(Fig. 2g.F3). In both test series, black conveyor belts were used for 
material transportation (conveyor width: bT1 = 385 mm, bT2 = 845 mm; 
conveying speed: vT1 = 0.25 m/s, vT2 = 1 m/s). 

Since the recording of the sensor data was technically limited to 60 s 
per trial (maximum recording time of uninterrupted false-color data), 
the material mixtures per trial were adapted to the respective MFP: The 
feed volumes (Vi) in individual test series and MFPs were VSI ≈ 6 L, 
VMO ≈ 10 L, VH1,H2 ≈ 12 L for T1 and VSI,MO ≈ 300 L, VH1,H2 ≈ 500 L for 
T2. Each mixture was measured n = 10 (T1) and n = 5 (T2) times for 
each HDPE share and MFP, resulting in a total of n = 880 trials. 

2.2.2. NIR recording and classification 

2.2.2.1. Sensor. In both test series, a Helios-G2–320 NIR sensor from 
EVK DI Kerschhaggl GmbH (Raaba, Austria) was used to capture and 
classify the NIR spectra (see [EVK Kerschhaggl GmbH, 2022a] for 
further details). The used spectral range of the sensor was 990 nm to 
1678 nm with a spectral resolution of 3.1 nm/band. The used NIR sensor 
has an on-chip classification engine, which is frequently used in different 
industrial and research applications (e.g., Curtis et al., 2021; Friedrich 
et al., 2022; Kleinhans et al., 2022; Kroell et al., 2022a; Küppers et al., 
2022; Schlögl and Küppers, 2022). The resulting spatial resolution of the 
NIR sensors is 1.08 mm/px and 3.50 mm/px for T1 and T2, respec
tively2. Four halogen lamps with a power of 400 W each were used as 
emitters (T1: two halogen lamps each from front and back, T2: four 
halogen from front), and the reflection of radiation from the surface is 
captured by the NIR sensor. The sensor was calibrated using a white 
ceramic tile and emitters switch on (white calibration) and the black 
conveyor belt with emitters switched off (black calibration) as targets 
using the EVK SQALAR software (EVK Kerschhaggl GmbH, 2022b). 

2.2.2.2. Classification model. For each test series, a classification model 
was developed to classify each spectrum into background (conveyor 
belt) and user-defined material classes (T1: HDPE, PET; T2: HDPE, PET, 
BC). For background definition, a threshold was defined to segment the 
recordings into background and foreground (materials) based on the 
mean intensity of each spectrum. For material classification, the on- 
sensor CLASS32 algorithm from EVK DI Kerschhaggl GmbH (Raaba, 
Austria) was used. In CLASS32, NIR spectra are firstly preprocessed (first 
derivative, normalization, and smoothing) and then compared to user- 
defined reference spectra. 

For defining NIR reference spectra (cf. Fig. S1 and Fig. S2 in sup
plementary materials), representative regions of interest were selected 
for each material class. For T1, spectra were selected from the center of 
the plastic flakes to avoid edge effects (Chen and Feil, 2019; Küppers 
et al., 2019a). Accordingly, reference spectra of non-sleeved and 
non-labeled parts of the LWP samples were selected for T2. Additionally, 
overlays of transparent materials on top of other materials were added 
as reference spectra to avoid systematic misclassifications due to mixed 
NIR spectra in the case of transparency (e.g., a PET bottle on top of a 
HDPE bottle is classified as PET), cf. (Kleinhans et al., 2022). 

1 See Kroell et al. (2021) for a detailed method description on the used 3D 
laser triangulation recording.  

2 Length and width of square pixels after spatial calibration (Section 2.3.1). 
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Fig. 2. Materials and methods. (a, d) RGB image, (b, e) resulting NIR false-color image (see [c] and [f] for color legend, respectively), (c, f) distribution of particle 
projection areas per material for test series T1 (plastic flakes) and T2 (post-consumer plastic packaging), respectively; (g) test rig for T1 and T2; F1: vibrating 
conveyor, F2: ascending conveyor, F3: dosing bunker with stamp; (h-k) 3DLT recording for different MFPs in T1; ŌD: mean occupation density. 
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2.3. Data evaluation 

For data evaluation, custom Python 3.10 scripts were developed. For 
data analysis and visualization, primary the open-source packages 
NumPy (Harris et al., 2020) [data storage and data processing], pandas 
(McKinney, 2010; The pandas development team, 2020) [data storage 
and data processing], OpenCV (Bradski, 2000) [pre-processing of 
false-color images], scikit-image (van der Walt et al., 2014) 
[pre-processing of false-color images], imea (Kroell, 2021) [extraction of 
particle measurements], scikit-learn (Pedregosa et al., 2011) [training 
and evaluation of regression models], SciPy (Virtanen et al., 2020) 
[statistics], matplotlib (Hunter, 2007) [data visualization], and seaborn 
(Waskom, 2021) [data visualization] have been applied. 

2.3.1. Calibration and data extraction 
Each image was firstly calibrated to ensure the same spatial resolu

tion in x- (conveying direction) and y-direction (“square pixels”). Then, 
row-wise pixel counts are extracted from each image within a region of 
interest. Due to the batch-wise tests, lower particle throughputs occur at 
the beginning and the end of each trial, which could distort the results 
due to lower occupation densities (share of the conveyor belt covered by 
material) compared to the MFPs to be simulated. Therefore, an auto
mated method for defining the region of interest has been developed: 
First, the cumulative distribution of non-background pixels from start 
until end of each trial is calculated and normalized to 100%. Then, the 
region of interest is defined as all rows that lie in an interval of [t1, t2] of 
this cumulative distribution. In this study, the selected interval was 
[20%, 80%], i.e., the middle 60% of the total material area per trial is 
extracted to eliminate lower, unrepresentative belt occupations at the 
beginning and the end of each trial. 

2.3.2. Data aggregation: chunks and moving averages 
To determine time-resolved MFCOs, false-color pixels of a given area 

must first be aggregated before they can be converted to MFCOs. In the 
following, we will refer to these aggregation areas as chunks. 

To quantify the influence of different chunk sizes on SBMC accu
racies, a range of different chunk sizes is investigated. For broad appli
cability of the results, we report the investigated chunk sizes in [m2] 
instead of [s] since this allows universal indications independent of 
specific conveyor belt widths and speeds. For defining the chunk area, 
we compare two approaches: (i) the projection area of the total conveyor 
surface incl. material (conveyor area, Achunk,conveyor) and (ii) the projec
tion area covered by material (material area, Achunk,material). For a given 
application, the area-based chunk definition (Achunk,conveyor or 
Achunk,material) can be converted to a time-based chunk definition based 
on the known belt speed v, conveyor width b, and occupation density OD 
using Eq. (2): 

Δtchunk =
Achunk,conveyor

v*b
=

Achunk,material

OD*v*b
(2) 

For example, a material-area-based chunk size of Achunk, material =

1 m2 on a sensor-based sorter with the parameters v = 3 m /s, b = 2 m 
and OD = 20% equals a time-based chunk size of Δtchunk = 0.83 s. 

2.3.3. Pixel-to-MFCO-models 
While pixel-based NIR classification describes material flows in 

terms of areas, mass-based MFCOs are needed in most SBMC applica
tions (cf. research gap 1, Section 1.3). Therefore, we differentiate be
tween three types of MFCOs within this study: The mass share wi (Eq. (3)) 
(DIN 1310, 1984), the volume share φi (Eq. (4)) (DIN 1310, 1984), and 
the area share αi (Eq. (5)). Where mi, Vi, and Ai are the mass, volume, and 
projection area (as recorded by the NIR sensor) of fraction i, and m, V, 
and A are the total masses, volumes, and projections areas, respectively. 

wi =
mi

m
(3)  

φi =
Vi

V
(4)  

αi =
Ai

A
(5) 

As elaborated in Section 2.1.3, material mixtures for T1 are given in 
HDPE volume shares (φHDPE) and we will determine how accurately 
these can be predicted from the area-based HDPE shares (αHDPE) from the 
NIR false-color data. In the following, we will refer to this model as the 
density model. 

For T2, two pixel-to-MFCO models are compared. First, we apply 
material-specific grammages (Eq. (6)) to transform the area-based HDPE 
shares (αHDPE) into estimated mass-based HDPE shares (ŵHDPE) accord
ing to Kroell et al. (2021) by using Eq. (7) (grammage model). The 
determined grammages for T2 in this study are ρA, HDPE = 2.38 kg/m2, 
ρA, PET = 2.19 kg/m2, and ρA, BC = 1.49 kg/m2. 

ρA,i =
mi

Ai
(6)  

wi =
αi*ρA,i

∑
jαj*ρA,j

(7) 

Second, we apply a regression model to convert area-based (αHDPE) 
into mass-based HDPE shares (ŵHDPE). Therefore, we split the NIR data 
into 70% training and 30% test data. The regression model is then 
trained on the training data and its prediction accuracy is assessed based 
on the test data. To avoid overfitting due to the limited investigated 
HDPE share range (0% – 50%, cf. Section 2.1.3), a polynomial regression 
model (cf. Fahrmeir et al., 2013) with a polynomial degree of two is 
chosen to investigate a first technical feasibility3,4. 

2.3.4. Accuracy assessment 
A variety of different metrics exist to assess the accuracy of mea

surements (ISO 5725, 2022). To translate the intuition of many practi
tioners regarding the accuracy of SBMC methods into a single metric, we 
propose the 95% measurement uncertainty (MU95). The MU95 is the 95th 
percentile (P95) of all absolute errors between a set of measurands 
Xmeasured and its corresponding true values Xtrue (Eq. (8)). 

MU95 = P95(|Xmeasured − Xtrue|)

with X = {x1,…, x n} (8) 

The MU95 for a set of measurements indicates that in 95% of all cases 
in the measurements, the true MFCO (xtrue) is in the range 
xmeasured ± MU95. For example, if a plant operator is using an inline-NIR 
material flow monitoring system with a MU95 of 5 wt% and the NIR 
system is displaying a value of xmeasured = 50 wt%, the true MFCO is 
between 45 wt% and 55 wt% in 95 of 100 measurements. The motiva
tion behind using a 95% percentile instead of, e.g., maximum errors is to 
exclude potential outliers and thus to account for the often high het
erogeneity of anthropogenic material flows. In addition to the proposed 
MU95 metric, results are reported as mean absolute errors (MAE) and R2- 
scores to provide better comparability for readers used to MAE and R2 

metrics. Accurate measurements are characterized by low MU95 and 
MAE values and R2-scores close to 100%. 

3 Note that the presented approach can be easily extended to more complex 
regression models (e.g., neural networks), if wider ranges of training data is 
available.  

4 The motivation behind using a polynomial regression model of the second 
degree is that (a) the relation between area-based and mass-based MFCOs is 
non-linear (cf. Eq. (7)). A linear regression would result in underfitting, while (b) 
higher polynomial degrees would result in overfitting due to limited training 
data (0%− 50% HDPE share). 
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3. Results and discussion 

The following sections aim at answering the research question raised 
in Section 1.4 regarding the influence of different particle types (Section 
3.1), MFPs (Section 3.2), and data processing techniques (Section 3.3). 

3.1. Influence of particle types 

3.1.1. Classifyability 
As evident from Fig. 2b and Fig. 3a-b, the trained classification model 

for T1 can differentiate HDPE, PET and background very accurately. The 
classification model for T2 also succeeds in providing a satisfactory 
distinction between HDPE, PET, BC, and background (Fig. 2e; Fig. 3c,e). 
However, the overall classification accuracy is lower, likely due to three 
major effects:  

(1) Thin-walled areas of PET bottles are sometimes falsely classified 
as background (Fig. 2e, Fig. 3c). Due to their transparency, most 
of the radiation is transmitted through the PET bottles and 
absorbed by the black conveyor belt. Thus, only a small propor
tion of the radiation is reflected and captured by the NIR sensor 
(cf. Küppers et al., 2019b).  

(2) Combinations of sleeves or labels and packaging material result 
in mixed NIR spectra, which can influence the classification result 
(Chen et al., 2023; Küppers et al., 2019a; Schlögl and Küppers, 
2022). For example, a paper label on top of a HDPE canister has 
mixed NIR spectra of paper and HDPE, which is similar to the NIR 
spectra of BC (made from a HDPE inlay and paper fibers); thus, 
some paper labels are classified falsely as BC (Fig. 2e, Fig. 3c,e).  

(3) We observe some misclassifications from dark parts of BCs as PET 
(Fig. 2e, Fig. 3e), which might be caused by the lower NIR 
reflectance due to the dark color or by a direct reflectance of 
shiny BC parts. 

3.1.2. Correlation between NIR-based and true MFCOs 

3.1.2.1. Plastic flakes (T1). Fig. 3b compares the pixel-based HDPE 
shares obtained through the NIR classification (αHDPE) with the true 
volume-based HDPE share (φHDPE) obtained when creating the material 
mixtures. Overall, the pixel-based and true HDPE shares correlate 
strongly with a Pearson correlation coefficient (Pearson, 1895) of PCCT1 
= 99.5%. 

However, with increasing true HDPE share, the area-based HDPE 
share from the NIR sensor increasingly overestimates the corresponding 
true HDPE share (p < 0.001)5. A likely reason for this overestimation 
could be the different surface-area-to-volume ratios of the investigated 
HDPE and PET flakes, which can be traced back to the different 
comminution behavior of both polymers: Since HDPE is softer, more 
fraying of HDPE occurred during shredding compared to PET 
(cf. Fig. 2a), resulting in an increased projection area of HDPE compared 
to PET (HDPE flakes: 718 m2/m3, PET flakes: 476 m2/m3). As a result, 
the area-based HDPE share is overestimated by +4.90 vol% at φHDPE =

50 vol%. 

3.1.2.2. Plastic packaging articles (T2). Fig. 3d and Fig. 3f compare the 
predicted mass-based HDPE shares based on NIR data using the- 
grammage model (ŵHDPE, cf. Section 2.3.3) with the true mass-based 
HDPE shares (wHDPE). For T2, predicted and true HDPE-shares corre
late strongly with each other (PCCT2a = 98.8%, PCCT2b = 96.4%), but 
slightly lower than T1. 

Similar to T1, the NIR-based characterization overestimates the true 

HDPE share for T2a and T2b, but because of different reasons. While the 
samples shown far left in Fig. 3c-e represent pure PET and BC fractions 
(wHDPE = 0%) in article-based manual sorting analysis, the pixel-based 
NIR characterization identifies HDPE shares of 5.4 a% (5.9 wt%) and 
2.0 a% (3.2 wt%) for T2a and T2b, respectively. Reason for this differ
ence is the different counting basis of both methods: While HDPE caps, 
e.g., on PET bottles, count as “PET” in manual analysis, they are 
(correctly) classified and counted as “HDPE” in the pixel-by-pixel NIR 
characterization. 

The HDPE-overestimation decreases with higher true HDPE share, as 
the material flow contains more “true” HDPE from HDPE packaging and 
fewer “false” HDPE caps from PET bottles. Additionally, labels on true 
HDPE packaging classified as BC reduce the predicted HDPE share and 
simultaneously increase the predicted share of other material classes 
(e.g., paper-based labels on HDPE containers that are classified as BC). 

3.2. Influence of material flow presentation 

3.2.1. Plastic flakes (T1) 
HDPE-overestimation in T1 differs significantly between different 

MFPs (mean over all trials: SI: +2.63%, MO: +0.92%, H1: +0.08%, H2: 
+0.32%), see Fig. 3b. Quantitatively, we can show that the HDPE- 
overestimation decreases with increasing occupancy density (p = 0.04). 

A possible reason for this effect could be the lower thickness of frays 
compared to the main part of the flakes: If a HDPE fray overlays the black 
conveyor belt, it is usually classified either as HDPE or as background 
(depending on material thickness and background definition in the NIR 
classification; cf. Fig. 2b). At higher occupation densities, HDPE flakes lie 
on top of other flakes. If a HDPE fray is on top of another HDPE flake, it is 
usually classified as HDPE, but if a HDPE fray overlays a PET flake, a 
mixed HDPE/PET spectra can occur due to the penetration depth of NIR 
(Chen et al., 2021b, 2023). Since mixed PET/HDPE spectra from trans
parent PET on top of HDPE are trained as “PET” to the classification 
model6 (cf. Section 2.2.2.2), the HDPE frays on top of PET might be 
classified as PET in some cases, resulting in a lower HDPE-overestimation 
at higher occupation densities. 

3.2.2. Plastic packaging articles (T2) 
No significant differences are observed when comparing the pre

dicted MFCOs of SI vs. MO as well as H1 vs. H2. In contrast, the pre
dicted MFCOs differ significantly between non-overlapping (SI, MO) and 
overlapping (H1, H2) MFPs, which might be explained by the following 
two mechanisms. 

3.2.2.1. Classification behavior at different MFPs. For T2a, HDPE- 
overestimation of pure fractions (wHDPE = 0%) is significantly 
(p < 0.001) higher for non-overlapping (SI: +5.87 wt%, MO: +5.84 wt 
%) compared to overlapping MFPs (H1: +3.61 wt%, H2: +3.60 wt%). A 
possible explanation for this is the better detectability of thin-walled 
PET bottles on top of other materials in comparison to the black 
conveyor belt: Two thin-walled PET bottles on top of each other have a 
higher overall material thickness, which results in a higher mean in
tensity of the reflected NIR spectra that is usually more often classified as 
PET instead of background. A thin-walled PET bottle on top of HDPE 
packaging results in mixed PET/HDPE spectra, which are trained as PET 
to the classification model (cf. Section 2.2.2.2). Thus, less PET is 
recognized at non-overlapping MFPs, which results in higher predicted 
HDPE shares compared to overlapping MFPs. 

For T2b, the HDPE-overestimation is higher at overlapping vs. non- 
overlapping MFPs (e.g., at wHDPE = 0%: H1: +4.47 wt%, H2: +4.37 

5 p-values express the level of significance: differences are considered statis
tically significant if the p-value is lower than 0.05. 

6 HDPE on top of PET is trained as “HDPE”, but the PET influence on a 
PET+HDPE spectra is lower than the PET influence on HDPE+PET due to the 
opaque color of HDPE flakes compared to transparent color of PET in this study 
(cf. Section 2.1.1). 
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Fig. 3. Influence of particle types and MFP on trial-based prediction errors. (a, c, e) randomly selected quadratic sections of false color images per MFP and true 
HDPE share; (b, d, f) comparison between predicted and true HDPE share per trial for T1, T2a, and T2b, respectively. 
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wt% vs. SI: +3.24 wt%, MO: +3.09 wt%). The causes of this behavior 
cannot be reliably assessed on the data basis of this study. A possible 
hypothesis for this effect could be different particle orientations, which 
could result in more HDPE caps facing toward the NIR sensor at over
lapping MFPs. However, further research is needed to clarify the 
mechanisms behind these observations. 

3.2.2.2. Segregation effects. In both test series, HDPE shares are 
disproportionately overestimated with increasing HDPE share: For T2a, 
the difference between overlapping vs. non-overlapping MFPs 
(wHDPE, (H1,H2) − wHDPE, (SI,MO)) increases from -2.2 wt% (wHDPE = 0%) to 
+5.8 wt% (wHDPE = 50%); for T2b, HDPE-overestimation increases from 
+1.3% (wHDPE = 0%) to +13.3% (wHDPE = 50%), cf. Fig. 3d,f. 

A possible reason for the accumulation of HDPE articles on the 
captured material flow surface could be higher particle volumes and 
three-dimensional shapes of HDPE packaging compared to smaller and/ 
or flattened PET bottles and BCs. Due to the brazil nut effect (Rosato et al., 
1987), larger HDPE packaging could have accumulated on the material 
flow surface. Since NIR is a surface measurement method, accumulation 
of larger articles on the material flow surface will lead to an over
estimation of the corresponding material fraction compared to the true 
MFCO. 

3.3. Influence of data processing techniques 

This section investigates two data processing techniques to increase 
the accuracy of NIR-based determined MFCOs: Appropriate chunk sizes 
(Section 3.3.1) aim at reducing random measurement errors (i.e., 
increasing precision [ISO 5725, 2022]), e.g., due to different particle 
orientations or particle artifacts. Pixel-to-MFCO-models (Section 3.3.2) 
aim at reducing systematic measurement errors (i.e., increasing trueness 
[ISO 5725, 2022]), e.g., due to different counting basis of composite 
materials (cf. Section 3.1) or segregation errors (cf. Section 3.2).7 

3.3.1. Chunk sizes 
Fig. 4 shows the influence of chunk sizes on prediction accuracies 

(quantified by the MU95 metric) and the resulting MFCO time series. As 
shown in Fig. 4a-l, MUs decrease continuously with increasing chunk 
size and asymptotically approach a plateau, which represents the sys
tematic differences between NIR-based and manual material flow 
characterization known from Fig. 3. 

3.3.1.1. Definition of reduction ratios. From Fig. 4a-l, we observe a 
trade-off between low chunk size and low MU: Smaller chunks enable a 
lower latency between data acquisition and delivery of chunk-based 
information and higher temporal data resolution. Larger chunks, how
ever, can smooth out unwanted fluctuations and reduce data noise. 

To quantitatively describe different weighings between MU and 
chunk size, we define reduction ratios (RR, Eq. (9)) that describe the 
relative reduction of MU from raw false-color data (MU95,max) towards 
the MU plateau (MU95,min): 

RR =
MU95,max − MU95,i

MU95,max − MU95,min
(9) 

Based on the reduction ratios, we define three RR scenarios (80%, 
95%, and 99% RR) that describe three different weighing between MU 
and chunk size (from a focus on small chunk sizes [RR = 80%] to focus 
on low MUs [RR = 99%]). 

3.3.1.2. Influence of particle types and sizes. As shown in Fig. 4a-l, MUs 
decrease significantly faster for T1 (99% RR at 3.14 m2 [mean over all 
T1 trials]) compared to T2a (13.32 m2) and T2b (16.88 m2). Two 
possible reasons for the faster decrease of T1 compared to T2 could be (i) 
higher homogeneity of plastic flakes from T1 compared to plastic 
packaging articles in T2 (e.g., due to composite packaging, a higher 
variety of particle sizes and shapes, and post-consumer effects [cf. 
Fig. 2a,d]) as well as (ii) larger particle sizes in T2 compared to T1 (cf. 
Fig. 2c,f), which might require larger chunk sizes for smoothing. 

3.3.1.3. Influence of MFPs and chunk size definition. As shown in 
Fig. 4a,e,I, MUs for SI and MO decrease slower and later compared to H1 
and H2, when a conveyor-area-based chunk size definition is used (cf. 
Section 2.3.2). A likely explanation for this observation are different 
occupation densities for different MFPs: While 1 m2 conveyor area for T1 
at SI contains on average 0.08 m2 material, 1 m2 conveyor area at MO, 
H1, and H2 contain 0.34 m2, 0.72 m2, and 0.84 m2 material, respectively 
(cf. Fig. 2h-k). Thus, a higher amount of material is aggregated in a 
chunk at higher occupation densities, which results in stronger 
smoothing. 

In contrast, when a material-area-based chunk size definition is used, 
MUs decrease almost simultaneously and at a similar pace for different 
MFPs (Fig. 4b,f,j). The resulting curve trajectories are thus more 
generalizable and could be used, e.g., to derive chunk sizes in specific 
SBMC applications. 

3.3.1.4. Influence of target material share. Similar chunk sizes are 
needed to achieve the same RRs across different HDPE shares (cf. Fig. 4c, 
d,g,h,k,l) and no statistically significant correlation between HDPE share 
and chunk size at different RRs is found (conveyor-area-based chunk 
size: ̄p = 0.544, material-area-based chunk size: ̄p = 0.668 [mean p-value 
across all test series and RRs]). 

3.3.1.5. Influence of chunk sizes on the resulting MFCO time series. 
Fig. 4m-x shows the influence of applying different chunk sizes to an 
exemplary time series (50% HDPE true share) across different MFPs and 
test series. For all test series, a decreased deviation of the raw sensor 
data from SI, over MO, H1 to H2 is observed (mean standard deviation of 
raw sensor data over all test series and HDPE shares: SI: 20.9%, MO: 
16.2%, H1: 9.8%, H2: 8.7%). While finer details such as small fluctua
tions in the HDPE share are still present at 80% RR, these are smoothed 
out at 95% and 99% RR (cf. Fig. 4m-p). 

3.3.2. Pixel-to-MFCO-models 
As we have shown in Section 3.1 and Section 3.2, systematic effects 

such as different area-to-volume ratios, composite effects, and segrega
tion errors lead to less accurate MFCO predictions. This raises the 
question if information about these effects can be used to correct them 
and make the MFCO predictions more accurate. 

To answer this question, Fig. 5 shows the ground truth data and 
compares the prediction curves of the investigated models (T1: density 
and regression model, T2: grammage and regression model): True HDPE 
shares and pixel-based shares are shown on the x- and y-axis, respec
tively, and boxplots indicate the distribution of the raw data after 
applying a moving average (99% RR). Prediction accuracies of both 
models at different MFPs are quantified in Table 1 using the MU95, MAE, 
R2 metric (cf. Section 2.3.4). 

In all cases, the regression model outperforms the density/grammage 
models. For T1 (Fig. 5a), the density model achieves a mean MU95 of 
5.6 vol% over all MFPs due to the HDPE-overestimation (frays) dis
cussed in Section 3.1.2.1 and Section 3.2.1. In contrast, the polynomial 
regression model successfully compensates higher area-based HDPE 
shares and reduces the MU95 by a factor of 4.6 down to 1.2 vol%. 

For T2a (Fig. 5b), the grammage model results in similar predictions 
as a naïve prediction would predict (ŵi = αi), due to similar grammage 

7 To avoid an overrepresentation of the HDPE shares between 0% - 10% (due 
to the trials at 0.1%, 0.5%, 1%, 2.5%, 5% HDPE share), the ground truth data in 
Section 3.3 is limited to 0%, 10%, 20%, 30%, 40%, and 50% true HDPE share to 
achieve an equidistant distribution. 
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Fig. 4. Influence of chunk size and chunk definition on measurement uncertainty (MU). (a-l) influence of chunk size on MU for different test series, MFPs, and HDPE 
shares. (m-x) effect of exemplary chunk sizes (80%, 95%, and 99% reduction ratio) on exemplary time series (predicted HDPE share over time) on the example of 
50% true HDPE share; T1: percentages in vol%, T2: percentages in wt%. 
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of HDPE and PET (caused partially by a lower PET recognition compared 
to HDPE) (cf. Section 3.1.1). For T2b (Fig. 5c), the grammage model 
corrects the different grammages of HDPE and BC and is thus closer to 
the SI and MO data. As a consequence, the grammage model predictions 
are further away from the H1 and H2 data since the segregation errors 
are not included. In contrast, the regression model fits the training data 
of both test series and successfully corrects, e.g., HDPE-overestimations 
due to segregation errors at H1 and H2 or compound effects (HDPE caps) 
downward (Fig. 5c). On average, MUs are reduced by a factor of 3.5 
(MU95,grammage = 8.6 wt% → MU95,regression = 2.4 wt%). 

The final prediction results when combining sufficiently high chunk 
sizes (cf. Section 3.3.1) with the polynomial regression model of degree 
two show that NIR-based MFCOs determination for plastic flakes and 
LWP packaging is technically feasible. For plastic flakes (T1), mean 
MU95 values of 1.2 vol% (MAE: 0.5 vol%, R2: 99.9%) are achieved, for 
post-consumer plastic packaging (T2), mean MU95 values were located 
at 2.4 wt% (MAE: 1.0 wt%, R2: 99.4%). 

4. Conclusion and outlook 

SBMC methods promise to significantly improve post-consumer 
plastic recycling by enabling new applications of sensor technology 
such as adaptive process control or sensor-based quality control (Kroell 
et al., 2022a). Fulfilling these promises, however, is only feasible if the 
generated SBMC data is accurate enough. 

While numerous studies have demonstrated high accuracy of NIR- 

based plastics classification at the pixel and particle level, it has been 
unclear what accuracies can be achieved at the material flow level. This 
study assessed the accuracy of NIR-based MFCO determinations based 
on three binary mixtures (T1: HDPE and PET plastic flakes, T2a: post- 
consumer HDPE packaging and PET bottles, T2b: post-consumer HDPE 
packaging and BCs) and investigated the effects of particle types, MFPs, 
and data processing techniques on the achievable accuracy. 

User-defined settings in the NIR classification model have a large 
impact on NIR-based MFCO predictions of both particle types. Pre
dicted MFCOs are especially influenced by (i) the discrimination be
tween background and (transparent) materials and (ii) the classification 
of mixed NIR spectra (e.g., labels and sleeves for plastic packaging). For 
plastic flakes (T1), different surface area-to-volume ratios can result in 
significant over- and underestimations of the true material share, if area- 
based NIR classifications are used to determine volume- or mass-based 
MFCOs. For post-consumer plastic packaging (T2), prediction errors 
result mainly from the different counting basis of article-based manual 
sorting and pixel-based NIR characterization. For instance, it was 
determined that pure PET bottle (T2a) and BC (T2b) fractions from LWP 
contain approx. 5.4 a% and 2.1 a% HDPE, e.g., due to HDPE bottle caps, 
respectively. 

Concerning the material flow presentation, it is important to 
distinguish between non-overlapping (SI, MO) and overlapping MFPs 
(H1, H2). On the one hand, material overlays influence the NIR classi
fication behavior in that transparent materials are better detected. On 
the other hand, segregation errors were detected which led to an 

Fig. 5. Comparison of different pixel-to-MFCO-models at 99% reduction ratio (material-based chunk sizes: T1: 3.14 m2, T2a: 13.32 m2, T2b: 16.88 m2).  

Table 1 
Accuracy of investigated pixel-to-MFCO-models at 99% reduction ratio (material-based chunk sizes: T1: 3.14 m2, T2a: 13.32 m2, T2b: 16.88 m2); highest accuracies per 
test series are highlighted in bold.  

Metric Test series Model SI MO H1 H2 mean 

MU95 T1 Density 7.4% 4.1% 4.0% 7.0% 5.6% 
Regression 1.3% 0.8% 1.0% 1.8% 1.2% 

T2a Grammage 5.9% 5.9% 8.6% 9.2% 7.4% 
Regression 3.9% 2.5% 2.7% 2.0% 2.8% 

T2b Grammage 3.4% 4.2% 14.7% 17.3% 9.9% 
Regression 1.9% 1.3% 1.5% 3.7% 2.1% 

MAE T1 Density 4.2% 1.7% 1.2% 2.8% 2.5% 
Regression 0.5% 0.3% 0.3% 0.8% 0.5% 

T2a Grammage 3.9% 3.8% 5.2% 6.2% 4.8% 
Regression 1.7% 1.0% 0.9% 0.8% 1.1% 

T2b Grammage 1.8% 2.5% 11.3% 12.3% 7.0% 
Regression 0.8% 0.7% 0.6% 1.3% 0.8% 

R2 T1 Density 93.7% 98.5% 99.2% 96.7% 97.0% 
Regression 99.8% 99.9% 99.9% 99.7% 99.9% 

T2a Grammage 91.3% 92.5% 91.8% 88.1% 90.9% 
Regression 98.5% 99.4% 99.5% 99.6% 99.3% 

T2b Grammage 97.9% 97.2% 64.7% 58.0% 79.5% 
Regression 99.7% 99.8% 99.8% 98.9% 99.5%  
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overrepresentation of larger HDPE plastic packaging compared to 
smaller PET bottles and BCs on the material flow surface captured by the 
NIR sensor (brazil nut effect). For instance, HDPE contents were over
estimated by an additional +5.8 wt% (T2a) and +13.3 wt% (T2b) for 
overlapping (H1, H2) compared to non-overlapping MFPs (SI, MO) at 
wHDPE = 50 wt%. 

Adequate data processing can significantly correct the effects pre
sented above and thus increase the accuracy of NIR-based MFCOs: 
Random errors (e.g., due to different particle orientations) can be 
compensated by aggregating the data over sufficiently large chunk sizes. 
The influence of chunk sizes on measurement accuracies can be 
described by the material area per chunk: with increasing chunk size, the 
MU decreases asymptotically. Systematic errors, such as composite ef
fects of plastic packaging and segregation errors, can be compensated 
through regression models. By using a polynomial regression model 
(polynomial degree two), the MU was on average reduced by a factor of 
4.6 and 3.5 compared to density- or grammage-based conversion ap
proaches for T1 and T2, respectively. By combining all findings, accu
racies of MU95 = 1.2 vol% (MAE = 0.5 vol%; R2 = 99.9%) for plastic 
flakes (T1) and MU95 = 2.4 wt% (MAE  = 1.0 wt%; R2 = 99.4%) for 
plastic packaging (T2) could be achieved. 

Our results show that NIR-based determination of mass-based 
MFCOs in mechanical recycling of post-consumer plastics is techni
cally feasible. However, they also indicate how significantly external 
factors like particle characteristics and MFPs can influence measurement 
accuracy and thus highlight the importance of material- and application- 
specific data processing techniques. 

In future research, our results should be further scaled up. In addition 
to plant-scale investigations, we consider investigations on non-binary 
LWP mixtures; transfer to other polymers, particle size distributions, 
and material flows; as well as gaining a better understanding of segre
gation processes of anthropogenic material systems like LWP to be of 
particular importance. 

Combining inline NIR sensors and adequate data processing tech
niques provides meaningful material information not only at the pixel 
and particle level but also at the material flow level and beyond. Based 
on the technical feasibility demonstrated in this study, new SBMC ap
plications can be developed to accelerate the transition to more sus
tainable and efficient post-consumer plastics loops. 
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Although Publication D (Section 3.3) has proven the technical feasibility of predicting mass-
based material flow composition of binary, post-consumer material mixtures using NIR-sensors
and regression models, the presented approach could be developed further. For example, image
pre-processing techniques or deep-learning algorithms could be applied to the false-color images
before the pixel counting or for an even better prediction of mass-based material flow composi-
tions from area-based false-color images. However, the creation of the data basis (NIR false-color
images of binary waste mixtures with known composition) for Publication D (Section 3.3) in-
volved considerable time and logistical effort. This is consistent with common surveys, which in-
dicate that data scientists spend about 80% of their time creating and preparing datasets (Forbes,
2016). At the same time, Publication A (Section 2.1) shows that there have been few open-access
datasets in SBMC research and 94% of all reviewed investigations by Publication A had to create
the dataset themselves. To allow other researchers to develop and test additional machine and
deep learning models to the presented challenge of predicting mass-based material flow com-
positions from NIR-based false-color data, the underlying NIR-MFCO dataset (Figure 3.4) of
Publication D (Section 3.3) was published in Publication E. The NIR-MFCO dataset contains
n = 880 NIR-based false-color images at different material flow compositions and material flow
presentations. The associated data article describes in detail the creation and design as well as
potential new use-cases of the dataset and makes it accessible to the global research community
to further advance SBMC characterization methods and validate the stated hypothesis.
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Determining mass-based material flow compositions (MF- 
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cling are primarily determined through manual sorting anal- 

ysis, but the use of inline near-infrared (NIR) sensors holds 
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the way for novel sensor-based material flow characteriza- 

tion (SBMC) applications. This data article aims to expedite 

SBMC research by providing NIR-based false-color images of 

plastic material flows with their corresponding MFCOs. The 
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sification of binary material mixtures using a hyperspectral 

imaging camera (EVK HELIOS NIR G2–320; 990 nm–1678 nm 

wavelength range) and the on-chip classification algorithm 

(CLASS 32). The resulting NIR-MFCO dataset includes n = 880 

false-color images from three test series: (T1) high-density 

polyethylene (HDPE) and polyethylene terephthalate (PET) 
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flakes, (T2a) post-consumer HDPE packaging and PET 

bottles, and (T2b) post-consumer HDPE packaging and bev- 

erage cartons for n = 11 different HDPE shares (0% - 

50%) at four different material flow presentations (sin- 

gled, monolayer, bulk height H1, bulk height H2). The 

dataset can be used, e.g., to train machine learning algo- 

rithms, evaluate the accuracy of inline SBMC applications, 

and deepen the understanding of segregation effects of an- 

thropogenic material flows, thus further advancing SBMC 

research and enhancing post-consumer plastic recycling. 
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How the data were acquired 1. Binary mixtures of (i) high-density polyethylene (HDPE) and polyethylene 

terephthalate (PET) flakes, (ii) post-consumer HDPE packaging and PET bottles, 

and (iii) HDPE packaging and beverage cartons were created with different 

HDPE contents. 

2. The binary mixtures were repeatedly captured on a conveyor belt under 

different material flow presentations simulating different measurement 

situations of inline-sensor technology in sorting and processing plants. 

3. A HELIOS NIR G2–320 hyperspectral imaging camera (990 nm – 1678 nm 

wavelength range) from EVK Kerschhaggl GmbH (Raaba, Austria) was used to 

pixel-based classify the material flows into pre-defined material classes. The 

resulting false-color images were captured. 

Data format • Raw 

• Preprocessed (cropped, spatially calibrated, white space removed) 

Description of data collection False-color images were created using the on-chip CLASS32 classification algorithm 

from EVK Kerschhaggl GmbH (Raaba, Austria) and exported as bitmap files (“raw 

data”). Afterward, the bitmap files were preprocessed in Python to ensure a 

spatially equidistant data representation and exported uncompressed as PNG files 

to ensure interoperability (“preprocessed data”). Both, raw and preprocessed data 

are available within the NIR-MFCO dataset, along with the Python code for 

preprocessing. 

Data source location • Institution: Department of Anthropogenic Material Cycles 

• City: Aachen 

• Country: Germany 

Data accessibility Repository name: Zenodo 

Data identification number: 10.5281/zenodo.7638775 
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Nordmann, K. Greiff, Near-infrared-based determination of mass-based material 

flow compositions in mechanical recycling of post-consumer plastics: Technical 

feasibility enables novel applications, Resources, Conservation and Recycling 191 

(2023) 106873. https://doi.org/10.1016/j.resconrec.2023.106873 . [1] 
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Value of the Data 

• Contains false-color images from a total of n = 880 experiments of monitoring plastic 

material flows using near-infrared-based inline sensor technology on conveyor belts in 

combination with known material flow compositions for each experiment. 

• The dataset is intended for researchers investigating novel applications of inline-sensor 

technology for the optimization of (mechanical) recycling processes [2] . Machine learning 

and computer vision researchers can use this dataset to train and assess different (ma- 

chine learning) algorithms for predicting (mass-based) material flow compositions [1] . 

• Machine learning and image processing algorithms can be trained and assessed on pre- 

dicting material flow compositions from near-infrared-based false-color images [1] . Fur- 

thermore, this dataset enables researchers to assess the accuracy of near-infrared-based 

inline material flow characterization under different measurement situations and can help 

gaining a better understanding of segregation effects of anthropogenic material flows [2] . 

• Data was collected from three test series (T1: HDPE and PET plastic flakes, T2a: post- 

consumer HDPE packaging and PET bottles, T2b: post-consumer HDPE packaging and bev- 

erage cartons) to simulate inline sensor technology applications in processing (T1) and 

sorting plants (T2). 

• False-color images of four different material flow presentations (singled, monolayer, bulk 

height H1, bulk height H2 [1] ) are included to simulate different sensor measurement 

situations in mechanical sorting and processing plants [1] . 

• For each test series and material flow presentation, n = 11 different material flow com- 

positions have been recorded (0%; 0.1%; 0.5%; 1%; 2.5%; 5%; 10%; 20%; 30%; 40%; and 50% 

HDPE). Each experiment was repeated n = 10 (T1) and n = 5 (T2) times such that mea- 

surement repeatability and influences of different particle orientations can be quantified. 

1. Objective 

To increase plastic recirculation [3] , mechanical plastic recycling processes need to be as- 

sessed and optimized, which requires known material flow compositions (MFCOs) [1 , 2 , 4] . Today, 

MFCOs in mechanical recycling are primarily determined through manual sorting analysis, which 

is time- and cost-intensive and thus often conducted on an irregular basis. In the future, inline 

sensor-based material flow characterization (SBMC) methods [2] could automate material flow 

characterization and enable novel SBMC applications to enhance plastic recirculation [4–6] . 

Numerous studies have demonstrated that post-consumer plastics can be classified with 

> 99% accuracy using near-infrared (NIR) spectroscopy at pixel and particle level [2] . However, 

little research has been conducted so far at the material flow level, specifically on predicting 

MFCOs [2] . A particular barrier for SBMC research on the material flow level is the higher ex- 

perimental effort for creating ground truth data since a material flow comprises hundreds to 

thousands of individual particles. The NIR-MFCO dataset aims at expediting SBMC research by 

lowering the experimental barrier at the material flow level through providing NIR-based false- 

color images of post-consumer plastics for different particle types, materials, and material flow 

presentations in combination with their corresponding MFCOs. 

2. Data Description 

2.1. Dataset Structure 

2.1.1. Folder Structure 

The NIR-MFCO dataset is constructed as a zip archive containing multiple levels of subfolders 

( Fig. 1 a). In the first subfolder level, the full dataset is made available as raw (subfolder “raw”) 
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Fig. 1. Overview of the NIR-MFCO dataset. 

Table 1 

Summary of the three test series included in the NIR-MFCO dataset. 

Test series T1 T2a T2b 

Test rig lab technical lab technical lab 

Material 1 HDPE HDPE HDPE 

Material 2 PET PET bottles BC 

Particle type flakes LWP articles LWP articles 

Particle size range 10 mm – 20 mm 60 mm – 240 mm 60 mm – 240 mm 

Share unit vol% wt% wt% 

#Repetitions 10 5 5 

MFPs SI, MO, H1, H2 

Material 1 shares 0%; 0.1%; 0.5%; 1%; 2.5%; 5%; 10%; 20%; 30%; 40%; 50% 

#Images 440 220 220 

and preprocessed (subfolder “pre”) data (cf. Section 3.4 ). Furthermore, we provide a Jupyter note- 

book to transform the raw into the preprocessed data (“preprocess.ipynb”). 

At the second subfolder level, the dataset is structured in three individual test series (T1, 

T2a, T2b). Test series T1 contains false-color images of HDPE and PET plastic flakes at dif- 

ferent material flow presentations (MFPs) and with different HDPE shares in volume percent 

(cf. Section 3.1.1 ). Test series T2a contains false-color images of post-consumer HDPE packag- 

ing and post-consumer PET bottles, while test series T2b contains false-color images of post- 

consumer HDPE packaging and post-consumer beverage cartons (BCs). The materials for T2 were 

sampled from a LWP sorting plant and HDPE shares are given in mass percent (cf. Section 3.1.2 ). 

At the third subfolder level, the false-color images of each test series are structured into four 

different MFPs (SI, MO, H1, H2; cf. Section 3.2 ). Within each subfolder, false-color images of 

binary mixtures at n = 11 different HDPE shares are provided (cf. Table 1 ). Each experiment 

was repeated n = 10 (T1) and n = 5 (T2) times (each repetition is referred to as a trial in the 
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Table 2 

Definition of false colors (8-bit red-green-blue [RGB] values) used for all three test series. 

Material class Color name R G B 

HDPE red 255 0 0 

PET blue 0 0 255 

BC orange 255 127 0 

Background white 255 255 255 

following), resulting in n = 110 (T1) and n = 55 (T2a, T2b) false-color images per subfolder. 

Additionally, the third subfolder level of the raw dataset contains a folder “_calib” for spatially 

calibrating the false-color images (cf. Section 3.4.3 ). Table 1 summarizes the main characteristics 

of the NIR-MFCO dataset. 

2.1.2. Format of Filenames 

The material names of the binary mixtures (material 1 and material 2), material shares, and 

trial numbers are encoded within the filename as shown in Fig. 1 b. In the filename, the share 

of a material is given directly after its name (cf. Fig. 1 b). The material share is encoded as a 

dimensionless float (between 0 and 1) with three decimal place precision, and the comma point 

is not printed. For example, “0200” refers to a material share of 0.20 0, i.e., 20%; “0 0 01” equals 

0.1%, etc. 

The share of the last material (material 2 for this dataset [ ∅ material 2 ]) is not given since it can 

directly be calculated from the other material shares (all material shares sum up to 100%), see 

Eq. (1) . 

∅ material 2 = 1 − ∅ material 1 (1) 

2.2. False-Color Images 

2.2.1. False-Colors 

In each image, the pixel-based classification results from the near-infrared (NIR) sensor are 

represented as 8-bit RGB false-colors, as shown by the example image sections in Fig. 2 . Table 2 

summarizes the color values of all three classified materials (HDPE, PET, BC) and background 

color including their RGB values. 

2.2.2. Spatial Resolution 

The raw false-color images of T1 have a spatial resolution of 1.64 mm/px in x -direction (con- 

veyor direction, cf. Fig. 4 ) and 1.08 mm/px in y -direction (orthogonal to conveyor direction). For 

T2, the spatial resolutions are 3.98 mm/px and 3.50 mm/px in x - and y -direction, respectively. 

The preprocessed false-color images were spatially calibrated and thus have spatial resolutions 

of 1.08 mm/px in x - and y -direction for T1, and 3.50 mm/px in x - and y -direction for T2. 

2.2.3. Image Formats 

The original false-color images from the NIR sensor are saved as 8-bit bitmap (“.bmp”) images 

(as provided by the EVK SQALAR software). For better interoperability, we save the preprocessed 

false-color images as 8-bit “.png” images. 
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Fig. 2. Exemplary false-color-image sections for test series T1, T2a, and T2b at different MFPs (rows) and HDPE shares 

(columns), cf. [1] . 

3. Experimental Design, Materials and Methods 

3.1. Materials 

3.1.1. Plastic Flakes (T1) 

For test series T1, plastic flakes with a particle size between 10 mm and 20 mm were created 

to simulate typical SBMC applications in processing plants [7] . The plastic flakes were created 

using white high-density polyethylene (HDPE) and transparent polyethylene terephthalate (PET) 

plates with a thickness of 3 mm from S-POLYTEC GmbH (Goch, Germany). 

First, the HDPE and PET plates were comminuted in a rotary shear (MOCO Maschinen- 

und Apparatebau GmbH & Co. KG AZ 7 [Viernheim, Germany]) with a peripheral speed of 

0.5 m/s, cutting disk width of 28 mm, and drive power of 7.5 kW for pre-crushing. Second, 

the pre-crushed HDPE and PET particles were further comminuted in a cutting mill (RETO RE- 

CYCLINGTECHNIK GmbH GA 37/450 [Bergkamen, Germany]) with a peripheral speed of 9 m/s, 
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Fig. 3. Materials. (a) RGB images and (b) NIR false-color images for test series T1 [(i) HDPE, (ii) PET], (d) RGB images 

and (e) NIR false-color images for test series T2 [(i) PET, (ii) BC, (iii) HDPE], (c, f) distribution of particle projection areas 

per material for test series T1 (plastic flakes) and T2 (post-consumer plastic packaging), respectively, cf. [1] . 

Table 3 

Grammages and raw densities of used materials within the NIR-MFCO dataset. 

Test series Material Grammage [kg/m ²] Raw density [kg/m ³] 

T1 HDPE flakes 1.34 a 960 b 

PET flakes 2.66 a 1270 b 

T2 HDPE packaging 2.46 a –

PET bottles 2.30 a –

BC 3.50 a –

Data source: a determined based on bulk mass from balance and total projection area per bulk determined by NIR 

recordings, b data sheet from S-POLYTEC GmbH (Goch, Germany). 

rotor diameter of 350 mm, rotor length of 450 mm, output mesh size of 30 mm, and drive 

power of 37 kW. 

Third, the plastic flakes were screened on an analytical sieve machine from Siebtechnik 

GmbH (Mühlheim [Ruhr], Germany) to produce plastic flakes in the desired size range of 10 mm 

to 20 mm, which is typically used in mechanical plastic recycling [7] . We used 10 mm and 

20 mm round meshes and operated the screen at a speed of 1400 rpm for a sieving duration of 

90 s. 

Fig. 3 a-c shows exemplary RGB images (a) and false-color images (b), as well as projection 

area distributions (c) of the investigated plastic flakes. Grammages and raw densities of the in- 

vestigated materials are summarized in Table 3 . 

3.1.2. Lightweight Packaging (T2) 

The goal of test series T2 is to simulate typical SBMC applications within sorting plants, in 

which material flows are presented as packaging articles [1] . Therefore, a sampling campaign 

was conducted in December 2020 at the LWP sorting plant Hündgen Entsorgungs GmbH & Co. 

KG in Swisttal (Germany). During the sampling campaign, each product fraction was sampled 

from the respective product fraction at the end of the technical sorting process and before man- 

ual sorting. From each product fraction (HDPE, PET bottles, and BC), a total volume of 1 m ³
was sampled. To ensure maximum representativity during sampling, the full material flow was 

sampled from a continuously falling material stream according to LAGA PN98 [8] . The particle 

size range of the investigated LWP samples is approx. 60 mm – 240 mm [9] . Afterward, re- 
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maining impurities in the product fractions (fines [ < 60 mm] and non-target material) were 

manually removed to obtain pure material fractions of each material. Fig. 3 d–f shows exemplary 

RGB (d) and false-color images (e), as well as projection area distributions (f) of the investigated 

post-consumer plastic packaging. Grammages of the investigated materials are summarized in 

Table 3 . 

3.1.3. Binary Mixtures 

Three types of binary mixtures were generated to simulate the influence of different materi- 

als and particle types: (T1) HDPE and PET flakes, (T2a) post-consumer HDPE and PET packaging, 

and (T2b) post-consumer HDPE and BC packaging. For all three mixtures, n = 11 HDPE shares 

were investigated: 0%; 0.1%; 0.5%; 1%; 2.5%; 5%; 10%; 20%; 30%; 40%; and 50%. 

To make the dataset easier transferable to mixtures with different density combinations (e.g., 

polypropylene, or polyvinyl chloride), HDPE shares for T1 are prepared in volume percent ( ϕ i 

[vol%]). Since raw densities ρV of PET and HDPE flakes are known ( Table 3 ), mass- ( w i ) and 

volume-based MFCOs ( ϕ i ) can be converted into each other using Eq. (2) . 

w i = 

ϕ i ∗ρV,i ∑ 

j ϕ j ∗ρ j 

(2) 

For T2 (post-consumer packaging waste), an indication of material densities is not possible 

due to post-consumer waste characteristics (e.g., residual content, composites, hollow spaces). 

Therefore, material mixtures of T2 are created in mass percent ( w i [ wt %]). 

3.2. Test Rigs 

To simulate applications of inline sensor technology in processing and sorting plants, a lab- 

scale and technical lab-scale test rig were constructed. Each test rig consists of (i) a feeding unit 

and conveyor belt to create different MFPs and (ii) a NIR sensor for data acquisition ( Fig. 4 ). 

The created mixtures were presented in four different MFPs to the NIR sensor: 

• Singled ( SI ): Particles do not overlap and (mostly) do not touch each other. 

• Monolayer ( MO ): Particles (mostly) do not overlap but touch each other. 

• Bulk height ( H1, H2) : Particles overlap and touch each other and thus create a multi- 

layered material bulk [1 , 2] . ( h 2 > h 1 ; h 1 , T1 ≈ 10 mm, h 2 , T1 ≈ 17 mm, h 1 , T2 ≈ 150 mm, 

h 2 , T2 ≈ 300 mm). 

For T1, different MFPs were achieved through a vibrating conveyor (AViTEQ Vibrationstech- 

nik GmbH KF 12–2 [Hattersheim am Main, Germany]) operated at different conveying speeds 

( Fig. 4 a). For T2, an ascending conveyor (1 m/s conveying speed, 600 mm belt width, 25 °
ascending angle) was used for feeding in the SI and MO trials ( Fig. 4 b.F1), and a dosing 

bunker (10 0 0 mm width; 850 mm height; 20 0 0 mm length) with a stamp were used for the 

feeding in the H1 and H2 trials ( Fig. 4 b.F2). In both test series, black conveyor belts were 

used for material transportation (conveyor width: b T1 = 385 mm, b T2 = 845 mm; conveying 

speed: v T1 = 0.25 m/s, v T2 = 1 m/s). 

Since the recording of the sensor data was technically limited to 60 s per trial (maximum 

recording time of uninterrupted false-color data), the material mixtures per trial were adapted 

to the respective MFP ( Table 4 ). Each mixture was measured n = 10 (T1) and n = 5 (T2) times 

for each HDPE share and MFP, resulting in a total of n = 880 trials. 

3.3. Data Acquisition 

3.3.1. NIR Sensor 

A HELIOS NIR G2–320 hyperspectral imaging camera from EVK DI Kerschhaggl GmbH (Raaba, 

Austria) was used to capture and classify the NIR spectra in both test series. The used spectral 
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Fig. 4. NIR test rigs for test series T1 (lab scale) and test series T2 (technical lab scale). Material feeding: (F1): vibrating 

conveyor, (F2): ascending conveyor, (F3): dosing bunker with stamp, cf. [1] . 

Table 4 

Feed volume for individual test series and MFPs in liter [L]. 

MFP T1 T2 

SI 6 300 

MO 10 300 

H1 12 500 

H2 12 500 

range of the sensor was 990 nm to 1678 nm with a spectral resolution of 3.1 nm/band. The 

used NIR sensor has an on-chip classification engine, which is frequently used in different in- 

dustrial and research applications [5 , 10–16] . The resulting spatial resolution of the NIR sensor is 

1.08 mm/px and 3.50 mm/px for T1 and T2, respectively (cf. Section 2.2.2 ). Four halogen lamps 

with a power of 400 W each were used as emitters and the reflection of radiation from the sur- 

face is captured by the NIR sensor. For test series T1, two halogen lamps each were illuminating 

the conveyor surface from front and back ( Fig. 4 a); for test series T2, four halogen lamps were 

illuminating the conveyor surface from front (against the conveyor direction) ( Fig. 4 b). Before 
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Fig. 5. NIR reference spectra used for NIR classification at test series T1 and T2, cf. [1] . 

each recording day, a black and white calibration of the NIR sensor was performed with the 

EVK SQALAR software using a white ceramic tile and switched on emitters (white calibration) 

and the black conveyor surface with switched off emitters (black calibration) [17] . 

3.3.2. NIR Classification Model 

For each test rig, a NIR classification model was developed to classify each spectrum into 

background (conveyor belt) and user-defined material classes (T1: HDPE, PET; T2: HDPE, PET, 

BC). For background definition, a threshold was defined to segment the recordings into back- 

ground and foreground (materials) based on the mean intensity of each spectrum. For material 

classification, the on-sensor CLASS32 algorithm from EVK DI Kerschhaggl GmbH (Raaba, Austria) 

was used. In CLASS32, NIR spectra are first preprocessed (first derivative, normalization, and 

smoothing) and then compared to user-defined reference spectra. 

For defining NIR reference spectra shown in Fig. 5 , representative regions of interest were 

selected for each material class. For T1, spectra were selected from the center of the plastic flakes 
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to avoid edge effects [18 , 19] . Accordingly, ref erence spectra of non-sleeved and non-labeled parts 

of the LWP samples were selected for T2. Additionally, overlays of transparent materials on top 

of other materials were added as reference spectra to avoid systematic misclassifications due 

to mixed NIR spectra in the case of transparency (e.g., a PET bottle on top of a HDPE bottle is 

classified as PET), cf. [16] . 

3.3.3. Export of False-Color Image 

After each trial, the recorded false-color images of the “raw” section of this dataset were 

directly exported as “.bmp”-files. No further data processing was applied to the raw false-color 

images. 

3.4. Data Preprocessing 

The data preprocessing described below is intended to simplify subsequent data processing 

of users. However, users may also use the “raw” false-color images which are not affected by 

the data preprocessing. The described data preprocessing steps can be executed using the “pre- 

process.ipynb” Jupyter notebook included in the NIR-MFCO dataset. The preprocessing steps aim 

to remove irrelevant data (noise at the horizontal borders of the image and recordings of empty 

conveyor belt section at the beginning and end of each trial [white space]) and spatially calibrate 

the false-color images to ensure measurements independent of the particle orientation. 

3.4.1. Horizontal Cropping 

During the false-color image recording, disturbances can occur at the edge of the conveyor 

belt (e.g., entangled particles at the edge of the conveyor belt). Therefore, horizontal cropping is 

applied as a first step in the data preprocessing to cut off these disturbances. Per default, 15 px 

are cropped off from the left and right border of each false-color image. 

3.4.2. White Space Removal 

For the removal of white space, the false-color image is first segmented into a binary image, 

with the material areas representing the foreground (“True”) and the conveyor belt representing 

the background (“False”). Second, small image noise (e.g., dust particles that are classified as 

material) is removed by area-opening with an area threshold of 40 px. Third, the first and last 

continuous image lines without material pixels are vertically cropped off. 

3.4.3. Spatial Calibration 

Each image is then spatially calibrated to ensure the same spatial resolution in x - (conveyor 

direction) and y -direction (“square pixels”) by resizing the image in conveying direction. The 

resizing factor depends on the frame rate and resolution (#pixels per line) of the NIR sensor as 

well as speed and width of the used conveyor belt. For spatial calibration, we recorded multiple 

circle calibration targets (T1: d = 60 mm, T2: d = 270 mm; cf. folder “_calib” in the raw folder 

of the dataset) and determined the mean bounding box dimension in x - and y -direction ( BB x , 

BB y ). We then use these bounding box dimensions to determine a resize factor RF according to 

Eq. (3) and rescale the image by using the function transform.rescale() from scikit-image [20] . 

RF = 

BB y 

BB x 
(3) 

Ethics Statement 

This study does not involve experiments on humans or animals. 



12 N. Kroell, X. Chen and A. Maghmoumi et al. / Data in Brief 48 (2023) 109054 

Declaration of Competing Interest 

The authors declare that they have no known competing financial interests or personal rela- 

tionships that could have appeared to influence the work reported in this paper. 

Data Availability 

NIR-MFCO dataset: Near-infrared-based false-color images of post-consumer plastics at 

different material flow compositions and material flow presentations (Original data) (Zenodo). 

CRediT Author Statement 

Nils Kroell: Conceptualization, Methodology, Software, Validation, Investigation, Data cura- 

tion, Writing – original draft, Writing – review & editing, Visualization, Supervision, Project ad- 

ministration, Funding acquisition; Xiaozheng Chen: Conceptualization, Methodology, Validation, 

Writing – review & editing, Visualization, Funding acquisition; Abtin Maghmoumi: Software, 

Data curation, Writing – review & editing, Visualization; Julius Lorenzo: Investigation, Data cu- 

ration, Writing – review & editing; Matthias Schlaak: Investigation, Writing – review & editing; 

Christian Nordmann: Resources, Writing – review & editing, Funding acquisition; Bastian Küp- 

pers: Conceptualization, Methodology, Writing – review & editing; Eric Thor: Writing – review 

& editing, Visualization; Kathrin Greiff: Supervision, Writing – review & editing, Funding acqui- 

sition. 

Acknowledgments 

We would like to thank STADLER Anlagenbau GmbH for providing the conveyor belt for T2 

and Hündgen Entsorgungs GmbH & Co. KG for providing the LWP samples for T2. Many thanks 

to Christian de Ridder for his support in the practical investigations (T2). 

Funding: This work was funded by the German Federal Ministry of Education and Research 

(BMBF) within the program “Resource-efficient circular economy - plastics recycling technologies 

(KuRT)” under the project ReVise (Grant No. 033R341) and the National Austrian Research Pro- 

motion Agency (FFG) within the program “Production of the Future” under the project EsKorte 

(Grant No. 877341). The responsibility for the content of this publication lies with the authors. 

Supplementary Materials 

Supplementary material associated with this article can be found, in the online version, at 

doi:10.1016/j.dib.2023.109054 . 

References 

[1] N. Kroell, X. Chen, B. Küppers, J. Lorenzo, A. Maghmoumi, M. Schlaak, E. Thor, C. Nordmann, K. Greiff, Near-infrared- 
based determination of mass-based material flow compositions in mechanical recycling of post-consumer plastics: 

technical feasibility enables novel applications, Resour. Conserv. Recycl. 191 (2023) 106873, doi: 10.1016/j.resconrec. 
2023.106873 . 

[2] N. Kroell, X. Chen, K. Greiff, A. Feil, Optical sensors and machine learning algorithms in sensor-based material flow 

characterization for mechanical recycling processes: a systematic literature review, Waste Manag. 149 (2022) 259–

290, doi: 10.1016/j.wasman.2022.05.015 . 

[3] European Commission, Circular Economy Action Plan: For A Cleaner and More Competitive, European Commission, 
Europe, 2020 . 

[4] R. Sarc, A. Curtis, L. Kandlbauer, K. Khodier, K.E. Lorber, R. Pomberger, Digitalisation and intelligent robotics in value 
chain of circular economy oriented waste management - a review, Waste Manag. 95 (2019) 476–492, doi: 10.1016/j. 

wasman.2019.06.035 . 



N. Kroell, X. Chen and A. Maghmoumi et al. / Data in Brief 48 (2023) 109054 13 

[5] B. Küppers, S. Schlögl, N. Kroell, V. Radkohl, Relevance and challenges of plant control in the pre-processing stage 

for enhanced sorting performance, in: Proceedings of the 9th Sensor-Based Sorting & Control 2022, Aachen, 2022, 
doi: 10.2370/9783844085457 . 

[6] N. Kroell, T. Dietl, A. Maghmoumi, X. Chen, B. Küppers, A. Feil, K. Greiff, Assessment of sensor-based sorting perfor- 

mance for lightweight packaging waste through sensor-based material flow monitoring: concept and preliminary 
results, in: Proceedings of the 9th Sensor-Based Sorting & Control 2022, Aachen, 2022, doi: 10.2370/9783844085457 . 

[7] F. Maisel, P. Chancerel, G. Dimitrova, J. Emmerich, N.F. Nissen, M. Schneider-Ramelow, Preparing WEEE plastics for 
recycling – how optimal particle sizes in pre-processing can improve the separation efficiency of high quality plas- 

tics, Resour. Conserv. Recycl. 154 (2020) 104619, doi: 10.1016/j.resconrec.2019.104619 . 
[8] Länderarbeitsgemeinschaft Abfall, Richtlinie für das Vorgehen bei physikalischen und chemischen Untersuchun- 

gen im Zusammenhang mit der Verwertung/Beseitigung von Abfällen, 2001 https://www.laga-online.de/documents/ 

m32 _ laga _ pn98 _ 1503993280.pdf . 
[9] N. Kroell, X. Chen, A. Maghmoumi, M. Koenig, A. Feil, K. Greiff, Sensor-based particle mass prediction of lightweight 

packaging waste using machine learning algorithms, Waste Manag. 136 (2021) 253–265, doi: 10.1016/j.wasman.2021. 
10.017 . 

[10] A. Curtis, B. Küppers, S. Möllnitz, K. Khodier, R. Sarc, Real time material flow monitoring in mechanical waste 
processing and the relevance of fluctuations, Waste Manag. 120 (2021) 687–697, doi: 10.1016/j.wasman.2020.10.037 . 

[11] X. Chen, N. Kroell, T. Dietl, A. Feil, K. Greiff, Influence of long-term natural degradation processes on near-infrared 
spectra and sorting of post-consumer plastics, Waste Manag. 136 (2021) 213–218, doi: 10.1016/j.wasman.2021.10.006 . 

[12] X. Chen, N. Kroell, K. Li, A. Feil, T. Pretz, Influences of bioplastic polylactic acid on near-infrared-based sorting of 

conventional plastic, Waste Manag. Res. 39 (2021) 734242X211003969, doi: 10.1177/0734242X211003969 . 
[13] X. Chen, N. Kroell, J. Wickel, A. Feil, Determining the composition of post-consumer flexible multilayer plastic pack- 

aging with near-infrared spectroscopy, Waste Manag. 123 (2021) 33–41, doi: 10.1016/j.wasman.2021.01.015 . 
[14] X. Chen, N. Kroell, M. Althaus, T. Pretz, R. Pomberger, K. Greiff, Enabling mechanical recycling of plastic bottles with 

shrink sleeves through near-infrared spectroscopy and machine learning algorithms, Resour. Conserv. Recycl. 188 
(2023) 106719, doi: 10.1016/j.resconrec.2022.106719 . 

[15] K. Friedrich, G. Koinig, R. Pomberger, D. Vollprecht, Qualitative analysis of post-consumer and post-industrial waste 

via near-infrared, visual and induction identification with experimental sensor-based sorting setup, MethodsX 9 
(2022) 101686, doi: 10.1016/j.mex.2022.101686 . 

[16] K. Kleinhans, B. Küppers, J.C. Hernández Parrodi, K. Raegert, J. Dewulf, S. de Meester, Challenges faced during a 
near-infrared-based material flow characterization study of commercial and industrial waste, in: Proceedings of the 

9th Sensor-Based Sorting & Control 2022, Aachen, 2022, pp. 71–84 . 
[17] EVK Kerschhaggl GmbH, EVK SQALAR: Software Tool for the Qualitative and Quantitative Analysis, 2022 https:// 

www.evk.biz/en/products/analysis-software-tool/evk-sqalar/. Accessed March 16, 2023 . 

[18] X. Chen, A. Feil, Detection and classification of heterogeneous materials as well as small particles using NIR- 
spectroscopy by validation of algorithms, in: J. Beyerer, F. Puente León, T. Längle (Eds.), Proceedings of the Op- 

tical Characterization of Materials Conference Proceedings OCM 2019, KIT Scientific Publishing, 2019, pp. 63–77, 
doi: 10.5445/KSP/10 0 0 087509 . 

[19] B. Küppers, X. Chen, I. Seidler, K. Friedrich, K. Raulf, T. Pretz, A. Feil, R. Pomberger, D. Vollprecht, Influences and 
consequences of mechanical delabelling on pet recycling, Detritus 6 (2019) 39–46, doi: 10.31025/2611-4135/2019. 

13816 . 

[20] S. van der Walt, J.L. Schönberger, J. Nunez-Iglesias, F. Boulogne, J.D. Warner, N. Yager, E. Gouillart, T. Yu, the scikit- 
image contributors, scikit-image: image processing in Python, PeerJ 2 (2014) e453, doi: 10.7717/peerj.453 . 



4 Novel SBMC applications

Chapter 3 demonstrated that mass-based material flow compositions of post-consumer mate-
rial flows can be determinedwith high accuracy using sensor technology and application-specific
ML models. Chapter 4 aims to transfer the developed characterization methods into two novel
SBMC applications (RQ III) and prove their technical feasibility at an industrial scale.

4.1 Publication F: Sensor-based quality control

Kroell, N., Chen, X., Küppers, B., Schlögl, S., Feil, A., & Greiff, K. (2024). Near-infrared-
based quality control of plastic pre-concentrates in lightweight-packaging waste sorting
plants. Resources, Conservation and Recycling, 201, 107256. https : / /doi .org/10 .1016/ j .
resconrec.2023.107256

As outlined in Section 1.2, the lack of transparency of up-to-date pre-concentrate qualities
leads to inefficient secondary raw material markets and a lack of incentives for plant operators to
further improve pre-concentrate qualities. Based on the characterization methods from Chap-
ter 3, Publication F therefore aims at demonstrating the technical feasibility of an inline NIR-
based pre-concentrate quality monitoring in a state-of-the-art LWP sorting plant (Figure 4.1).
In particular, it should be investigated to what extent the encouraging results from Section 3.3
for binary mixtures of LWP packaging at technical scale can be reproduced for heterogeneous
material flows at industrial plant scale and towhat extent the developed sensor-based quality con-
trol (SBQC) approach can compete with state-of-the-art manual quality control procedures.4

Inline

near-infrared 

sensor

Machine learning

model

Bale

press...

Goal: Investigate technical feasibility of 

sensor-based quality control (SBQC) in a 

lightweight packaging waste sorting plant.

Key result: SBQC outperforms manual 

quality control (MQC) with > 2.5x higher 

accuracies on predicting bale purites

rPET 95%

Figure 4.1. Graphical abstract Publication F.
4Supplementary materials for Publication F are provided in Appendix B.
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A B S T R A C T   

Today’s post-consumer plastic recycling is limited by labor-intensive manual quality control (MQC) procedures, 
resulting in largely unknown pre-concentrate purities. Sensor-based quality control (SBQC) could enable an 
automated inline quality monitoring and thus contribute to a more transparent and enhanced plastic recycling. 
Therefore, we investigated the technical feasibility of near-infrared-based SBQC for plastic pre-concentrates in a 
lightweight packaging waste sorting plant. The developed SBQC method outperformed MQC methods by 
reducing measurement uncertainties from between ±0.8 wt% and ±6.7 wt% (MQC) to ±0.31 wt% (SBQC) for 
bale-specific purities at monolayered material flow presentations. In addition, we show that SBQC may even be 
possible at multilayered material flow presentations, although further research is needed to address identified 
segregation effects. The demonstrated technical feasibility of SBQC at plant scale represents a major break
through as it opens new opportunities in plastic recycling, such as adaptive pricing models and intelligent process 
control in sorting plants.    

Abbreviations 
BC beverage carton; 
BG background; 
CSV comma-separated value; 
DSD Der Grüne Punkt Duales System Deutschland GmbH; 
EU European Union; 
HDPE high-density polyethylene; 
LWP lightweight packaging; 
ML machine learning; 
MQC manual quality control; 
MU measurement uncertainty; 
NIR near-infrared; 
nMU normalized measurement uncertainty; 
PCC Pearson correlation coefficient; 
PET polyethylene terephthalate; 
PP polypropylene; 
PPC paper, paperboard, and cardboard; 

PS polystyrene; 
RGB red, green, blue; 
RQ research question; 
SBQC sensor-based quality control; 
SP sensor position; 
UNDEF undefined 

1. Introduction 

In 2020, the European Union (EU) 27+3 collected 29.5 Mt/a of post- 
consumer plastic waste, but only 18.6 wt%1 to 22.0 wt%2 of the 
collected plastics were turned into plastic recyclates, while the 
remainder was incinerated or landfilled (Plastic Europe, 2022b). 
Therefore, massive improvements in post-consumer plastic recycling are 
needed to make a relevant contribution to climate and resource pro
tection (European Commission, 2019; United Nations, 2015) and a 
competitive circular economy (Bachmann et al., 2023; European Com
mission, 2020). 

* Corresponding author at: Department of Anthropogenic Material Cycles, RWTH Aachen University, Wuellnerstr. 2, D-52062, Aachen, Germany. 
E-mail address: nils.kroell@ants.rwth-aachen.de (N. Kroell).   

1 Assuming all exported material was incinerated or landfilled.  
2 Assuming all exported material was processed into 100% recyclates. 
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Plastic packaging is the largest source of post-consumer plastic waste 
in the EU 27+3, amounting to 17.9 Mt/a (60.7 wt% of the total post- 
consumer plastic waste) in 2020 (Plastic Europe, 2022a). Recycling of 
post-consumer packaging waste involves three stages: plastic waste 
collection based on country/region-specific collection schemes, sorting 
into material-specific pre-concentrates in sorting plants, and processing 
pre-concentrates into recyclates in processing plants (Feil and Pretz, 
2020). Generated plastic recyclates can then substitute primary plastics 
during production processes and achieve significant environmental 
benefits, e.g., in terms of energy and greenhouse gas emission savings 
(Bachmann et al., 2023; Cudjoe et al., 2021). 

As the crucial intermediate between collection and processing, the 
quality of pre-concentrates generated in sorting plants significantly affects 
the overall process efficiency in post-consumer plastic recycling (Feil 
and Pretz, 2020). Low-quality pre-concentrates can lead to significant 
material losses and to sub-optimal recyclate quality in processing plants 
(Dehoust and Christiani, 2012), thereby hampering the substitution of 
primary plastics and ultimately limiting the achievable environmental 
benefits (bvse-Fachverband Kunststoffrecycling, 2017; Hahladakis and 
Iacovidou, 2018). Suboptimal pre-concentrate qualities have been crit
icized in the past (e.g., bvse-Fachverband Kunststoffrecycling, 2016; 
2017; EU Recycling, 2018) and significant deviations from purity 
specifications have been documented (bvse-Fachverband Kunststof
frecycling, 2017; Knappe et al., 2021). 

1.1. Limitations of manual quality control 

Currently, the quality of plastic pre-concentrates is determined by 
manual quality control (MQC), i.e., sampling and manual sorting anal
ysis (Borowski, 2018; Der Grüne Punkt, 2016). Because of the necessary 
sampling and manual sorting analysis, MQC is time-consuming and 
cost-intensive, and thus often only performed on an irregular basis 
(Borowski, 2018). For example, Borowski (2018) reports that a quality 
control team consisting of two to three experienced employees needs 
about two hours to analyze a single pre-concentrate bale (=4–6 person 
hours per bale), while modern sorting plants produce several hundred 
bales per day. Hence, quality control with MQC methods can only be 
performed on a spot-check basis for selected bales. 

The lacking transparency on batch-specific pre-concentrate qualities 
currently results in pre-concentrates being traded on a flat-rate basis, i.e., 
irrespective of their (bale-specific) quality (plasticker, 2023). Thus, 
combined with high disposal costs for residual fractions, sorting plant 
operators have thus a business interest in sorting only "as good as 
necessary" instead of "as good as possible", since better sorting would 
lead to higher disposal costs for the higher quantity of the then gener
ated sorting residues as well as lower income due to the reduced overall 
quantity of pre-concentrates (Knappe et al., 2021). In addition, technical 
optimizations in sorting plants can be challenging due to the missing 
benchmark without a reliable and in-time measurement of produced 
pre-concentrate qualities (Kroell et al., 2022a). 

1.2. Opportunities through sensor-based quality control 

Sensor-based quality control (SBQC) could enable automatic, real- 
time, and batch-specific knowledge of the quality (i.e., purity) of pre- 
concentrates and thus considerably enhance post-consumer plastic 
recycling (Kroell et al., 2022a): 

1.2.1. Adaptive pricing models 
By monitoring the quality of each batch, the pricing of pre- 

concentrates could transition from a flat-rate basis to adaptive pricing 
models, where higher pre-concentrate quality results in higher prices, 
thereby adjusting the incentives for sorting plant operators. 

1.2.2. Process optimization in sorting plants 
Automatic monitoring of pre-concentrate qualities would allow for 

timely detection and correction of quality deficits, e.g., by using adap
tive process control of the sorting plant to improve overall sorting 
quality. 

1.2.3. Evaluation and optimization of separate collection 
Information on material composition and quantity of output frac

tions could be used to calculate back to the sorting plant input (collected 
mixed lightweight packaging waste), thus, enabling the evaluation and 
optimization of separate collection (e.g., assessment of public campaigns 
to improve separate collection [Initiative „Mülltrennung wirkt“, 2021]). 

1.2.4. Process optimization in processing plants 
By sharing data along the value chain, processing plants could 

benefit from known input qualities, e.g., through input-adaptive process 
parameterization to varying pre-concentrates qualities or an optimized 
distribution of pre-concentrate qualities across processing plants with 
different processing technologies and depths. 

1.3. Related work and research gap 

Data analysis for SBQC applications can be divided into pixel, par
ticle, and material flow levels (Kroell et al., 2022a). At the pixel and 
particle level, numerous studies (e.g., Bonifazi et al., 2018; Calvini et al., 
2018; Chen et al., 2021; Duan and Li, 2021; Xia et al., 2021; Zheng et al., 
2018) have demonstrated that non-carbon-black plastics can be differ
entiated with ≥ 99% accuracy using near-infrared (NIR) spectroscopy. 

However, the quality of plastic pre-concentrates is not defined in 
terms of pixels and particles but by the mass-based composition of the 
entire material flow, i.e., the aggregation of thousands of particles (cf. 
Section 2.1). Yet, little research has been conducted for sensor-based 
determination on mass-based material flow composition, which comes 
with a new set of challenges such as finding appropriate data aggrega
tion methods, area-to-mass-conversion, and different counting basis (cf. 
Section 2.2) (Kroell et al., 2022a). 

Kroell et al. (2023a) recently demonstrated the technical feasibility 
of predicting mass-based material flow compositions from NIR-based 
false-color data using machine learning (ML). Through regression 
models and data aggregation, it was possible to predict mass-based 
material flow compositions of binary post-consumer plastic packaging 
mixtures with a measurement uncertainty of ±2.0 wt% across different 
material flow presentations at technical lab scale (Kroell et al., 2023a; 
Kroell et al., 2023b). However, to our best knowledge, the technical 
feasibility of NIR-based quality control of plastic pre-concentrates at 
plant scale has yet to be shown. 

1.4. Aim and research questions 

With the present paper, we aim to demonstrate the technical feasi
bility of inline-SBQC of plastic pre-concentrates from lightweight- 
packaging (LWP) sorting at plant scale by answering the following 
four research questions (RQs):  

• RQ 1: What prediction accuracies can be achieved for monitoring 
impurity contents using NIR sensors at monolayer presentation and 
which data processing techniques and training dataset sizes are 
feasible for accurate predictions?  

• RQ 2: How accurate is the prediction of bale-specific purities using 
SBQC methods compared to MQC at monolayer presentation?  

• RQ 3: What is the variation of plastic pre-concentrate purities in a 
LWP sorting plant?  

• RQ 4: How feasible is SBQC at a multilayered material flow 
presentation? 

N. Kroell et al.                                                                                                                                                                                                                                   
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2. Background 

2.1. Quality definitions of plastic pre-concentrates 

Pre-concentrate qualities are defined by their purity, i.e., the mass- 
based share of target material in a pre-concentrate batch (Borowski, 
2018; Der Grüne Punkt, 2023; Feil et al., 2021). As pre-concentrates are 
transported as bales between sorting and processing plants, a batch in 
sorting plants refers to a compressed cuboid plastic bale with median 
dimensions of approx. 1100 mm x 1100 mm x 1200 mm and a mass of 
approx. 200 kg to 1000 kg (depending on the pressed material) (Bor
owski, 2018). 

For example in Germany, pre-concentrate purities are often specified 
based on the Der Grüne Punkt Duales System Deutschland GmbH (DSD) 
specifications (Der Grüne Punkt, 2023). A transparent polyethylene 
terephthalate (PET) bottle bale, for example, must contain at 
least 98 wt % transparent PET bottles according to the DSD specifica
tions (Der Grüne Punkt, 2023). 

2.2. Purity definitions 

Along the plastic recycling value chain, different stakeholders use 
different references for defining the term purity, which can cause 
confusion, especially at the interfaces between different stakeholders. 
Therefore, we propose to differentiate between three different purity 
definitions (Table 1):  

• Article-based purity: An article is a piece of packaging that may 
consist of several components and materials. It may also contain 
residues or contaminants. Article-based purity is defined as 100 % 
when the target material content exceeds an application-specific 
threshold. For example, a post-consumer PET bottle is considered 
100 % pure, even if it contains, e.g., a bottle cap made of high-density 
polyethylene (HDPE), a label made of polypropylene (PP), remaining 
residual contents (e.g., liquids), and adhering dust. 

• Material-based purity: In contrast to article-based purity, all me
chanically removable non-target materials connected to a target 
article are considered impurities for material-based purity. In the 
PET bottle example, HDPE bottle caps, PP labels, remaining residual 
contents, and adhering dust are now considered impurities, since 
they can be mechanically removed (e.g., through separation steps 
like washing processes).  

• Chemical purity: In addition to the material-based purity, all non- 
target molecules are considered impurities when defining a chemi
cal purity, even if they cannot be (mechanically) removed. This in
cludes, for example, additives, fillers, and reinforcing materials. For 
example, a washed and cleaned PET flake would not be considered 
100 % pure as it contains non-PET molecules such as color pigments 
or UV stabilizers. 

Article-based purity definitions are typically used during waste 
collection and in sorting plants, while material-based purity definitions 
are frequently used in plastic processing and chemical purity definitions 
are used, e.g., in chemical recycling. The stricter the purity definition, 
the lower is the determined purity Pm, i (Eq. (1)). 

Pm, article− based ≥ Pm, material− based ≥ Pm, chemical (1)  

2.3. Potential SBQC sensor positions 

As SBQC aims to analyze final pre-concentrate purities, it should take 
place after the last sorting stage and before the bale press. For most 
modern sorting plants, two sensor positions fulfill both criteria (see 
Fig. 1b):  

• Sensor position 1 (P1): product conveyor belts feeding the material 
into product bunkers,  

• Sensor position 2 (P2): feeding conveyor belts towards the bale 
press. 

Sensor position P1 allows SBQC at a monolayer material flow pre
sentation, i.e., particles do not overlap each other, while material flows 
at sensor position P2 are transported as multilayered bulks, i.e., particles 
strongly overlap each other (Kroell et al., 2023a). As NIR spectroscopy is 
a surface measurement technology (Workman and Weyer, 2007), 
NIR-based characterization of multilayered bulks (P2) can be chal
lenging, e.g., due to segregation effects (Kroell et al., 2023a). However, 
sensor position P2 permits the monitoring of multiple pre-concentrate 
types with a single sensor, while sensor position P1 requires separate 
sensors for each pre-concentrate type, thus reducing potential invest
ment costs (Kroell et al., 2022a). 

3. Material and methods 

To compare both sensor positions and answer the RQs from Section 
1.4, we conducted two test series A and B in a state-of-the-art LWP 
sorting plant in Germany. 

3.1. Experimental setup 

3.1.1. Test series A 
Test series A aimed at investigating the technical feasibility of SBQC 

at plant scale at monolayer material flow presentation (sensor position 
P1; RQ 1) and then comparing the SBQC results with MQC (RQ 2). As 
shown in Fig. 1a, a state-of-the-art NIR sensor (”NIR A1”) was mounted 
on the conveyor belt of a PET tray product belt (P1) for inline monitoring 
of the full material flow (Section 3.2.1 to Section 3.2.3). 

To validate the NIR data with MQC, all impurities were manually 
sorted out by two human experts with several hundred hours of expe
rience in manual sorting analysis of post-consumer plastic packaging. 
The human experts were positioned directly after the NIR sensor 

Table 1 
Proposed definition of article-based, material-based and chemical purities; ✔: 
included in purity definition, –: not included in purity definition.  

Constituents Examples Included in 
Article- 
based 
puritya 

Material- 
based 
purity 

Chemical 
purity 

Agglomerates Multiple 
interlocking 
packages, e.g., 
through post- 
consumer 
influences 

✔b – – 

Secondary 
components 

Labels and sleeves 
inclusive adhesives, 
lids 

✔ – – 

Residual content Remaining liquids ✔ – – 
Adhesive 

contamination 
Dust, adhesive 
organics 

✔ – – 

Material-bound 
additives, 
fillers, and 
reinforcing 
materials 

Color pigments, UV 
stabilizers, 
antistatic agents, 
plasticizers, flame 
retardants, glass 
fibers 

✔ ✔ – 

Target molecule Polypropylene, 
aluminum 

✔ ✔ ✔ 

Unit  wt% wet wt% dry wt% dry  

a oriented on Der Grüne Punkt (2023) 
b depending application-specific target-material threshold and definition of 

the sorting catalogue. 
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(Fig. 1a) and immediately dropped any impurities in a sample container 
(V = 90 L), whose weight was recorded every second using a digital 
balance (Section 3.2.4). 

Each trial lasted for 25 s during which the data of NIR A1 and the 
digital balance was recorded. After each 25 s trial, the sample container 
was emptied and time was given to the human experts to recover from 
the intense sorting, such that all sorting trials could be conducted at 
maximum concentration and with maximum accuracy over the course of 
three days. In total, n = 417 trials were recorded resulting in 
174 minutes of manual sorting data during which 1,562 kg of PET tray 
product was manually sorted and recorded. 

3.1.2. Test series B 
Test series B aimed at quantifying purity variations (RQ 3) and 

assessing the technical feasibility of SBQC at multilayered material flow 
presentation (sensor position P2; RQ 4). During test series B, the full NIR 
data of two NIR sensors were recorded for a duration of 30 h. As shown 
in Fig. 1b, the first NIR sensor (“NIR B1") was positioned at the identical 
position and with the same configuration as NIR A1 (=sensor position 

P1), and the second NIR sensor (NIR B2) was positioned over the feeding 
conveyor belt to a bale press (sensor position P2), thus monitoring the 
bale-wise composition of PET tray and other plastic pre-concentrates 
(PET bottle, PP, HDPE, and polystyrene [PS]). In addition, all recor
ded fractions were sampled, manually analyzed, and immediately 
returned to the bunker to generate additional MQC data to validate the 
NIR results without influencing the NIR B2 measurements (Section 
3.2.5). 

3.2. Data acquisition 

3.2.1. NIR sensor configuration 
In both test series, hyperspectral imaging NIR sensors EVK HELIOS 

EQ32 from EVK Kerschhaggl GmbH (Raaba, Austria) were used. The 
used wavelength range was 1,017 nm to 1,702 nm at a spectral resolu
tion of 3.1 nm per channel. All sensors were operated at a framerate of 
446 Hz. 

At sensor position P1 (Fig. 1c), the effective belt width was b ≈
520 mm and the conveyor belt speed was v ≈ 0.42 m/s, resulting in a 

Fig. 1. Experimental setup of (a) test series A and (b) test series B as well as NIR sensor setup and material flow presentation at (c) sensor position P1 [PET tray 
product conveyor belt, monolayer material flow presentation] and (d) sensor position P2 [feeding conveyor belt bale press, multilayered material flow presentation]. 
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spatial resolution of 3.31 mm2/px. At sensor position P2 (Fig. 1d), the 
effective belt width was b ≈ 830 mm, and the conveyor belt speed was v 
≈ 1.2 m/s, resulting in a spatial resolution of 13.41 mm2/px. 

Halogen lamps with 400 W each were used to illuminate the material 
flow as it moved below the NIR sensor (cf. Fig. 1c+d). At sensor position 
P1, two halogen lamps from the front and two halogen lamps from the 
back were used (4 × 400 W = 1,600 W in total). At sensor position P2, 
four halogen lamps from the front and four halogen lamps from the back 
were used (8 × 400 W = 3,200W in total). To prevent overheating of the 
conveyor belt at a belt standstill and recording redundant data, the 
power supply of the NIR illumination was coupled with the belt control 
such that the NIR illumination switched off automatically when the 
conveyor belt stopped. 

3.2.2. NIR classification models 
The material flow was classified pixel-based in real-time using the 

on-chip classification algorithm CLASS32 from EVK Kerschhaggl GmbH 
(Raaba, Austria) based on normalized first-derivatives of the acquired 
NIR spectra (EVK Kerschhaggl GmbH, 2023a). 

Six material classes were trained to the classification model: PET, PP, 
polyethylene (PE), PS, beverage carton (BC), as well as paper, paper
board, and cardboard (PPC). For each material class, a variety of 
different packaging articles was sampled from the sorting plant, recor
ded, and added as reference spectra to the classification model (see Fig. 
S1 and Fig. S2 in supplementary materials) to ensure a high classifica
tion accuracy. For defining the reference spectra, representative regions 
of the recorded raw spectra were selected, such that, e.g., edge effects 
are avoided (Chen and Feil, 2019; Küppers et al., 2019). 

The reference spectra also include sleeved and labeled parts of plastic 
bottles, which can have a significant influence on the NIR classification 
(Chen et al., 2023). These sleeved and labeled parts were added as 
reference spectra to the material class of the bottle material (e.g., an 
HDPE bottle with a PET sleeved is trained as “PE”), to assure a classi
fication of the plastic article as fully correct as possible (cf. Chen et al., 
2023). Likewise, wet articles were used as training materials to exclude 
the influence of NIR absorption of water on the classification (cf. Küp
pers et al., 2019). Lastly, overlays of transparent material on top of other 
materials (e.g., PET tray on top of an HDPE bottle) are trained as 
reference spectra, such that always the material on top is classified, to 
avoid systematic over/underestimation of certain materials (cf. Kroell 
et al., 2023a). 

Background (BG) pixels (black conveyor belt) and material pixels 
were differentiated using the mean intensity of the raw NIR spectra 
based on a user-defined threshold. NIR spectra that differ significantly 
from the reference spectra are classified as “undefined” (UNDEF) by the 
CLASS32 algorithm, resulting in a total of eight different NIR outputs 
(PET, PP, PE, PS, BC, PPC, UNDEF, BG). Within CLASS32, three spectral 
regions of interest for classification were defined (NIR 1: 1082 nm – 
1261 nm, 1352 nm – 1514 nm, 1621 nm – 1702 nm; NIR 2: 1107 nm – 
1242 nm, 1342 nm – 1505 nm, 1615 nm – 1696 nm), where the NIR 
spectra of the investigated materials differ most (see Fig. S1 and Fig. S2). 
As shown in Fig. S3, the classification model classifies all six material 
classes correctly. Smaller classification errors occur between BC and PPC 
(especially for plastic coated PPC) and due to labeled or sleeved parts of 
packaging items. 

3.2.3. NIR data acquisition 
After uploading the NIR classification model from Section 3.2.2 to 

the NIR sensor, the CLASS32 algorithm then assigns a material class 
(represented as a false-color) to each recorded pixel. The resulting false- 
color data was captured using the EVK Stream Supervisor software (EVK 
Kerschhaggl GmbH, 2023b). In the EVK Stream Supervisor software, the 
false-color images are aggregated over 0.1 s and the pixel counts are 
then saved along with a timestamp in a comma-separated value (CSV) 
file. 

3.2.4. Digital balance 
For test series A, the impurity masses were recorded with a digital 

balance (KERN IFB 60L-3L; KERN & SOHN GmbH [Balingen-Frommern, 
Germany]) with a precision of ±0.002 kg and a maximum weight of 
60 kg. The weight was written automatically every second along with a 
timestamp to an Excel file through the software SCD-4.0-PRO from 
KERN & SOHN GmbH. 

3.2.5. Manual sorting analysis 
For test series B, the plastic pre-concentrate fractions (PET tray, PET 

bottle, PP, HDPE, and PS) recorded by NIR B2 were additionally 
sampled, and their composition was analyzed through manual sorting 
analysis. The sampling was performed according to LAGA PN 98 (2001) 
using the existing automatic sampling system based on temporarily 
reversing the respective bunker feeding belt into a sampling container to 
create ideal sampling conditions with a sample volume of 180 L. 

After sampling, the sample was immediately manually sorted into 
the following material fractions by human experts: PET tray, PET bottle, 
PP, PE, PS, BC, PPC, non-ferrous metals, ferrous metals, composites, and 
residual. Each sorted fraction was weighted using a digital balance 
(KERN DS 150K1, KERN & SOHN GmbH [Balingen-Frommern, Ger
many]) with a precision of ±0.001 kg and a maximum weight of 150 kg 
to determine the material composition of each sample. After manual 
sorting analysis, the full sampled material (incl. impurities) was mixed 
together, homogenized, and returned to the bunker feeding belt to make 
sure that the NIR B2 recordings were as little as possible influenced by 
the sampling3. Since the focus is on PET tray, the PET tray fraction and 
all other fractions were sampled alternatively resulting in the following 
sampling schedule: PET tray, PET bottle, HDPE, PET tray, PS, PET tray, 
PP. After each cycle, the sampling schedule was repeated. In total, n =
46 samples were taken and manually analyzed resulting in a total 
analyzed sample volume of 8,280 L and a total sample mass of 244 kg. 

3.3. Data processing 

For data processing, data visualization, and ML model training and 
evaluation, custom Python scripts were developed. The following open- 
source packages were primarily used: NumPy (Harris et al., 2020) [data 
storage and data processing], pandas (McKinney, 2010; The pandas 
development team, 2020) [data storage and data processing], scikit-learn 
(Pedregosa et al., 2011) [training and evaluation of regression models], 
SciPy (Virtanen et al., 2020) [statistics], matplotlib (Hunter, 2007) [data 
visualization], and seaborn (Waskom, 2021) [data visualization]. 

3.3.1. Spatial calibration 
First, the pixel counts per 0.1 s from Section 3.2.3 were transformed 

into area flows [m2/h] by using the spatial resolution from Section 3.2.1. 
For determining the spatial resolutions, false-color recordings of circular 
calibration targets of 170 mm diameter were recorded. The spatial res
olution was then calculated by dividing the area of the calibration tar
gets by the number of pixels of the calibration target. 

3.3.2. Area-to-mass conversion using material-specific grammages 
For the conversion between area-based NIR recordings and mass- 

based impurity masses, material-specific grammages were determined. 
Therefore, product material flows were sampled according to LAGA PN 
98 (2001) (cf. Section 3.2.5) and the sampled material was manually 
sorted into pure material classes (PET tray, PET bottle, PP, HDPE, PS, 
BC, and PPC). Afterward, material feeding on the PET tray belt was 

3 Due to the sample homogenization, multiple belt transfers between the 
point where the sample were returned and NIR 2 as well as the relative low 
share (≤ 1.5 wt%) of sample masses (2.4 kg to 9.0 kg, mean: 5.3 kg) compared 
to the pre-concentrate bale masses (600 kg), the influences on the sampling on 
NIR 2 are considered as neglectable in the following. 
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manually stopped and the mono-material fractions were batch-wise 
recorded using NIR B1. For each batch, the false-color data from 
NIR B1 and the total mass of the batch were recorded. In total, the 
following masses per mono material fractions were recorded: PET bottle: 
12.2 kg, PET tray: 2.7 kg, PP: 6.3 kg, PE: 7.1 kg, PS: 3.8 kg, BC: 12.2 kg, 
PPC: 3.6 kg. 

Afterward, material-specific grammages were calculated according 
to Eq. (2) based on the total mass of recorded mono-material fractions mi 
and the total area per recorded mono material fraction (incl. non-target 
pixels) Ai. 

ρA,i =
mi

Ai
(2) 

Table 2 summarizes the determined grammages. Since no sample 
material for the NIR material class UNDEF can be collected, a grammage 
of ρA, UNDEF = 1.63 kg/m2 was used, which is the mean grammage over 
all other seven material classes from Table 2. 

3.3.3. Area-to-mass conversion using machine learning 
Based on the insights from Kroell et al. (2023a), ML models were 

used as an alternative for predicting the mass-based impurity contents 
and material flow compositions from area-based NIR data. 

For test series A, the total impurity mass flow can be calculated from 
the impurity mass of one trial measured by the digital balance (mimpurity) 
and the duration of one trial (Δttrial = 25 s) using Eq. (3). 

ṁimpurity =
Δm
Δt

=
mimpurity

Δttrial
(3) 

Therefore, a multivariate linear regression model (fA, Eq. (4)) was 
trained to predict the total impurity mass flow ˙̂mimpurity [kg/h] from the 
area flows Ȧi [m2/h] of each material class detected by the NIR sensor 
(cf. Section 3.2.2) excluding background4. 

˙̂mimpurity = fA(ȦPET, ȦPP, ȦPE, ȦPS, ȦBC, ȦPPC, ȦUNDEF) (4) 

To increase the practicality and robustness of our ML model in 
lightweight-packaging waste sorting plants, we divided our dataset into 
20% (n = 83 trials) training data and 80% (n= 334 trials) test data. Our 
goal was to demonstrate that a satisfactory model could be achieved 
even with a small training set, thereby increasing efficiency for indus
trial applications by reducing data collection needs. Moreover, a large 
test dataset was employed for a robust analysis of the ML model per
formance and the comparison with MQC methods (cf. Section 4.2). 

3.3.4. Throughput estimation 
Besides impurity masses, it is necessary to know the total product 

mass flow to calculate the purities of a material flow or pre-concentrate 
bale (cf. Eq. (6)). For industrial SBQC applications, information on 
product masses is often available from the bunker system in terms of the 

total mass of each produced bale. However, for calculations in Section 
3.4, it is necessary to estimate the PET tray product mass flow at a higher 
temporal resolution (25 s). 

Previous research (e.g., Curtis et al., 2021; Kroell et al., 2022b; 
Küppers et al., 2020; Küppers et al., 2022) has established a strong 
correlation between mass flows and area flows. To enhance throughput 
estimation, we therefore calculated the throughput ṁPET tray product using 
the total area flow measured by NIR A1 (ȦPET tray product) as follows: 

ṁPET tray product = ȦPET tray product *ρA, PET tray product (5) 

To determine the mean grammage ρA, PET tray product, we first measured 
the total occupied area (including impurities) of the 39.7 Mg PET tray 
product using NIR A1. Then, we employed Eq. (2) to calculate the mean 
grammage as ρA,PET tray product = 1.79 kg/m2. 

3.3.5. Outlier removal 
During preprocessing of test series A, we removed two non- 

representative outliers (trials no. 127 and 128; 0.5% of the total data
set) with impurity mass flows of 395.7 kg/h and 332.4 kg/h, as both 
outliers deviated significantly both from the median (25.3 kg/h) and the 
next largest impurity mass flow (117.5 kg/h). The outliers resulted from 
two water-soaked shoes with an approximate mass of approx. 2 kg each 
in the PET tray material flow and not removing them would make ML 
model training and evaluation practically infeasible. While, in the cur
rent study, the two outliers were omitted to demonstrate the general 
technical feasibility of the SBQC approach, given their low frequency 
and significant deviation from the other datapoints, a detailed consid
eration of such outliers regarding the application-specific relevance is 
recommended when applying our findings into operational practice and 
the evaluation of future SBQC measurement systems (cf. Section 5). 

3.4. Comparison of SBQC and MQC (bale sampling simulation) 

To answer RQ 2, SBQC and MQC methods were compared with each 
other on the task of predicting the purity of a PET tray bale with an 
average mass of 600 kg. As it is unfeasible to manually sort hundreds of 
PET tray bales to determine the necessary ground truth, different bale 
compositions were digitally generated from test series A. 

Therefore, the data from test series A was first randomly split into 
20% training and 80% test data (cf. Fig. 2a). The training set was used to 
train ML model A (Section 3.3.3) for SBQC and the test set was used as 
the ground truth for creating simulated PET tray bales with known 
compositions. 

3.4.1. Simulation of different PET tray bales 
The test set consists of n = 334 trials containing in total 1242.4 kg 

manually sorted material (approx. 2.1 bales) each with the corre
sponding impurity (Section 3.1.1) and total masses (Section 3.3.4). To 
create a simulated PET tray bale, we randomly sampled n trials from the 
test set without replacement until a total sample mass of 600 kg was 
reached. These n trials then represent one simulated PET tray bale with 
its known mass mbale and known purity Pm,bale according to Eq. (6). 

Pm, bale =
mimpurity

mbale
=

∑n

i=1
mimpurity, i

∑n

i=1
mi

(6)  

3.4.2. Simulation of MQC sampling 
State-of-the-art MQC of pre-concentrates in LWP sorting plants in

volves sampling. The required sample sizes for a pre-concentrate bale 
can be calculated based on different technical norms and guidelines (see 
Section 1 in supplementary materials). In the case of a 600 kg PET tray 
bale, applying these norms and guidelines results in required sample 
sizes of 0.9 kg (CEN/TR 15310-1, 2006), 3.2 kg (LAGA PN 98, 2001), 
40.0 kg (GBP Quality GmbH, 2023), 50.0 kg (COREPLA, 2022), 
80.0 kg–90.0 kg (Der Grüne Punkt, 2016), and 123.0 kg (ÖNORM S 

Table 2 
Determined material-specific grammages.  

Material class Grammage [kg/m2] 

PET bottle 2.17 
PET tray 1.22 
PP 1.79 
PE 2.64 
PS 1.34 
BC 1.97 
PPC 0.79  

4 Since the total area flow (materials + background) is constant, the back
ground area flow is linear dependent on the sum of all material area flows and 
thus excluded from model training, cf. Fahrmeir et al. (2013). 
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2127, 2011). 
To simulate the influence of different sample sizes, we randomly 

sampled k of these n trials, which then represents a sample with the total 
sample mass msamples(k). As in traditional MQC, the purity of the total 
bale is estimated by the purity of the sample according to Eq. (7). 

P̂m, bale, MQC(k) =
mimpurity(k)
msamples(k)

=

∑k

i=1
mimpurity,i

∑k

i=1
mi

with k ≤ n (7)  

3.4.3. Simulation of SBQC inline monitoring 
In contrast to MQC, SBQC methods analyze the full material flow, 

therefore no sampling is involved. Thus, ML model A was used to predict 
the impurity mass for each of the n trials (m̂impurity, SBQC, i). The predicted 
purity of the bale (P̂m, bale, SBQC) is then calculated by dividing the 
summed-up impurity mass (m̂impurity, SBQC) through the total bale mass 
(Eq. (8)). 

P̂m, bale, SBQC =
m̂impurity, SBQC

mbale
=

∑n

i=1
m̂impurity, SBQC, i
∑n

i=1
mi

(8) 

This process was repeated for a total of 1,000 different PET tray 
bales. This was the basis for the assessment of the measurement uncer
tainty of MQC methods with different sample sizes and the proposed 
SBQC methods. 

3.5. Assessment of measurement uncertainty 

To assess the predicted (im)purities for answering RQ 1 and RQ 2, 
we use the 95 %-percentile measurement uncertainty (MU) metric ac
cording to Kroell et al. (2023a). The MU95 is the 95th percentile (P95) of 
all absolute errors between a set of measurands Xmeasured and its corre
sponding true values Xtrue (Eq. (9)) 

MU95 = P95(|Xmeasured − Xtrue|)

with X = {x1,…, x n} (9) 

The MU95 indicates that in 95 % of all cases, the true value (xtrue) is in 
the range xmeasured ± MU95 (Kroell et al., 2023a). For example, if an SBQC 
system is predicting a purity of 96 wt%, with a MU95 of 2 wt%, then the 
true purity is between 94 wt% and 98 wt% in 95 of 100 measurements. 
The lower the MU95 values, the more accurate are the predictions. 

As the MU95 indicates the deviations in absolute terms, we use the 
normalized MU (nMU95) defined in Eq. (10) to express relative de
viations. The nMU95 is the MU95 devided by the mean measurement 
values (x̄measured). 

nMU95 =
MU95(Xmeasured)

x̄measured
(10)  

4. Results and discussion 

4.1. Impurity mass flow prediction at monolayer presentation (RQ 1) 

Fig. 2a shows the impurity mass flows of test series A determined by 
manual sorting of human experts over the course of n = 417 trials and 
the applied random train-test-split. High variations in the measured 
impurity flows between 0 kg/h and 117.5 kg/h (mean: 28.3 kg/h) can 
be observed. 

4.1.1. Comparison of material-specific grammage and ML model 
Fig. 2b compares the grammage (Section 3.3.2) and ML model 

(Section 3.3.3) in predicting the impurity mass flow based on the NIR A1 
data. As shown in Fig. 2b, the grammage model overestimates the im
purity mass flow on average by a factor of 2.11, resulting in an nMU95 of 
218.0%. In contrast, the predictions of ML model A are more accurate 

with an nMU95 of 94.6% on the raw data. 
A likely reason for the overestimation of the grammage model is the 

discrepancy between article-based and material-based purity definitions 
(cf. Section 2.2, esp. Eq. (1)). In an article-based purity definition, used 
by human experts, non-PET materials are counted as impurities only if 
they are not physically connected to a PET article. The NIR sensor, 
however, classifies each pixel independently of its connection to other 
materials. Since each non-PET pixel directly contributes to the predicted 
impurity for the grammage model, non-PET pixels from PET articles (e. 
g., PP films, PPC labels belonging to PET trays) are always counted as 
impurities. 

In contrast, the ML model is trained on the article-based impurity 
definition by the human experts in the manual sorting (training) data. It 
can thus correct these composite effects by adjusting its model co
efficients. However, as shown in Fig. 2c, especially high impurity mass 
flows are still difficult to be predicted for the model. A possible reason 
for this is a large variance of grammages in post-consumer packaging 
waste (cf. Kroell et al., 2021), which makes accurate predictions on the 
unaggregated raw data (here: 25 s chunks) challenging (cf. Kroell et al., 
2023a). 

4.1.2. Influence of data aggregation (chunk size) 
Since the investigated sorting plant produces a PET tray bale 

approximately every Δtbale = 67 min, 25 s values of SBQC are not 
necessary for this use case. Aggregation of sensor-based material flow 
data has been demonstrated to improve prediction accuracy (Kroell 
et al., 2023a), as, e.g., particle-specific deviations in grammages can be 
smoothed out. Therefore, Fig. 2d shows the influence of different chunk 
sizes (time windows over which the data was aggregated [Kroell et al., 
2023a]) on the model performance. 

As shown in Fig. 2d, prediction errors decline super-linear with 
increasing chunk size. For chunk sizes above 30 minutes, nMUs 
of ≤ 6.9 % are achieved. As illustrated for exemplary chunk sizes in 
Fig. 2d, even small data aggregation can already effectively reduce 
prediction errors. 

4.1.3. Influences of training size 
Another way to improve model performance is to increase the 

amount of provided training data (Goodfellow et al., 2016). As the 
original training set was relatively small (n = 83 trials; 20% of the total 
dataset), the question arises whether the performance of the model 
could be improved with more training data. On the other hand, as the 
generation of training data is costly (e.g., high personal expenses for 
manual sorting), it is also of high practical interest whether a similar 
level of performance could be achieved with even less training data. 

To address both questions, Fig. 2d shows the model performance for 
different training sizes across different chunk sizes. It becomes evident 
that in this case, the model performance does not substantially increase 
with increasing training size: While the mean nMU95 over all investi
gated chunk sizes (25 s – 80 min) at 20% training size (n = 83 trials) is 
11.1%, it only decreases to 10.8%, when doubling the training size to 
40% (n = 166 trials). Furthermore, with only 10% training data (n = 41 
trials), a comparable model performance with a mean nMU95 of 11.8% 
over all chunk sizes was still achieved. 

4.1.4. Model robustness 
Fig. 2e shows the coefficients of the trained models for different 

training sizes to further validate the model robustness and study the 
influence of different training sizes on the model. As shown, the model 
demonstrates increased stability with increasing training size, showing 
stable predictions for training sizes greater than 10%. 

The model predictions appear plausible, since the coefficient for the 
material class PET (= target material class in the investigated PET tray 
fraction) is nearly zero across all trained models, thus not influencing 
the impurity content. Negative model coefficients are observed for the 
material classes PE, PP, and UNDEF. The negative PE and PP coefficients 
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Fig. 2. NIR-based impurity mass flow prediction at monolayer presentation [NIR A1]. (a) Overview of measured impurities determined by human experts and 
applied train-test-split, (b) impurity prediction using grammages and ML compared to ground truth, (c) influence of data aggregation on prediction errors of ML 
model A, (d) influence of training size on the prediction performance of ML model A, (e) distribution of model coefficients of ML model A trained across different 
training sizes and chunk sizes from [d]. Δtbale: average production time of a PET tray bale in test series A. 
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are likely the model’s correction for composite effects (discrepancy be
tween article- and material-based purity, cf. Section 2.2) as films of PET 
tray packaging and bottle caps belonging to PET bottles are frequently 
made of PE and PP (Roosen et al., 2020). The negative value and high 
variation of the UNDEF coefficient could indicate an attempt of the 
model to correct misclassifications as well as unknown material classes 
within the UNDEF material classes from the NIR A1 sensor. In contrast, 
positive model coefficients are especially found for PS and PPC, which 
supports the hypothesis that the model might have chosen PS and PPC as 
leading indicators for high impurity contents. 

In summary, ML model A demonstrates superior performance in 
predicting impurity mass flows compared to the grammage model by 
effectively taking discrepancies between article-based and material- 
based purity definitions into account through material-specific weight 
adjustments. Data aggregation has a significant impact on model per
formance, with prediction errors declining super-linearly as chunk size 
increases. Notably, even a small amount of training data (10% of the full 
dataset) can yield comparable model performance. The final model, 
trained on only n = 83 trials (20% training size) combined with a 67- 
minute aggregation (corresponding to the average production time of 
one PET tray bale), can predict impurity mass flows with a nMU95 of 
3.2%. 

4.2. Comparison between SBQC and MQC at monolayer presentation 
(RQ 2) 

Fig. 3 compares the accuracy (MU [wt%]) between SBQC based on 
NIR A1 and MQC across different sample sizes for 1,000 simulated PET 
tray bales (cf. Section 3.4). As shown by the MQC line in Fig. 3, the 
measurement uncertainty of MQC caused by the sampling error de
creases quadratically with increasing sample sizes, and a “diminishing 
return” effect is observed, i.e., with increasing sample sizes the addi
tional measurement accuracy gained by larger sample sizes flattens out. 
High MUs (> 5 wt%) are observed when simulating MQC according to 
CEN/TR 15310-1 (2006) [MU95= 6.7 wt%] and LAGA PN 98 (2001) 
[MU95= 5.6 wt%]. In contrast, higher sample sizes specified in technical 
MQC guidelines for pre-concentrates as well as the ÖNORM S 2127 
(2011) lead to reasonable MUs (≤ 1.5 wt%) when simulating MQC ac
cording to GBP Quality GmbH (2023) [MU95= 1.5 wt%], COREPLA 
(2022) [MU95= 1.3 wt%], Der Grüne Punkt (2016) [MU95= 1.0 wt%], 
and ÖNORM S 2127 (2011) [MU95= 0.8 wt%]. 

Since SBQC methods require no sampling, the proposed method 
using ML model A achieves a constant MU95 of 0.31 wt%, which is 
significantly lower than MUs of MQC with sample sizes specified by 
technical norms and guidelines (Fig. 3). In fact, between 351 kg (58.5 wt 
%) and 386 kg (64.3 wt%) of the simulated PET tray bales must have 
been sampled and manually sorted to achieve equal or lower MUs by 
traditional MQC methods. Using the estimate of 4 to 6 person-hours to 
analyze a sample of 80 kg to 90 kg from Borowski (2018) (cf. Section 
1.1), this would amount to between 15.6 to 29.0 person-hours per bale 
to achieve the same accuracy using MQC than with the proposed SBQC 
method. 

4.3. Variation in predicted pre-concentrate purities (RQ 3) 

To demonstrate the potential benefits of SBQC and to estimate purity 
fluctuations (RQ 3), Fig. 4a shows the area-based purity distribution of 
the n = 17 PET tray bales that were produced during the sensor mea
surements of test series B. Among these analyzed bales, the area-based 
purities ranged between 68.3 area percent (a%) and 77.6 a% and with 
a standard deviation of 3.1 a%. 

Notably, the area-based purity of bales produced during the early 
and late shifts (mean purity: 75.8 a%) was statistically significantly 
higher (p ≤ 0.015) compared to night shifts (70.3 a%). A likely reason 
for this are the different input materials, which are processed during the 
early and late shifts (input material 1) and night shifts (input material 2) 
in the investigated sorting plant. 

According to the SBQC data, the two input materials affect different 
impurities to different degrees (Fig. 4b). When input material 2 is pro
cessed (night shift), the PET tray product contains statistically signifi
cant (p ≤ 0.01) more PPC (+6.5 a%) and UNDEF (+0.6 a%) material and 
significantly less target material and other plastics (PET: -5.5 a%, PP: 
-0.8 a%, PE: -0.9 a%, PS: -0.1 a%). A likely reason for this is the different 
characteristics of the two input materials (e.g., material flow composi
tion, particle size distribution, and water content), which influence the 
sorting plant operation (e.g., Kroell et al., 2022b; Küppers et al., 2020; 
Küppers et al., 2021; Küppers et al., 2022). 

4.4. SBQC at multilayered material flow presentation (RQ 4) 

Fig. 5 shows the feasibility of SBQC at multilayered material flow 
presentations (αNIR B2) by comparing the material flow composition of 
plastic pre-concentrate bales measured with MQC (ŵMQC; Section 4.4.1) 
and SBQC at monolayer presentation (αNIR B1; Section 4.4.2). In addition 
to individual values (unfilled markers), mean values (filled markers) and 
their distance from the ideal correlation line are displayed. 

4.4.1. NIR B2 vs. MQC 
In test series B, n = 103 pre-concentrate bales were analyzed in total 

by NIR B2. n = 30 of these bales (nPET tray = 13, nPET bottle = 4, nPP = 5, 
nHDPE = 4, nPS = 4) were also sampled and their composition was 
manually analyzed (cf. Section 3.2.5). 

In Fig. 5, all bales other than the PET tray bale marked with “**”, 
which is determined by NIR B1, are determined by MQC. These Non-“X”- 
markers for PET tray, PET bottle, PP, HDPE and PS compare the bale 
compositions determined by MQC (mass-based and article-based purity 
definition; cf. Section 2.2) with bale compositions determined by NIR B2 
(area-based and material-based purity definition; cf. Section 2.2). 
Different colors indicate material fractions within a bale. For example, 
a red circle represents the mass-based PE share (red) within a PP bale 
(circle). 

Even though the estimated material shares of NIR B2 and MQC are 
determined based on a different counting basis (mass-based vs. area- 
based) and based on different purity definitions (article- and material- 
based), a general correspondence between NIR B2 and MQC purities 
can be observed across all bale types (MU95, purity, PET tray = 10.3%, 
MU95, purity, PET bottle = 5.0%, MU95, purity, PP = 5.7%, MU95, purity, HDPE =

3.4%, MU95, purity,PS = 8.6%). 
Likewise, there is a reasonable correspondence between MQC- and 

NIR-based impurity shares. Here, MU95 values are slightly lower since 
the impurities have a much lower share compared to the purities 
(MU95, impurities, PET tray = 2.4%, MU95, impurities, PET bottle = 0.9%, 
MU95, impurities, PP = 1.3%, MU95, impurities, HDPE = 1.3%, MU95, impurities, PS 

= 1.7%). However, in relative terms, the consistency of purities 
(nMU95, purity = 7.2%) is considerably more accurate compared to im
purities (nMU95, impurity = 202.1%). A possible explanation may be that 
the influence of individual particles on the total material content is 
higher for impurities due to the lower particle number of impurities 
compared to target materials. 

While these numbers indicate the general feasibility of SBQC at 
multilayered material flow presentations, the following limitations of 
this comparison have to be considered: 

5 p-values express the level of significance. Here, we calculated the p-value 
based on the Mann–Whitney U test, Mann and Whitney (1947). 
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• First, MQC with the initially chosen sample sizes in this study (180 L) 
is associated with a considerable sampling error (see Section 4.2), 
which can, for example, be observed by high variation of the MQC 
analysis results (0.97 wt% standard deviations [per material class 
and bale type, macro-average]) compared to the lower variation in 
the NIR B2 compositions (0.19 a% standard deviation).  

• Second, as discussed earlier, NIR B2 and MQC data have different 
counting basis (mass-based vs. area-based) and purity definitions 
(cf. Section 2.2). Applying appropriate area-to-mass-prediction 
models and pixel-to-article-based conversion models might thus 
reduce the differences between both data sources (Kroell et al., 2021; 
Kroell et al., 2023a).  

• Third, independent of the previous effects, SBQC at a multilayered 
material flow presentation can differ from SBQC at a monolayered 

material flow presentation and MQC, if the analyzed material flow 
surface by NIR B2 differs from the area-based composition of the full 
bale (see Section 4.4.2). 

To investigate the influences of multilayered material flow presen
tation independent from the previous effects, Section 4.4.2 compares the 
area-based bale compositions determined by NIR B1 and NIR B2 for the 
investigated PET tray bales. 

4.4.2. NIR B2 vs. NIR B1 
“X”-markers in Fig. 5 compare the area-based bale compositions 

determined by NIR B2 and NIR B1 for PET tray bales. Due to the absence 
of a sampling error, less deviation occurs in NIR B1 measurements 
compared to MQC, such that potential systematic effects are easier to be 

Fig. 3. Comparison of inline SBQC using NIR and ML with MQC using different sampling sizes at monolayer presentation [NIR A1]; markers: minimum sample sizes 
according to CEN/TR 15310-1 (2006), LAGA PN 98 (2001), ÖNORM S 2127 (2011), GBP Quality GmbH (2023), COREPLA (2022), and Der Grüne Punkt (2016). 

Fig. 4. Area-based (a) purity and (b) impurity distribution per bale between plant input 1 (early and late shift, left violin) and plant input 2 (night shift, right violin) 
[NIR B1]; solid line: median, dashed line: 25 % and 75 % percentile. 
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identified. 
When analyzing the PET tray purities (Fig. 5b), a high correlation 

between NIR B2 and NIR B1 can be observed with a Pearson correlation 
coefficient (PCC) of 0.915 (Pearson, 1895). A systematic overestimation 
of NIR B2 is observed with area-based PET shares on average +12.9 a% 
higher when measured with NIR B2 compared with NIR B1. 

Likewise, PET tray impurity shares (Fig. 5c) correlate to a higher 
extent between NIR B2 and NIR B1 for the material classes PPC (PCC =
0.989), PS (PCC = 0.873), PE (PCC = 0.831), to a lower extent for PP 
(PCC = 0.601) and BC (PCC = 0.529), and no correlation is found for 
UNDEF materials. A closer look at Fig. 5c reveals that PE shares were 
always overestimated by NIR B2 compared to NIR B1 by +1.4 a% on 
average, while other material classes were mostly underestimated by 
NIR B2 to different extents (PPC: -7.8 a%, PP: -3.4 a%, BC: -1.7 a%, PS: 
-0.2 a%, UNDEF: -1.1 a%). These observations are consistent with the 
findings described in (Kroell et al., 2023a) and might have been caused 
by the following two mechanisms: 

4.4.2.1. Different classification behavior at multilayered material flow 
presentation. At NIR B1, NIR spectra of particles are measured as a 
monolayer on top of a carbon-black conveyor belt. For transparent 
material, like PET trays, very thin-walled parts of packaging articles can 
result in a low spectral intensity due to the carbon-black surface un
derneath, which can cause the classification of some article parts as 
background by the NIR classification algorithms. However, at NIR B2, 
the material flow surface is measured on top of several underlying ma
terial layers. Therefore, even thin-walled parts of transparent articles are 
laying on top of several other particles, which results in higher spectral 
intensity and the classification of all article parts as the corresponding 
material instead of background (mixed NIR spectra are classified as the 
material on top with the used algorithm, cf. Section 3.2.2). As a conse
quence, the recognized area of transparent and thin-walled articles is 
higher at NIR B2 compared to NIR B1, resulting in a higher material 
share. As a lot of transparent and thin-walled packaging items (e.g., 
trays, foils, multilayered packaging) are made of PET and PE, this 
mechanism might partially explain why the material classes PET and PE 
were overestimated by NIR B2. 

4.4.2.2. Segregation effects. Based on our previous experience, the re
sults of Kroell et al. (2023a), and the analysis of the NIR false-color 
images, we assume that the +12.9% PET overestimation is too high to be 
caused solely by differences in the NIR classification behavior. The PET 
overestimation could have been caused by segregation effects, e.g., by 
the accumulation of two-dimensional PET trays on the material flow 
surface measured by NIR B2. In addition, variations in particle charac
teristics such as particle size and shape resulting from different materials 
used in different packaging applications could further increase segre
gation effects. Further research and a more robust understanding of 
segregation mechanisms for post-consumer packaging are required to 
verify or falsify this hypothesis. 

In summary, NIR-based SBQC at multilayered material flow pre
sentation (bale press feeding belt, P2) seems feasible in general with 
reasonable correspondence between NIR B2 and MQC as well as NIR B1 
measurement. However, a deeper understanding of segregation effects 
and a development of correction as well as area-to-mass models is 

(caption on next column) 

Fig. 5. Feasibility of SBQC at multilayered material flow presentation. (a) 
Differences in area-based material flow compositions between NIR B1 (mono
layered material flow presentation, sensor position P1) and NIR B2 (multilay
ered material flow presentation, sensor position P2) for PET-tray bales and 
between area-based material flow composition using NIR B2 and mass-based 
MQC (sample size = 180 L) for plastic pre-concentrate bales, (b) zoom-in of 
[a] on purities, (c) zoom-in of [a] on impurities; * mass-based and article-based 
purity determined by MQC (ŴMQC), ** area-based and material-based purity 
determined by NIR B1 (αNIR B1). 
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necessary to achieve SBQC predictions with accuracies of practical 
relevance at multilayered material flow presentations (sensor position 
P2) in the future. 

5. Conclusions 

The plastic recycling value chain is currently suffering from a high 
degree of intransparency since MQC procedures for post-consumer 
plastic pre-concentrates are time-consuming, cost-intensive, and thus 
only performed on an irregular basis. Inline sensor technology promises 
to overcome these limitations by enabling an automated monitoring of 
produced pre-concentrate qualities. While numerous studies showed the 
high accuracy of plastic discrimination using NIR spectroscopy at pixel- 
and particle levels, it remained unclear if NIR-based quality control of 
plastic pre-concentrates at the material flow level and plant scale is 
technically feasible. Further, it remained unclear how the achieved ac
curacy of an SBQC approach compares to traditional MQC in the form of 
manual sorting analysis of taken samples. 

In two test series, we showed that SBQC at plant scale is not only 
technically feasible, but ML-based SBQC predictions can be even more 
accurate than traditional sampling-based methods. Since the purities of 
plastic pre-concentrates are determined by a mass- and article-based 
purity definition in current technical norms and industrial practice (cf. 
Section 2.2), comparable purities from the pixel-based NIR-false-color- 
data should be predicted using, e.g., ML methods, to account for com
posite effects in post-consumer packaging (difference between article- 
and material-based purity definition, cf. Section 2.2). The high data 
aggregation due to an average bale production time of several minutes 
up to an hour (here: 67 minutes) evens out prediction errors at lower 
time scales and achieves purity predictions with high accuracies 
(±3.2% normalized measurement uncertainty) [RQ 1]. 

A direct comparison of SBQC and MQC to predict the purity of 600 kg 
PET tray bales demonstrates the advantages of the SBQC method: When 
following technical norms and guidelines for MQC, bale purities could 
be determined with measurement uncertainties (95th percentile of ab
solute errors) between ±6.7 wt% (0.9 kg sample size [CEN/TR 15310-1, 
2006]) to ±0.8 wt% (123 kg sample size [ÖNORM S 2127, 2011]). The 
proposed SBQC method predicted bale purities within ±0.31 wt% 
measurement uncertainty. In fact, we estimate that the required total 
sample mass for MQC must have been ≥ 350 kg, i.e., more than half of 
the total PET tray bale and thus way beyond any reasonable MQC 
practice, to be more accurate than SBQC [RQ 2]. 

Another benefit of SBQC data could be demonstrated by identifying 
significant variations in the area-based material flow composition of the 
PET tray pre-concentrate caused by two different input materials of the 
sorting plant coming from two different collection areas. To obtain 
comparable knowledge using MQC, a high personnel effort in both day 
and night shifts would be necessary. Since investigation of this type are 
costly, many relevant parameters in sorting plants have remained un
detected in the past [RQ 3]. 

To potentially monitor several pre-concentrates simultaneously with 
a single NIR sensor in the future, the technical feasibility of SBQC with 
multi-layered material flow presentations (feeding conveyor belt to bale 
press) was investigated. A good correlation was found between area- 
based purities measured at mono- and multi-layered material flow pre
sentation with a high Pearson correlation coefficient of 0.915. System
atic deviations between monolayered and multilayered material flow 
presentations due to segregation effects and changes in the NIR classi
fication behavior reported by previous studies (Kroell et al., 2023a) were 
confirmed, resulting in the need for a better understanding of segrega
tion effects and the development of possible correction models [RQ 4]. 

Several directions for future research emerge from our work: Our 
investigations could be extended to other pre-concentrates or types of 
sorting and processing plants. In addition, the NIR sensor could be 
complemented by additional sensors such as RGB cameras and/or with 
deep learning techniques, e.g., to detect contaminants of the same 

material such as HDPE silicon cartridges in a HDPE pre-concentrate or to 
enable a quality assessment for color-sorted fractions. Further, long- 
term sensor measurements are needed to analyze the stability of the 
developed ML models under seasonal fluctuations, changing packaging 
designs, different waste collection areas/schemes, frequency of outlier 
impurities, or differing plant operations and to develop and test poten
tial recalibration strategies (e.g., DIN 54390, 2022; Flamme et al., 
2020). The economics of SBQC could be enhanced by either utilizing 
more cost-effective sensor technologies (e.g., RGB cameras) or enabling 
the previously mentioned SBQC at multilayered material flow pre
sentations to monitor multiple pre-concentrates with a single sensor. To 
reduce the costs for model training and adaptation at multiple 
measuring points or in multiple sorting plants, the development of 
time-/cost-efficient methods for generating the necessary ground truth 
data as well as the application of transfer and feathered learning ap
proaches could be of further interest. 

Ultimately, our research underlines the promising opportunities of 
sensor technology in post-consumer plastic recycling beyond today’s 
sorting applications. By fostering transparency, incentives for improved 
sorting could be established and realized through adaptive process 
control in sorting and processing plants, contributing to a boost in 
recyclate quality and yields and a sustainable circular economy. 

Funding 

This work was funded by the National Austrian Research Promotion 
Agency (FFG) within the program "Production of the Future" under the 
project EsKorte (grant no. 877341) and the German Federal Ministry of 
Education and Research (BMBF) within the program "Resource-efficient 
circular economy - plastic recycling technologies (KuRT)" under the 
project ReVise (grant no. 033R341). The responsibility for the content of 
this publication lies with the authors. 

CRediT authorship contribution statement 

Nils Kroell: Conceptualization, Methodology, Software, Validation, 
Formal analysis, Investigation, Data curation, Writing – original draft, 
Writing – review & editing, Visualization, Supervision, Project admin
istration, Funding acquisition. Xiaozheng Chen: Conceptualization, 
Methodology, Validation, Writing – review & editing, Funding acquisi
tion. Bastian Küppers: Conceptualization, Methodology, Validation, 
Investigation, Supervision, Writing – review & editing, Funding acqui
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Greiff, K. (2024). Towards digital twins of waste sorting plants: Developing data-driven
process models of industrial-scale sensor-based sorting units by combining machine learn-
ing with near-infrared-based process monitoring. Resources, Conservation and Recycling,
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The second SBMC application (Publication G) targets the process level, which has rarely been
addressed in previous SBMC research (cf. Publication A [Section 2.1]). Due to the high efforts of
manual material flow characterization, which is needed for process assessment, most processes
in recycling are difficult to be modeled and are often treated as black boxes. Based on the insight
from Chapter 3 that material flows can be especially satisfactorily sensor-based monitored at
singled or monolayer material flow presentations, Publication G addressed this gap by using
inline NIR-sensors to automatically assess the sorting behavior of an industrial-scale SBS unit
(Figure 4.2). Based on the obtained process monitoring data, ML models are trained to form
a data-driven process model, which is then used as a building block to simulate and optimize
an entire SBS cascade and to be utilized for the long-term development of digital sorting plant
twins.5
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Figure 4.2. Graphical abstract Publication G; SBPM: sensor-based process monitoring.

5Supplementary materials for Publication G are provided in Appendix C.
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A B S T R A C T   

Sorting plants are crucial for effective recycling, but their optimization can be challenging due to the hetero
geneity of waste streams. We introduce a novel approach to holistically optimize sorting plants using digital 
twins containing data-driven process models. To demonstrate their technical feasibility, we developed a data- 
driven process model for industrial-scale sensor-based sorting (SBS) units by combining near-infrared process 
monitoring with machine learning. Our results indicate a sorting performance change (F1-score) in the SBS unit 
by 0.22 a% for +1% occupation density and +0.19 a% for +1 wt% target material share. An artificial neural 
network predicted the SBS behavior with a 3.0% mean absolute error. Our case study demonstrates the potential 
of data-driven process models for digital twins by clarifying the influence of throughput fluctuations on SBS 
performance and simulating different SBS cascade designs, thus paving the way towards improved design and 
operation of sorting plants and a more circular future.   

1. Introduction 

Natural resource extraction and processing is responsible for about 
50% of global greenhouse gas emissions and more than 90% of water 
and biodiversity issues (IRP, 2019). Substituting primary raw materials 
with secondary raw materials from recycling processes can significantly 
reduce these environmental impacts (e.g., Schwarz et al., 2021; Schyns 
and Shaver, 2021; Zhang et al., 2023), but the amount of substituted 
primary raw materials is still very limited (IRP, 2019). For example, the 
European Union, considered to be one of the pioneers of circular econ
omy (European Commission, 2019, 2020), was able to obtain only about 
12.7 wt% of its raw material supply from secondary raw material 
sources in 2021 (Eurostat, 2023). 

Significant improvements in today’s recycling systems are thus 
necessary to increase the quantity and quality of recovered secondary 
raw materials (European Parliament and Council, 2018; Hahladakis and 

Iacovidou, 2018; Schwarz et al., 2021). Modern recycling systems of 
mixed waste streams often comprise three stages: (i) waste collection, 
(ii) sorting mixed waste into pre-concentrates in sorting plants, and (iii) 
processing pre-concentrates into secondary raw materials in processing 
plants (Pretz et al., 2020; Ragaert et al., 2017). The performance of 
sorting plants is crucial for the overall recycling performance as (a) ma
terial losses in sorting plants towards energy recovery cannot be 
recovered at later process stages and (b) the pre-concentrate qualities 
generated by sorting plants can limit the performance of subsequent 
processing stages (Dehoust and Christiani, 2012; Knappe et al., 2021; 
Ragaert et al., 2017). 

1.1. Optimization potentials in sorting plants 

The performance of a sorting plant is influenced by both its design 
and operation. In the design stage, engineers develop an initial process 
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design and then simulate the sorting plant to dimension individual 
process steps (e.g., conveyor belt widths or component sizes) based on 
the obtained mass balance. Due to missing information on the exact 
sorting behavior of individual process steps for different material flow 
characteristics, this process simulation is currently based on fixed, 
manually estimated transfer coefficients depending on expert knowl
edge and experience (Bárkányi et al., 2022; Kleinhans et al., 2021; 
Tanguay-Rioux et al., 2022). Inaccuracies in the process simulation 
resulting from these estimations can lead to a suboptimal process design 
and dimensioning, resulting in avoidable additional costs (over-
dimensioning) or a suboptimal sorting plant performance (under-
dimensioning), i.e., lower product qualities and yields with respective 
economic and ecological consequences (Kroell et al., 2023b). 

In the operational phase, fluctuations in the input material flows 
can make an effective plant operation challenging. For example, 
changing product designs (Eriksen et al., 2019; Kleinhans et al., 2021; 
Singh et al., 2014), consumer behavior (Denafas et al., 2014; Umwelt
bundesamt, 2012), seasonal influences (Denafas et al., 2014; Gómez 
et al., 2009; Kleinhans et al., 2021), or different waste collection areas 
(Denafas et al., 2014; Kleinhans et al., 2021; Umweltbundesamt, 2012; 
van Thoden Velzen et al., 2019) can significantly change the charac
teristics of the input material flows in terms of, e.g., material composi
tion, particle size distribution, or moisture content. Today, most sorting 
plants are operated with constant process parameters (e.g., screen cuts, 
wind sifter speeds, or settings of sensor-based sorting units), which are 
often optimized during plant commissioning but then rarely adjusted 

during plant operation. This combination of fluctuating input material 
flows and constant process parameters can lead to significant perfor
mance losses (Küppers et al., 2022). 

1.2. Digital twins of sorting plants 

Both design and operation of sorting plants could therefore be 
significantly enhanced by developing and utilizing a digital twin of the 
sorting plant (Fig. 1), which reflects a virtual representation of the 
sorting plant and could become a central platform for simulating, con
trolling, and optimizing the sorting in real-time among different stake
holders (cf. Tao et al., 2018). 

During the design phase, the digital twin could be used to simulate 
the material flow distribution dynamically and more accurately in the 
designed sorting plant, thus enhancing the dimensioning of individual 
processes. Further, an accurate process simulation enabled by the digital 
twin serves as a basis for iterative and potentially artificial-intelligence- 
assisted optimization of the process design to increase the overall sorting 
plant performance and/or maximize, e.g., economic or ecological goal 
functions. 

During the operational phase, real-time machine and material flow 
data (cf. Kroell et al., 2022a) from the physical sorting plant could be fed 
back into the digital twin. Based on the simulation results inside the 
digital twin, improved process parameters could be generated and sent 
to the process control of the sorting plant, thereby adapting the sorting 
plant to changing input material flows and enhancing the overall plant 

Fig. 1. Concept for a digital twin of a waste sorting plant with exemplary use cases and stakeholders (not exhaustive).  
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performance. 
A prerequisite for the development of such a digital twin is that the 

behavior of the sorting plant can be simulated within reasonable accu
racy. As sorting plants can be represented by an interlinked set of process 
steps, modeling the entire sorting plant can be achieved by individually 
replicating these steps and subsequently integrating them to create an 
entire virtual sorting plant. While process models are well established in, 
e.g., chemical process engineering (Arizmendi-Sánchez and Sharratt, 
2008; Jawad et al., 2021) or processing of bulk materials (Jovanović 
et al., 2015; McCoy and Auret, 2019), process models for sorting of 
anthropogenic waste streams are rather scarce. Sorting units of partic
ular importance in sorting plants are sensor-based sorting (SBS) units 
due to its widespread application and high number of installed units in 
modern sorting plants (Gundupalli et al., 2017; Kroell et al., 2022a; Sarc 
et al., 2019), on which we will therefore focus in the following case 
study. 

1.3. Related work: process models of sensor-based sorting units 

In the primary raw material sector, detailed process models of SBS 
units have already been developed, for instance, based on discrete 
element methods (DEM) (Pieper et al., 2016) or computational fluid 
dynamics coupled with DEM (Bauer et al., 2023; Fitzpatrick et al., 2015) 
for bulk materials like peppercorns, coffee beans, and minerals. 

However, these physics-based process models require detailed 
knowledge of material parameters such as particle masses, particle 
shapes, densities, and various friction coefficients, as well as experi
mental calibration of these parameters. For heterogeneous waste 
streams like post-consumer plastic packaging waste, such material pa
rameters vary significantly between each waste particle due to, e.g., 
individual product/packaging designs and their waste genesis (e.g., re
sidual contents, particle deformation during waste collection and sort
ing, post-consumer effects) (Kroell et al., 2021). In addition, the material 
flow behavior is influenced by moisture, surface contaminations, and 
adhering dust as well as missing bulk properties (Feil and Pretz, 2020). 
As it is currently infeasible to determine such detailed characteristics for 
thousands of waste particles, a direct transfer of existing SBS models 
from the primary raw material to the waste management sector seems 
infeasible. 

In the waste management sector, previous studies have investigated 
the influence of surface roughness and moisture (Küppers et al., 2019b), 
throughput and eject-share (Küppers et al., 2020b), machine malfunc
tions and impurities (Küppers et al., 2020a), as well as volume flow 
fluctuations (Curtis et al., 2021) on the SBS behavior. The process 
evaluation in these investigations was carried out in batch-wise sorting 
trials, with the mass and composition of product and residual fractions 
being determined after sorting. Because of this batch-wise process 
evaluation, there is only a limited number of data points available to 
describe the sorting behavior at different material and process param
eters, which leads to only statements with limited statistical 
significance. 

1.4. Research aim and approach 

With the present paper, we aim to enable the creation of digital 
sorting plant twins by developing a method for creating data-driven 
process models in waste sorting and processing. On the example of an 
industrial-scale SBS unit, we want to demonstrate how such data-driven 
models can be developed and what potentials they bring for dynamic 
sorting plant simulations. 

Our modeling approach is based on the combination of (i) sensor- 
based process monitoring (Kroell et al., 2022a) for creating the neces
sary empirical data basis in an automated manner and (ii) machine 
learning models trained on the process monitoring data to allow a pre
cise prediction of the sorting behavior across different material and 
machine parameters. 

Thus, our approach overcomes the limitations of previous ap
proaches in three ways: First, the model development is based on inline 
sensor-based process monitoring data, thus eliminating the need for a 
detailed input characterization at the individual particle level (cf. Sec
tion 1.3). Second, the creation of the necessary data basis is not done 
manually and batch-wise, but sensor-based and inline, which generates 
a wide data basis for training the models. Third, the investigations are 
carried out for an industrial-scale SBS unit using actual waste particles 
on a real scale, making them more applicable to SBS units in real-world 
applications. 

Based on the findings of previous research (Section 1.3), our model 
development focusses on three main factors influencing on the SBS 
behavior, which shall be investigated in detail with our novel sensor- 
based process assessment method and included in the data-driven pro
cess model: throughput, input composition, and throughput 
fluctuations. 

2. Material and methods 

To reach our research aim defined in Section 1.4, an experimental 
setup was created to automatically assess the sorting performance of an 
industrial-scale SBS unit using near-infrared (NIR)-based process 
monitoring. Based on the acquired process monitoring data, machine 
learning (ML) models were trained to develop a data-driven process 
model of the investigated SBS unit and showcase its benefits for devel
oping digital twins of waste sorting plants. The SBS unit investigated the 
example of sorting out polyethylene terephthalate (PET) bottles from a 
3D plastic fraction from lightweight packaging (LWP), which is one of 
the most common SBS applications (Kroell et al., 2022a). 

2.1. Experimental setup 

To enable continuous test operation and data acquisition, our 
experimental setup consisted of a closed material loop, as shown in 
Fig. 2a. First, the test material (Section 2.1.2) was presented on an ac
celeration belt to the industrial-scale SBS unit (Section 2.1.1), which 
sorts the material flow into an eject and drop fraction. Second, two 
external NIR sensors monitored the acceleration belt and sorting result 
(eject and drop conveyor belt) (Section 2.1.3) and thus created the 
necessary data for assessing the SBS unit and developing a data-driven 
process model. Third, the eject and drop material flows were mixed 
via a belt transfer and a modified ballistic separator and several addi
tional belt transfers, which completed the homogenization of the ma
terial flow before re-entering the SBS unit again. 

2.1.1. SBS unit 
The investigated SBS unit was an industrial-scale NIR-based SBS belt 

sorter with a total working width of 2,000 mm, an acceleration belt 
speed of v1 = 3 m/s, an air nozzle bar with 12.5 mm nozzle distance for 
material ejection operated at 5.5 bar air pressure. To investigate a high 
range of occupation densities despite the limited transport capacity of 
the sorting line, the effective belt width of the SBS unit was reduced to 
b1 = 1,000 mm (Fig. 2b). 

The SBS unit was programmed to actively sort out PET (bottles and 
trays) based on an industry-standard NIR sorting recipe for plastic 
sorting applications trained on LWP articles and was provided directly 
by the SBS manufacturer. The same LWP sorting recipe is operiatonially 
used in several LWP sorting plants, and no further modifications were 
made to the sorting recipe to keep the sorting results as close to the 
reality of LWP sorting plants as possible. After sorting, the ejected and 
non-ejected particles landed on an eject and drop conveyor belt, 
respectively, with the same belt width of b2 = 830 mm and the same belt 
speed of v2 = 1.2 m/s each (Fig. 2b). 

2.1.2. Sample material 
To create a 3D plastic fraction for the desired sorting application 
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(sorting out PET bottles from a 3D plastic LWP fraction), a PET fraction 
and a non-PET plastic fraction were created and subsequently mixed in 
defined mass ratios to create defined shares of the target (PET) material 
(“target share”) (see Fig. S1 in Supplementary Materials). 

For the PET fraction, post-consumer PET bottles from a LWP sorting 
plant (product fraction) from Slovenia were pre-treated with the STA
DLER label remover (Küppers et al., 2019a) to improve sortability for 
the SBS unit and classifiability for external NIR sensors by removing the 
influence of labels and sleeves (Chen et al., 2023a) and increasing the 
surface roughness (Küppers et al., 2019b). 

For the non-PET fraction, LWP waste from the city of Maribor 
(Slovenia) was pre-conditioned to create a 3D plastic fraction. The pre- 
conditioning simulated typical pre-conditioning processes in a state-of- 
the-art LWP sorting plant by subsequently removing 2D materials and 
fines (< 45 mm) using a ballistic separator, ferrous metals with a mag
netic separator, and non-ferrous metals with an eddy current separator. 
All PET contents from the pre-conditioned 3D plastic fraction were 
removed using the SBS unit (Section 2.1.1). To ensure complete removal 
of PET bottles by the SBS unit, the material flow was consecutively 
sorted five times by the SBS unit at low ODs and manually post-sorted 
afterwards. The sample material was then created by mixing defined 
masses of PET- and non-PET materials (Section 2.1.4). Table S1 sum
marizes the material flow composition of the non-PET fraction. 

2.1.3. NIR-based process monitoring 

2.1.3.1. NIR sensors. Due to the excellent classificability of LWP ma
terials in the NIR range (Kroell et al., 2022a; Neo et al., 2022), two 
external NIR sensors (Fig. 2b) were used to monitor the acceleration belt 
(“NIR 1”) and eject and drop belt (“NIR 2”). Both external NIR sensors 
were EVK HELIOS EQ32 hyperspectral imaging sensors from EVK Ker
schhaggl GmbH (Raaba, Austria) with a spectral resolution of 
3.1 nm/channel, a used wavelength range of 1,016 nm to 1,676 nm, 
operated at a frame rate of 450 Hz. 

2.1.3.2. NIR classification model. The recorded NIR data were then 
pixel-based classified using the on-chip CLASS32 classification algo
rithm from EVK Kerschhaggl GmbH (2023) based on a developed NIR 
classification model (cf. Friedrich et al., 2022), which was trained on six 
material classes (Fig. 2c): PET; polypropylene (PP); polyethylene (PE); 
polystyrene (PS); beverage carton (BC); and paper, paperboard, and 
cardboard (PPC). The reference spectra were recorded from various 
packaging articles from the sample material and selected from the center 
part of the packaging articles to avoid spectral anomalies such as edge 
effects (Chen and Feil, 2019; Küppers et al., 2019b). 

Furthermore, NIR spectra from labeled and sleeved plastic bottle 
parts, known to significantly affect NIR classification (Chen et al., 
2023a), were added as reference spectra. This addition helped training 
the model to identify bottle materials accurately, even when covered 

Fig. 2. Experimental setup. (a) simplified process layout of the material loop, (b) top-view on industrial-scale SBS unit with added external NIR sensors, (c) NIR 
classification recipe, (d) resulting false-color recordings of NIR 1 and NIR 2 [see (c) for color legend]. 
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with different sleeve or label materials. The same approach was used for 
wet articles and overlays of transparent material on others to mitigate 
NIR absorption influence and systematic misclassification (Kroell et al., 
2023a; Küppers et al., 2019b). 

Differentiation between background (BG) pixels (conveyor belt) and 
material pixels was achieved by setting a user-defined threshold based 
on the dynamic of the raw NIR spectra. Before the classification, the 
following pre-processing techniques are applied to the NIR spectra using 
the EVK SQALAR software: intensity calibration (white and black 
reference), first derivative, normalization, and smoothing (cf. Küppers 
et al., 2019b). The classification in CLASS32 was based on three spectral 
regions of interest shown in Fig. 2c (1120 nm – 1254 nm, 1348 nm – 
1448nm, 1624 nm – 1676 nm), where material spectra showed 
maximum differentiation. NIR spectra significantly differing from ref
erences are classified as “undefined” (UNDEF) by the CLASS32 algo
rithm, resulting in eight distinct NIR outputs (PET, PP, PE, PS, BC, PPC, 
UNDEF, and BG). 

2.1.3.3. Recording of NIR-false-color images. The developed NIR classi
fication model was then uploaded to the NIR sensor, thus enabling an 
NIR classification in real-time. The classification results (material class 
per pixel) were then continuously recorded using a self-developed 
recording software and stored as false-color images as shown in Fig. 2d. 

2.1.4. Experimental procedure 
To investigate the influence of different target shares, throughputs, 

and throughput fluctuations on the SBS performance and develop a 
process model for their prediction, all influence factor combinations 
were investigated as follows. 

First, the target share was set by mixing a pre-defined amount of 
PET and non-PET material (cf. Section 2.1.2). Five different input 
compositions were investigated: 5 wt% PET (simulation of a SBS scav
enger), 30 wt% PET (simulation of a SBS rougher), 50 wt% PET (dataset 
completion), 70 wt% PET (dataset completion), and 90 wt% PET 
(simulation of a SBS cleaner). The SBS unit was set to positive sorting 
(ejecting PET) for the trials with 5 wt%, 30 wt%, 50 wt% PET content 
and to negative sorting (ejecting all non-PET materials) for the trials with 
70 wt% and 90 wt% PET content. 

Second, the throughput, measured by the occupation density (OD; 
share of acceleration belt area that is covered by material), was varied 
by adding defined amounts of sample material to the material loop 
resulting in n = 16 investigated throughput steps. 

Third, the influence of throughput fluctuations was studied by 
operating the feeding conveyor belt at constant belt speed (v = 1.2 m/s) 
(“constant throughput”) and fluctuating belt speeds alternating between 
4 s at va = 1.2 m/s belt speed and 8 s at vb = 0.6 m/s belt speed 
(“fluctuating throughput”). These alternating belt speeds resulted in a 
throughput fluctuation ratio of V̇b/V̇a = 2:1. 

Each target share and throughput step was divided into a 5 min 
section for adding sample material to the material loop (cf. Fig. 2a) and 
equalizing the material flow, a 10 min section with constant throughput, 
and a 10 min section with fluctuating throughput. In total, 2000 min 
(33.3 h) of SBS sorting at different target shares, ODs, and fluctuations 
were investigated and recorded (excluding time for material and test 
setup preparation). 

2.2. Data preprocessing 

After conducting the experiments, the recorded false-color images 
were processed for subsequent ML model training. The following open- 
source packages were primarily used for data processing, visualization, 
and ML training: NumPy (Harris et al., 2020) [data storage and data 
processing], pandas (McKinney, 2010; The pandas development team, 
2020) [data storage and data processing], scikit-learn (Pedregosa et al., 
2011) [training and evaluation of ML models], SciPy (Virtanen et al., 

2020) [statistics], matplotlib (Hunter, 2007) [data visualization], and 
seaborn (Waskom, 2021) [data visualization]. 

2.2.1. Image calibration and splitting 
Firstly, each image was calibrated to ensure the same spatial reso

lution in x- (conveying direction) and y-direction (“square pixels”). 
Then, the images from NIR 2 were vertically split into images of the eject 
and drop conveyor belt (cf. Fig. 2d). 

2.2.2. Data aggregation 
As shown by Kroell et al. (2023a), it is necessary to aggregate 

NIR-based false-color data to draw insights from it at the material flow 
level and reduce the effect of particle artifacts. In addition, Kroell et al. 
(2023a) showed that aggregating over a certain material area (e.g., 
aggregating 1 m2 material) is advantageous compared to time-based 
data aggregation (e.g., aggregating 1 s). 

Since the assessment of sorting performance is based on the target 
material area (cf. Section 2.3.1), we aggregated the pixel-based false- 
color images from NIR 1 until the area of the target material (here: PET) 
reached a chunk size of 0.1 m2 (approx. 5–10 post-consumer PET bottles 
[cf. Kroell et al., 2023c]) by accumulating the pixel counts from each 
row in the NIR 1 false-color images. This aggregated NIR 1 area con
taining 0.1 m2 PET is referred to as a chunk in the following (cf. Kroell 
et al., 2023a). 

Based on the beginning time stamp (tstart, NIR1) and end timestamp 
(tstop, NIR1) of each chunk representing 0.1 m2 PET from NIR 1, the time 
stamps for the corresponding chunks at NIR 2 were calculated. There
fore, the transport time Δttransport = 3.5 s between NIR 1 and NIR 2 (cf. 
Fig. 2b) was added to the timestamps of NIR 1: 

ti, NIR2 = ti, NIR1 + Δttransport (1) 

As the traveling time of each particle between NIR 1 and NIR 2 can 
differ whether it is ejected (“eject”) or not (“drop”) and depending on 
where it lies on the acceleration belt (cf. Fig. 2b), the created chunks 
were thus further smoothed using a moving average with a window size 
of 100 chunks (10 m2). The combination of data aggregation over 0.1 
m2 combined with a moving average over 10 m2, thus combines the 
advantages of a sufficiently high number of chunks for ML model 
training and a sufficiently high data aggregation to reduce noise from 
different transport times and particle artifacts. 

2.2.3. Feature extraction 
To describe the input material flow on the acceleration belt inde

pendently from the belt width and belt speed, we then normalize the 
material-specific area flows per chunk (Ȧi) by area flow of the total 
conveyor belt (Ȧbelt) using the material-specific occupation density 
(MSOD) (Schlögl et al., 2023) as shown in Eq. (2). 

MSODi =
Ȧi

Ȧbelt
with Ȧbelt = v*b (2) 

Further, we describe the throughput of the SBS unit using the OD 
(Küppers et al., 2020a) as shown in Eq. (3). 

OD =
Ȧcovered

Ȧbelt
=

∑

i
MSODi (3) 

While we have shown in previous work (Kroell et al., 2022b) that 
more detailed indicators (singling ratio and particle distances) can be 
calculated from the NIR-based false-color images, evidence has shown 
that for the investigations conducted on SBS units so far, these indicators 
do not correlate better than OD with SBS performance (Kroell et al., 
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2022b). Since the OD is an established indicator and easier to calculate 
from the images compared to the singling ratio or particle distances,1 we 
will focus on the OD to describe the acceleration belt in the following. 

2.3. SBS assessment and modeling 

2.3.1. Assessment of SBS performance 
For evaluating the SBS performance based on the NIR 2 data, we will 

use the established indicators purity (Eq. (4)) and yield (Eq. (5)) (Feil 
et al., 2017). Purity describes the share of the target material (ȦPET, eject) 
in the eject fraction (Ȧeject), while yield describes how much target 
material was sorted in the eject fraction (ȦPET, eject) compared to the total 
target material (ȦPET, eject + ȦPET, drop). As proposed in (Küppers et al., 
2020b), we will use an area-based assessment of the SBS performance as 
SBS is based on the area-based detection and ejection of material flows.2 

Since there is always a trade-off between high purity and high yield, 
we will additionally express the SBS performance using the F1-score 
(Kroell et al., 2022b), shown in Eq. (6), which is the harmonic mean 
between purity and yield, and expresses the SBS performance in a single 
performance metric. 

Pa, PET =
ȦPET, eject

Ȧeject
=

ȦPET, eject∑

i
Ȧi, eject

(4)  

Ra, PET =
ȦPET, eject

ȦPET, eject + ȦPET, drop
(5)  

F1, a, PET = 2⋅
Pa, PET⋅ Ra, PET

Pa, PET + Ra, PET
(6)  

2.3.2. Transfer coefficients 
To fully simulate an entire sorting plant, it is not only necessary to 

describe the sorting behavior in terms of target and non-target material 
(Section 2.3.1) but to predict how the individual material classes are 
distributed among the individual output material flows (here: eject and 
drop). 

Hence, we use transfer coefficients (TCs) (Eq. (7)) to describe how an 
area flow of a material class is distributed between eject and drop 
fractions (cf. Brunner and Rechberger, 2016). By convention, we will 
define the TC based on the actively ejected fraction that is sorted out, i. 
e., a TC of 100% describes a case where 100% of the input area flow is 
transferred to the eject fraction, and a TC of 0% where 100% of the area 
flow is transferred to the drop fraction. 

TCi =
Ȧi, eject

Ȧi, eject + Ȧi, drop
(7) 

Since the input area flows approximately equals the sum of the 
output area flows (area constancy, Eq. (8)), a TC for each material class 
is sufficient to fully describe the sorting process. It is important to note 
that in contrast to mass flows, input and output area flows may not be 
exactly equal, e.g., due to particle deformations during ejection. How
ever, over the time periods considered here, our data shows that these 
random effects even out and are therefore neglected in the following. 

Ȧi, input ≈ Ȧi, eject + Ȧi, drop (8) 

Hence, the eject and drop fraction can be calculated from the TC and 

the material-specific input area flow, see Eq. (9) and Eq. (10). 

Ȧi, eject ≈ TCi * Ȧi, input (9)  

Ȧi, drop ≈ (1 − TCi) * Ȧi, input (10)  

2.3.3. Transfer coefficients prediction using machine learning 
To accurately and dynamically simulate a single SBS process, it is 

necessary to predict the material-specific TCs depending on the influ
ence factors on the SBS process, such that the assumed TC in the digital 
twin reflects the TC in the actual sorting plant. This task can be solved 
using ML models, which predict the TC (=sorting behavior of the SBS 
unit) from the input material flow and SBS settings. More specifically, 
we will use the MSOD values determined by NIR 1 to predict the TCs 
determined by NIR 2 to simulate the SBS process with ML. 

2.3.3.1. Train-validation-test split. To find the optimal set of hyper
parameters for the ML model and to accurately assess the prediction 
performance of the ML model, it is necessary to split the model into a 
training, validation, and test dataset. The training set is used to train the 
ML model, enabling it to learn and extract patterns from the MSOD 
values determined by NIR 1. The validation set provides an unbiased 
evaluation of the model’s performance during the tuning of hyper
parameters, helping to prevent overfitting. Finally, the test set is used to 
assess the final performance of the model, providing an objective mea
sure of how well the model generalizes to unseen data, thus ensuring the 
validity of the simulation of the SBS process. 

To avoid data leakage from the validation and test data into the 
training data, we randomly split the n = 16 investigated throughput 
steps per target share (cf. Section 2.1.4) into n = 13 training and vali
dation steps for ML model training and hyperparameter optimization 
(Section 2.3.3.3), and n = 3 test throughput steps for determining the 
final ML model performance. As each throughput step was investigated 
independently of each other in time, this approach ensures that the 
allocation of data to the training, validation, and test datasets is unbi
ased, and representative and avoids over-optimistic or -pessimistic 
model performance estimation. 

2.3.3.2. Model selection and feature engineering. We will compare three 
types of ML regression models with increasing model complexity on the 
task of predicting the TCs from the MSOD values: polynomial regression 
(PR) models (cf. Fahrmeir et al., 2013), random forest (RF) regressors 
(Breiman, 2001), and artificial neural networks (ANN) (cf. Wang, 2003) 
(see Table S2 for the used ML model implementations). As most ML 
regression models are single-output models, we will use an ensemble of 
n = 7 individual regression models to predict the TC of all n = 7 material 
classes (PET, PP, HDPE, PS, BC, PPC, UNDEF). Furthermore, two 
different sets of models were trained for positive sorting and negative 
sorting of the SBS unit (“SBS mode”), as preliminary tests showed that 
the ML performance was better when training two separated ML models 
for positive and negative sorting compared to a joint ML model. 

Each ML model is trained on two different types of input features: (i) 
the full set of MSOD values for each seven material classes (“full input 
feature set”) and (ii) a reduced set of input features containing the OD, 
area-share of the target material (αtarget), and the area-based share of the 
corresponding material fraction (αj) (“reduced input feature set”). The 
features of the reduced input feature set can be directly calculated from 
the full input feature set using Eq. (11) to (13). The motivation behind 
comparing a reduced input feature set with the full input feature set is 
that input features like OD and target material share, which are of 
particular importance for the SBS result (cf. Section 3.1), are presented 
in a more direct form to the models and could therefore simplify the 
prediction for simpler ML models (cf. Liu and Dong, 2018). 

OD =
∑

i
MSODi (11) 

1 The occupation density can be directly calculated from the pixel counts or 
material area, while the singling ratio and particle distances require a detection 
of individual particles or clusters.  

2 Readers interested in the conversion between area- to mass-based indicators 
may be, among others, interested into the following publications: Kroell et al. 
(2021); Kroell et al. (2023a); Kroell et al. (2023c). 
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αtarget =
MSODPET

OD
=

MSODPET∑

i
MSODi (12)  

αj =
MSODj

OD
=

MSODj
∑

iMSODi
(13)  

2.3.3.3. Hyperparameter optimization. For each ML model type (PR, RF, 
ANN), material class, and SBS mode (positive or negative sorting), a 
systematic hyperparameter optimization was performed using a custom 
grid search. Therefore, each of the n = 42 ML models (n = 3 model types, 
n = 7 material class, n = 2 SBS modes) was trained on the training set 
and evaluated on the validation set for each hyperparameter combina
tion. Table S3 summarizes the investigated hyperparameter settings for 
each ML model type. For each of the n = 42 ML models, the ML models 
with the lowest mean absolute error (MAE) value (cf. Section 2.3.3.4), i. 
e., the most precise TC prediction, were selected for evaluation on the 
test set and further investigations. 

2.3.3.4. Machine learning model evaluation. The ML model performance 
was evaluated by comparing the TCs predicted by the ML models with 
the true TC determined through NIR 2 using the R2-score and MAE 
(Devore, 2012; Willmott and Matsuura, 2005). Accurate TC predictions 
are indicated by low MAE values and R2-scores close to 1. 

2.4. Simulation of an SBS cascade 

2.4.1. SBS process models 
Based on the trained and best-performing ML models, a process 

model for a SBS unit was created to demonstrate the technical feasibility 
of simulating a SBS cascade containing multiple SBS units connected by 
conveyor belts. We simulated three types of SBS units: rougher, cleaner, 
and scavenger. Rougher units aim at positively sorting out target ma
terial, while cleaner units negatively sort out non-target materials from 
rougher ejects and scavengers recover target materials from rougher 
drops and cleaner ejects and sort them back into the input material flow 
for a second chance (Chen et al., 2023b). 

For rougher and scavenger units, we used the ML models trained on 
positive sorting data; for cleaner units, we used the ML models trained 
on negative sorting data (cf. Section 2.3.3.2). Since our ML models were 
only trained on process monitoring data with PET as the target material, 
we used the “PET-as-target-material” ML model for all target material 
classes and the “PP-as-non-target-material” model cases where PET was 
the non-target material.3 Table S4 gives an overview of the ML model 
configuration for the simulated SBS units. 

2.4.2. Input material 
To demonstrate the practical suitability of our process models, we 

simulate a NIR-based plastic-type separation in an LWP sorting plant, 
which is one of the most common SBS applications. In both input sce
narios, the input area flow was consistent at 2.1 m2 (equivalent to 25 a% 
OD in the initial rougher stage) across all investigated SBS cascades. 

The assumed input composition (“input 1″) into the SBS cascade 
(αPET = 21.5 a%, αPP = 35.1 a%, αHDPE = 31.0 a%, αPS = 2.3 a%, αBC =

1.5 a%, αPPC = 0.5 a%, αUNDEF = 8.1 a%) was calculated based on an 
average LWP input composition in Germany published by Christiani 
(2017). For this purpose, the enrichment of plastics from an upstream 
plastic rougher into the SBS cascade was simulated with a TC of 0.9, and 

the removal of foreign materials such as films, metals, and beverage 
cartons was simulated with a TC of 0.1 (cf. Feil et al., 2021). In addition, 
the mass-based material flow composition was converted to an 
area-based material flow composition using the material-specific 
grammages from Kroell et al. (2023b). 

As an alternative input scenario (“input 2”), an anticipated reduction 
of 50% in the PET content in LWP due to the expansion of Germany’s 
deposit return system for PET bottles (Gesetz über das Inverkehr
bringen, die Rücknahme und die hochwertige Verwertung von Ver
packungen, 2023) was simulated. This resulted in a lower PET share and 
a higher share of other materials (αPET = 12.5 a%, αPP = 39.1 a%, αHDPE 
= 34.5 a%, αPS = 2.5 a%, αBC = 1.7 a%, αPPC = 0.6 a%, αUNDEF = 9.1 a%) 
to be sorted by the simulated SBS cascade. 

2.4.3. SBS settings and modeling of scavenger loops 
Each SBS unit is modeled with a belt speed of v = 3 m/s and a specific 

belt width bi (cf. Section 3.4). Based on the belt speed and belt width, the 
MSOD value of each material class is then calculated according to Eq. (2) 
as an input into the ML models from Section 2.3.3. For the simulation of 
material loops (e.g., due to scavengers) inside the SBS cascade, the 
simulation is run n = 20 times (=until area flows of the material loops 
converge at a stable value). 

3. Results and discussion 

3.1. Influence of occupation density and target share on SBS performance 

Before developing an ML model for predicting the SBS sorting per
formance, we seek to understand the influence of OD and target share on 
the SBS performance to validate our automated process assessment 
using NIR-based process monitoring and compare our findings with 
previous studies. Fig. 3 shows the influence of OD (x-axis) and target 
share (color) on the SBS performance measured by (a) purity, (b) yield, 
and (c) F1-score. 

3.1.1. Influence on purity 
As shown in Fig. 3a, the area-based product purity decreases linearly 

with increasing OD. The slope of this decrease depends on the target 
share and the negative slope increases with decreasing target share. 
Consequently, higher purities are produced at higher target shares 
ranging from 76.3 a% purity at 5 wt% target share to 98.1 a% purity at 
90 wt% target share when comparing the produced purities at an 
exemplary OD of 25 a%. 

In contrast to positive sorting, the produced purities with negative 
sorting are generally higher and less affected by higher ODs: In positive 
sorting, the average purity decreases with each additional 1 a% OD by 
− 0.62 a%, − 0.47 a%, and − 0.35 a% for target shares of 5 wt%, 30 wt%, 
and 50wt%, respectively. In negative sorting, however, purity remains 
more or less constant over the investigated OD range (− 0.01 a% and 
+0.02 a% slope at 70 wt% and 90 wt% target share, respectively). 

3.1.2. Influence on yield 
Similar to purities, the observed yields decrease with increasing OD 

(Fig. 3b). However, for the investigated SBS unit, the observed yields 
(82.6 a% - 99.7 a%) are generally higher than observed purities (56.1 a 
% - 99.0 a%), since the slopes are smaller. Compared to purities, the 
effects of positive and negative sorting reverse: Lower yields and steeper 
slopes are observed for negative sorting (70 wt% target share: − 0.31 a% 
yield per additional 1 a% OD, 90wt%: − 0.13 a%) compared to positive 
sorting (5 wt%: +0.06 a%, 30 wt%: − 0.04 a%, 50 wt%: − 0.03 a%). 

3.1.3. Influence on F1-score 
As shown in Fig. 3c, the F1-score demonstrates to be a good combi

nation of purity and yield, compensates for the effects of positive and 
negative sorting, and thus reflects the general SBS performance well. It 
can be seen that the SBS performance (F1-score) decreases with 

3 The “PP-as-non-target-material” model was chosen for cases where PET was 
the non-target material, because (i) the TC of PE is influenced by HDPE caps on 
top of PET bottles (difference between pixel- and article-based assessment, cf. 
Section 3.2) and (ii) we assumed that the SBS ejection behavior of PET bottles is 
more similar to PP packaging instead of PS (often present as smaller cups), PPC, 
and BC. 
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increasing OD and decreasing target share: Per additional +1 a% OD, 
the SBS performance decreases by − 0.22 a% F1-score and by additional 
+1 wt% target share, the SBS performance increases by +0.19 a% F1- 
score. 

3.1.4. Discussion 
Our findings align with previous research, notably Küppers et al. 

(2020a, 2020b), Pascoe et al. (2010), and Pieper et al. (2016). The joint 
results indicate that SBS performance decreases with increasing OD and 
rises with higher target share, consistent across different material flows 
and SBS designs. 

Regarding purity, both our study and Küppers et al. (2020a, 2020b) 
show that product purity decreases linearly with increasing OD. The 
slope of this decrease depends on the target share, meaning a higher 
target share leads to a higher purity. 

However, our findings diverge from Küppers et al. (2020a, 2020b) 
when it comes to yield. In contrast to their assertion that yield is inde
pendent of input composition, our results show that the target share 
impacts the slope of the yield-OD curve (Fig. 3b), albeit to a lesser degree 
than purity. Moreover, Küppers et al. (2020a, 2020b) presented yield as 
a fourth-degree polynomial function, whereas we observe a more linear 
relationship with OD (cf. Fig. 3b). 

These differences might arise from variations in the machine design 
of the investigated SBS units (e.g., chute sorter in Küppers et al. (2020a, 
2020b) vs. belt sorter in our work, different air nozzle distances, trans
port speeds), SBS settings (e.g., applied air pressure), used SBS algorithm 
and sensors, material characteristics (e.g., particle size and shape, par
ticle density/grammage, and material characteristics), and investigation 
scale (laboratory vs. industrial scale). As such, results should be inter
preted within the specific context of each experimental setup and the 
materials processed. 

3.2. Data-driven process model: TC prediction 

To develop a data-driven process model for a digital twin of a multi- 
stage SBS sorting plant, it is not enough to characterize the SBS sorting 
behavior solely based on purity and yield (i.e., target and non-target 
material). Instead, it is crucial to predict how each material class is 
transferred into the eject and drop material flows since the ejection 
behavior of one sorting unit directly impacts the input material 
composition of the subsequent unit. 

3.2.1. Material-specific TC distribution 
Fig. 4 shows the transfer coefficients of each material class. For the 

target material PET (Fig. 4a), the TC is equivalent to the yield for pos
itive sorting and (1 - yield) for negative sorting (cf. Eq. (5) and Eq. (7)). 
Therefore, the conclusions from Section 3.1.2 apply to the TCs of PET: 
For positive sorting, high TCs (= high yield) for PET are observed, which 
slightly decrease with increasing OD and increasing target share. For 
negative sorting, low TCs (=high yields) are observed, which slightly 
increase with increasing OD and decreasing target share. 

For non-target materials, we observe systematic differences in the 
ejection behavior of different material classes (Fig. 4b-g). First, all TCs 
increase with increasing OD, which explains the decreasing purity with 
increasing OD identified in Section 3.1.1. A likely mechanism for this 
effect is the higher particle entrainment with increasing OD: With 
increasing OD, both the particle proximity (Kroell et al., 2022b) as well 
as the number of air valve activations increases, resulting in a higher 
probability of particle entrainment due to air valve turbulences (Fitz
patrick et al., 2015) and thus higher TCs with increasing ODs. It is 
surprising that the TCs of non-target materials also increase with 
increasing OD at negative sorting, which explains the higher and more 
constant purity at negative compared to positive sorting (cf. Section 
3.1). A possible reason for this observation could be the accidental 
particle entrainment of additional non-target particles at higher ODs due 
to higher particle proximities and air valve activations. 

Second, we observe that most non-target TCs increase with 
increasing target share for positive sorting but decrease with increasing 
target share for negative sorting. It can thus be beneficial to interpret the 
input material flow in terms of eject area (αeject) instead of target share 
(αtarget). As shown in Eq. (11), the eject share describes the area share of 
input material to be actively ejected and thus incorporates the effects of 
positive and negative sorting. 

αeject =

{
αtarget for positive sorting(

1 − αtarget
)

for negative sorting (14) 

Fig. 3. Influence of occupation density (OD) and target share on SBS perfor
mance measured by area-based (a) purity, (b) yield, and (c) F1-score. (Scat
terplots limited to n = 150 randomly selected chunks per target share for better 
visualization.). 
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Fig. 4. Transfer coefficients (TCs) of the investigated SBS unit. (a-g) true transfer coefficients (circles) determined through NIR-based process monitoring and 
predicted TCs using ML (lines) per material class for different target shares and occupation densities (ODs). (h) average transfer coefficient at 25 a% occupation 
density for different target shares and material classes predicted using the ANN model; solid line: positive sorting, dashed line: negative sorting. (Scatterplots in [a-g] 
limited to n = 500 randomly selected chunks per target share for better visualization.). 
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When taking the eject area into account, it can be seen that all non-target 
TCs generally increase with increasing eject area. A likely mechanism 
for this observation is the higher air valve activations at higher eject 
shares resulting in higher particle entrainment at higher eject shares and 
thus higher TCs. 

Third, systematic differences in the TCs between different material 
classes can be observed as shown by the mean TC at 25 a% OD in Fig. 4h. 
For example, the mean TCs differ by more than a factor of 2.4 across all 
eject shares and some material classes such as PP can be better sorted 
(=low TC at positive sorting and high TC at negative sorting) than other 
material classes such as PPC and HDPE. 

3.2.2. Discussion on material-specific TC distribution 
Several reasons and mechanisms could explain the systematic dif

ferences: First, it is important to note that our TC calculation is based on 
a pixel-based process monitoring, while the SBS ejection is article- 
based.4 Therefore, material composites can have a direct influence on 
the TCs. For example, PET bottles often contain HDPE bottle caps 
(Kroell et al., 2023a; Roosen et al., 2020), thus positively sorting out a 
PET bottle increases the TC both of PET and HDPE. For instance, we 
observe that the TC of HDPE compared to PP is higher at positive sorting 
and lower at negative sorting, which could be caused by composite 
effects. 

Second, the eject behavior of different material classes might 
affected by different particle and material flow characteristics. For 
example, more constant TCs are observed for PPC and BC (especially for 
negative sorting) compared to other material classes, which could be 
caused, e.g., by the higher flexibility and different geometry of PPC and 
BC compared to 3D plastics fractions. In addition, e.g., material-specific 
particle size and particle shape distributions, grammages, and me
chanical properties as well as influences of the settings (sorting recipe) 
and classification of the SBS unit could explain the material-specific TC 
distributions. However, the scope of our study did not encompass the 
investigation of different non-target material shares and different par
ticle characteristics (e.g., particle sizes) that could affect our hypotheses. 
Therefore, future research should further explore and test these hy
potheses, for example, by systematically altering particle characteristics 
and non-target material shares to examine the effects on the SBS 
behavior. 

3.2.3. TC prediction with ML 
As shown qualitatively by the prediction lines in Fig. 4a-g, these 

systematic effects can be accurately predicted by all three investigated 
ML models (PR, RF, ANN). The models react robustly to outliers and 
reasonably predict the TCs across different material classes, ODs, and 
target shares. However, the RF predictions appear to be more fidgety, 
whereas PR and ANN predictions are significantly smoother. 

Quantitatively, Table 1 shows that all investigated ML models can 
reasonably predict the TCs of all material classes with MAEs below 6.3%. 
The reduced input feature set (cf. Section 2.3.3.2) lowers the MAEs 
across all three models on average by − 0.2% MAE (macro-average); 
however, the observed effect is not strong enough to be statistically 
significant (p = 0.1555). 

3.2.4. Discussion on TC prediction with ML 
TCs of the target material (PET; average MAE: 1.0%) are significantly 

(p < 0.0016) better predicted compared to the TCs of non-target mate
rials target (average MAE: 3.8%) across all models and input feature 
sets. A likely reason for the lower MAEs of the PET TCs could be the 
lower fluctuations of the TCs of PET compared to other material classes 
(Fig. 4). Among the non-target material classes, MAEs are roughly 
similar except for HDPE, which is significantly (p = 0.0277) higher than 
all other material classes. A likely reason for this effect could be the 
composite effect of PET bottles and HDPE caps (cf. Section 3.2.1). 

ANNs in combination with a reduced input feature set achieved the 
best model performance with an average MAE of 3.0% and are thus 
further applied to understand the influence of throughput fluctuations 
on the SBS performance (Section 3.3) and to simulate an SBS cascade 
(Section 3.4). 

3.3. Process model application I: understanding the influence of 
throughput fluctuations 

3.3.1. SBS performance prediction on constant and fluctuating throughput 
data 

Fig. 5a-c compares the SBS performance in terms of purity, yield, and 
F1-score between the sorting trials with constant and fluctuating 
throughputs. The simulated throughput fluctuations show no significant 
influence on SBS performance (p = 0.768) and a good correspondence 
between predicted and ground truth SBS performance can be observed. 

The missing influence of throughput fluctuations on the SBS per
formance seems surprising at first glance since several previous studies 
(e.g., Curtis et al., 2021; Feil et al., 2019; Feil and Pretz, 2018; Küppers 
et al., 2020b) have emphasized the influence of throughput fluctuations 
on (sensor-based) sorting performance and a reduced SBS performance 
caused by throughput fluctuations was shown by Curtis et al. (2021). To 
understand and explain this discrepancy, we will utilize the SBS pre
diction model developed in Section 3.2.3. 

First, Fig. 5d-f compare the predicted SBS performance using the 
ANN process model with the true SBS performance measured by NIR 2. 
As one would expect from Section 3.2.3, the ANN process model ach
ieves very reasonable predictions. The purity, yield, and F1-score pre
dictions (MAEpurity, const. = 0.50%, MAEyield, const. = 0.32%, 
MAEF1− score, const. = 0.34%) are even lower compared to individual TCs 
(cf. Table 1), most likely due to the mutual compensation of individual 
prediction errors when aggregating multiple material classes into a 
single performance score. 

Second, Fig. 5g-i show the predictions of the ANN process model on 

Table 1 
MAEs on test dataset (constant throughput) of different ML models and input 
feature sets on predicting the TCs for each material class based on the input 
material flow (MSODs); PR: polynomial regression, RF: random forest, ANN: 
artificial neural network.  

Input Full input feature set 
(MSODs) 

Reduced input feature set (OD, 
αtarget, αi) 

ML model PR RF ANN PR RF ANN 
PET 0.9% 1.1% 0.9% 1.2% 0.9% 0.8% 
PP 3.6% 4.8% 3.4% 3.1% 3.8% 3.2% 
HDPE 4.2% 6.3% 5.0% 4.9% 4.2% 3.8% 
PS 3.2% 3.4% 3.2% 3.8% 3.7% 3.1% 
BC 3.3% 3.4% 3.2% 3.0% 3.2% 3.1% 
PPC 3.5% 3.7% 3.6% 3.8% 3.9% 3.5% 
UNDEF 4.0% 5.3% 3.6% 4.1% 4.4% 3.7% 
macro-average 3.2% 4.0% 3.3% 3.4% 3.5% 3.0%  

4 Within this paper, we use the term particle to describe any physical objects 
contained in a material flow. We differ between between the two major particle 
types, as described by Kroell et al. (2023a). First, articles are larger and more 
complex particles that are often comprised of different materials (e.g., LWP 
packaging after collection). Second, flakes are smaller particles (often < 20 mm) 
that are often comprised of a single material and have a more regular shape (e. 
g., plastic flakes after shredding in processing plants).  

5 p-values express the level of significance. Here, we calculated the p-value 
based on a paired t-test. 

6 Average p-value of paired t-test between PET and all other material classes.  
7 Average p-value of paired t-test between HDPE and all other non-target 

material classes. 
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the fluctuating throughput data. Here, we observe that even though the 
model was trained only on constant throughput data, it is capable of 
very accurate predictions (MAEpurity, fluct. = 0.80%, MAEyield, const. =

0.64%, MAEF1− score, const. = 0.43%). 

3.3.2. Discussion on the influence of throughput fluctuations 
Two main implications can be derived from these findings. First, it 

becomes evident that SBS performance over longer periods can be 
accurately predicted when dividing material flows into individual 
chunks (here: 10 m2 of target material). The total SBS performance is 

Fig. 5. Influence and prediction of fluctuations. (a-c) comparison of average SBS performance per sorting trial at constant vs. fluctuating throughput. True vs. 
predicted SBS performance at (d-f) constant and (g-i) fluctuating throughput with ANN model trained on constant throughput data; (Scatterplots in [a-f] limited to n 
= 10 randomly selected chunks per target share and throughput step [equal to n = 160 chunks per target share] for better visualization; boxplot in [a-c]: 25%, 50% 
and 75% percentiles.). 
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then the cumulative SBS performance of all chunks. 
Second, the developed process model can be used to understand the 

lacking influence of the investigated throughput fluctuations: Since the 
SBS performance decreases linearly with increasing OD in the investi
gated OD range (≤ 50 a%) (Fig. 4), temporarily higher ODs at fluctu
ating throughput result in a lower SBS performance during these high 
OD periods, however, the lower SBS performance is then compensated 
by the higher SBS performance during lower OD periods. Since the SBS 
performance decrease is linear, lower and higher SBS performance at 
higher and lower OD even out and the SBS performance is similar to a 
constant throughput scenario with the same mean OD. 

At first glance, our results thus contradict those of Curtis et al. (2021) 
in which a lower SBS performance was found between constant and 
fluctuating throughput with the same average OD. At second glance, 
combining both findings result in a promising explanation mechanism: 
Our investigated throughput fluctuations had a fluctuation ratio of V̇b /

V̇a = 2:1 (cf. Section 2.1.4), hence even at high ODs and fluctuations, the 
material flows were always presented as a monolayer (i.e., no significant 
particle overlap) to the SBS unit, i.e., individual particles touched but 
did not overlap each other. The investigated throughput fluctuations of 
Curtis et al. (2021), however, were much larger (V̇b/V̇a = 5:1), and thus 
resulted in particle overlaps during high ODs (cf. Fig. 2 in [Curtis et al., 
2021]). 

At particle overlap, (i) only particles on the material flow surface can 
be detected by the sensor and (ii) the particle discharge could be me
chanically hampered. It is thus likely that the SBS performance de
creases disproportionately, i.e., super-linear, once a critical OD (e.g., >>

50 a%) is exceeded and particle stats overlap significantly. This super- 
linear performance decrease due to particle overlap is then no longer 
compensated by the relatively smaller increase in SBS performance at 
lower OD ranges, and the SBS performance would be lower compared to 
a constant throughput scenario. In further research, the SBS perfor
mance in the OD range > 50 a% should be investigated in more detail to 
determine whether the derived effect of the super-linear decrease of the 
SBS performance at higher ODs actually occurs. 

3.4. Process model application II: simulation of SBS cascade 

Lastly, we aim at demonstrating how the developed process model 
can be used to simulate an SBS cascade as part of a LWP sorting plant and 
determine what kind of insights can be derived from such a process 
simulation. Therefore, we will compare three different SBS stages 
(Fig. 6a) consisting of rougher, cleaner, and scavenger SBS units. 

3.4.1. Simulated SBS cascades 
The three SBS cascades are designed with industry-based in

terconnections varying in complexity and process design philosophies 
(Fig. 6a). Each SBS cascade is composed of seven units with a total belt 
width of 11.0 m. For this purpose, industry-standard working widths 
(1.0 m, 1.4 m, 2.0 m, 2.8 m) were allocated realistically across the 
different sensor positions (proportional to the expected area flow dis
tribution based on the input composition) as shown in Fig. 6a. 

In SBS cascade A, two parallel rougher lines (R1-R6 in Fig. 6a), each 
handling 50% of the total throughput, sort the target materials (PP, 
HDPE, and PET) in the order of their input share. A scavenger (S7) at the 
end of the SBS cascade is used to recover target material and send them 
back to the cascade input. 

For SBS cascades B and C, the entire throughput is initially sorted by 
a single rougher line (R1, R3, R5), resulting in a higher OD and lower 
SBS performance (cf. Section 3.1). A cleaner line (C2, C4, C6) is then 
employed to remove non-target materials from the rougher ejects. 
Similar to SBS cascade A, a scavenger (S7) is positioned at the end of the 
SBS cascade for recovery of the lost target material. 

While in SBS cascade B, the cleaner ejects are directly transported to 
the scavenger unit at the cascade’s end, cleaner ejects in SBS cascade C 

are directly transported to the next rougher unit. This gives SBS cascade 
C an advantage as it can correct false rejects from the first rougher (e.g., 
R1) with the first cleaner (e.g., C2), then immediately re-sort them in the 
second rougher (e.g., R3). In contrast, SBS cascade B requires the false 
rejects to be returned to the circuit via the scavenger (S7). 

3.4.2. Influence of process design on sorting performance 
When assessing the produced output streams in Fig. 6b, we observe a 

better performance of SBS cascade B (F1-score: 96.5 a% [macro- 
average]) and C (F1-score: 96.2 a%) compared to SBS cascade A (F1- 
score: 93.0 a%). The higher SBS performance is caused both by higher 
yields (A: 94.0 a%, B: 97.0 a%, C: 97.1 a%) and product purities (A: 
92.1 a%, B: 96.0 a%, C: 95.4 a%). As shown by Fig. 6c, the higher SBS 
performance results from the cleaner stages, which sort out impurities 
(cf. cleaner ejects in Fig. 6c) leading to higher purities that can then be 
additionally sorted into correct pre-concentrate fractions leading to 
higher yields (cf. scavenger ejects in Fig. 6c). 

In addition, Fig. 6c shows the effects of different SBS connections 
between SBS cascade B and C: Since all scavenger ejects in SBS cascade B 
are directly transported to the scavenger unit, the scavenger eject area 
flow is larger in SBS cascade B, as in SBS cascade C parts of the cleaner 
ejects have already been recovered by previous rougher stages (R3 and 
R5 in Fig. 6a). 

3.4.3. Estimated energy consumption 
To compare the energy consumption of the three SBS cascades, we 

estimate the relative energy demand of each SBS cascade by the total 
ejected area divided by the input area flow, which correlates with the 
energy needed for pressurized air supply. As shown in Fig. 6d, the 
estimated relative energy consumption of SBS cascade A is lower 
compared to SBS cascade B and C, since additional cleaner stages are 
avoided and increase less with increasing throughput. Combined with 
the results from Section 3.4.2, a trade-off between high SBS performance 
(SBS cascades B and C) and low energy demand (SBS cascade A) can be 
observed. When comparing SBS cascades B and C, we observe that the 
estimated energy demand of SBS cascade C is about 5.7% lower 
compared to SBS cascade B. A likely explanation for this effect is that 
HDPE and PET particles ejected by the cleaner units C2 and C4 require 
an additional loop through the scavenger S7 in SBS cascade B, while they 
are directly fed to the HDPE (R3) and PET (R5) rougher in SBS cascade C. 

3.4.4. Influence of changing input composition (extension of PET deposit 
return system) 

Fig. 6e shows that the developed SBS cascade models can be utilized 
to estimate the influence of changes in the input composition on the SBS 
performance. When a reduced PET share in the input composition, for 
example, caused by an extension of the PET deposit return system in 
Germany, is simulated, it can be seen that different output fractions are 
affected to disparate extents. Across all SBS cascades, the sorting per
formance (F1-score) of PET decreases by − 1.0 a% to − 1.2 a%, while the 
sorting performance of HDPE and PP increase by +1.2 a% to +2.9 a% 
and +0.7 a% to +2.1 a%, respectively. An explanation for this effect is 
the reduced input share of PET and increased input share of PP and 
HDPE, which increase and decreases the SBS performance, respectively, 
as demonstrated in Section 3.4.4. 

3.4.5. Discussion on SBS cascade simulation 
Our process model proves to be effective in simulating SBS cascades 

within an LWP sorting plant, enabling precise performance analysis of 
differing process design philosophies. Through comparative evaluation 
of SBS cascades A, B, and C, we identified that the combination of a 
rougher and cleaner line increases the overall sorting performance 
compared to two parallel rougher lines with lower ODs, but also leads to 
increased energy consumption. 

The developed process model further excels in quantifying the 
impact of changing input compositions on SBS performance, which is 
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Fig. 6. Simulation of SBS cascades using the developed ANN process model. (a) simulated SBS cascades, (b) product material flows, (c) cleaner and scavenger ejects, 
(d) estimated energy consumption based on relative total ejection area, (e) effect of changing input material flow composition on SBS performance. R: rougher, C: 
cleaner, S: scavenger. 

N. Kroell et al.                                                                                                                                                                                                                                   



Resources, Conservation & Recycling 200 (2024) 107257

14

instrumental for proactive process adjustments. For instance, it helped 
anticipate the effect of an extended PET deposit return system in Ger
many on sorting performance. The developed cascade model presents an 
initial proof-of-concept for plant-scale process simulation. In future 
work, the developed model could be extended with process models of 
additional sorting and processing equipment and real-time data from a 
physical sorting plant to take additional steps towards a fully digital 
twin. Further, the digital process model could be extended with more 
detailed material flow and particle characteristics (e.g., moisture, 
packaging design, particle size distribution, packaging design) in future 
work. 

4. Conclusions 

Digital twins of sorting plants could significantly contribute to 
improve material recycling through enhanced plant performance. In the 
design phase, simulations inside the digital twin could help planning 
engineers develop an optimal process design for a given sorting task and 
optimize the dimensioning of individual process steps. In the operational 
phase, the digital twin could optimize the sorting plant parameterization 
based on data-driven process simulations and real-time data received 
from the physical sorting plant. A prerequisite for developing digital 
twins of sorting plants is the simulation of the sorting plants, which 
requires process models for each process. 

With the present paper, we demonstrated that SBS units can be 
automatically evaluated at an industrial scale using NIR-based process 
monitoring. Based on the obtained process data, we showed that the 
sorting performance of SBS units is significantly influenced by both 
throughput (measured as OD) and input composition (measured as 
target share): For each additional 1% OD, the sorting performance of the 
investigated SBS unit decreased linearly by a − 0.22 a% lower F1-score. 
For each additional 1 wt% target share, the sorting performance of the 
investigated SBS unit increased linearly by +0.19 a% higher F1-score. 
The observed sorting behavior can be explained by incorrect material 
discharges caused by particle entrainment due to (a) higher particle 
proximity at higher ODs and (b) increasing air nozzle activations ejected 
area share (= dependence on positive/negative sorting and input 
composition). The likelihood of incorrect discharges differs significantly 
between different material classes. 

Further, we demonstrated that the sorting behavior of the SBS unit 
can accurately be described through material-specific TCs. Three 
different ML models (PR, RF, ANN) were used to predict TCs based on 
information on the input material flow (OD, target share, material 
share). ANNs achieved the highest prediction accuracy with an MAE of 
±3.0%. Based on the trained ANNs, a data-driven process model of the 
SBS plant was developed and the suitability of the model for optimizing 
sorting plants was demonstrated in two key applications. 

In the first model application, it was shown that the sorting perfor
mance of the investigated SBS unit was not affected by throughput 
fluctuations despite claims and evidence of previous research. A likely 
mechanism for the missing influence of throughput fluctuations on the 
SBS performance is the linear decrease of SBS performance with 
increasing OD, as shown by the process models. Therefore, higher and 
lower SBS performance resulting from lower and higher ODs, respec
tively, even out and do not affect the SBS performance in the investi
gated OD range (≤ 50% OD). 

In the second model application, we successfully applied the devel
oped process models to the simulation of three different SBS cascades 
containing seven different SBS units each. The obtained simulation re
sults emphasize the influence of the process design as well as changing 
input compositions on the SBS performance. The simulation results are 
in line with previous research and indicate, e.g., a higher sorting per
formance but also increased energy demand of multi-stage sorting 
compared to single-stage sorting as well as changes in the material- 
specific sorting performance between − 1.0 a% (PET) and +2.9 a% 
(PP) F1-score, when a halving of the PET input share based on an 

extended PET deposit system in Germany is simulated. 
In future work, our proposed sensor-based process assessment 

approach could be enhanced, e.g., by incorporating further pre- 
processing techniques to the false-color images (e.g., removal of HDPE 
caps on PET bottles) or by utilizing alternative sensor technologies that 
could enable a particle-specific tracking and process assessment (e.g., 
RFID-tags or digital watermarks for individual particles). Such a 
particle-based assessment could enable a more nuanced process 
modeling and allow, e.g., the investigation of different packaging de
signs on the SBS performance. Additionally, the scope could be extended 
to further material flow characteristics (e.g., different target materials, 
film share, particle size distribution, particle shape, material grammage/ 
density) and machine parameters (e.g., SBS design, sorting algorithms) 
which could enable even more accurate SBS models. To manage the 
experimental effort, a design of experiment approach could be applied. 
In addition, our experiments should be further upscaled to plant-scale 
trials to investigate, e.g., the influence of a wider range of input com
positions and impurities on the SBS behavior. 

As our results of the missing influence of throughput fluctuations on 
SBS performance contradict the results of Curtis et al. (2021), additional 
sorting trials are recommended for clarification. Especially the com
parison of different SBS machines, the investigation of SBS performance 
at high ODs (>> 50%), and a systematic comparison of different 
throughput fluctuations may be of interest. Finally, to complete a digital 
twin, process models of other sorting and processing equipment, such as 
comminution units, screens, windsifters, eddy current separators, and 
magnetic separators, should be developed. 

Ultimately, our work represents the first steps taken into a future, 
where the performance of sorting plants could be optimized by utilizing 
digital twins built upon sophisticated process models both in the plan
ning and operational phases. These digital twins could serve as a central 
platform for value-chain-wide collaboration, ultimately resulting in 
secondary raw materials being recovered at higher quantities and 
qualities. While there is more work to be done, these first steps are 
already illuminating a promising path toward a more circular and sus
tainable future. 
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Denafas, G., Ruzgas, T., Martuzevičius, D., Shmarin, S., Hoffmann, M., Mykhaylenko, V., 
et al., 2014. Seasonal variation of municipal solid waste generation and composition 
in four East European cities. Res., Conserv. Recycl. 89, 22–30. https://doi.org/ 
10.1016/j.resconrec.2014.06.001. 

Devore, J.L., 2012. Probability and Statistics for Engineering and the Sciences, 8th ed. 
Brooks/Cole, Australia.  

Eriksen, M.K., Christiansen, J.D., Daugaard, A.E., Astrup, T.F., 2019. Closing the loop for 
PET, PE and PP waste from households: influence of material properties and product 
design for plastic recycling. Waste Manag. 96, 75–85. https://doi.org/10.1016/j. 
wasman.2019.07.005. 

European Commission, 2019. The European Green Deal. https://eur-lex.europa.eu/resou 
rce.html?uri=cellar:b828d165-1c22-11ea-8c1f-01aa75ed71a1.0002.02/DOC_1 
&format=PDF (accessed June 19, 2023).  

European Commission, 2020. A New Circular Economy Action Plan: For a cleaner and 
More Competitive Europe (accessed June 19, 2023). https://eur-lex.europa.eu/legal 
-content/EN/TXT/?qid=1583933814386&uri=COM:2020:98:FIN. 

European Parliament and Council, 2018. DIRECTIVE (EU) 2018/851 on Waste. 
Eurostat, 2023. Circular Economy - Material Flows - Statistics Explained. https://ec. 

europa.eu/eurostat/statistics-explained/index.php?title=Circular_economy_-_ma 
terial_flows. 

EVK Kerschhaggl GmbH, 2023. EVK SQALAR: Software Tool for the Qualitative and 
Quantitative Analysis. https://www.evk.biz/en/products/analysis-software-tool/ev 
k-sqalar/ (accessed April 21, 2023).  

Fahrmeir, L., Kneib, T., Lang, S., Marx, B., 2013. Regression: Models, Methods and 
Applications. Springer, Berlin, Heidelberg.  

Feil, A., Coskun, E., Bosling, M., Kaufeld, S., Pretz, T., 2019. Improvement of the 
recycling of plastics in lightweight packaging treatment plants by a process control 

concept. Waste Manag. Res. 37 (2), 120–126. https://doi.org/10.1177/ 
0734242X19826372. 

Feil, A., Kroell, N., Pretz, T., Greiff, K., 2021. Anforderungen an eine effiziente 
technologische behandlung von post-consumer verpackungsmaterialien in 
sortieranlagen. Müll und Abfall 21 (7), 362–370. https://doi.org/10.37307/j.1863- 
9763.2021.07.04. 

Feil, A., Pretz, T., 2018. Ungenutzte potentiale in der abfallaufbereitung. Recy & 
DepoTech 2018: Recycling & Abfallverwertung, Abfallwirtschaft & 
Ressourcenmanagement, Deponietechnik & Altlasten, internationale 
Abfallwirtschaft & spezielle Recyclingthemen Vorträge-Konferenzband zur 14. Recy 
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Schlögl, S., Kamleitner, J., Kroell, N., Chen, X., Aldrian, A., 2023. Developing a 
Prediction Model in a Lightweight Packaging Waste Sorting Plant using Sensor-based 
Sorting Data Combined with Data of External Near-Infrared and LiDAR Sensors 
[Under Review]. Waste Manag.ement & research. 

Schwarz, A.E., Ligthart, T.N., D, Godoi Bizarro, de, Wild P, Vreugdenhil, B., van 
Harmelen, T, 2021. Plastic recycling in a circular economy; determining 
environmental performance through an LCA matrix model approach. Waste Manag. 
121, 331–342. https://doi.org/10.1016/j.wasman.2020.12.020. 

Schyns, Z.O.G., Shaver, M.P., 2021. Mechanical recycling of packaging plastics: a review. 
Macromol. Rapid Commun. 42 (3), e2000415 https://doi.org/10.1002/ 
marc.202000415. 

Singh, J., Laurenti, R., Sinha, R., Frostell, B., 2014. Progress and challenges to the global 
waste management system. Waste Manag. Res. J. Int. Solid Wastes Public Cleans. 
Assoc., ISWA 32 (9), 800–812. https://doi.org/10.1177/0734242X14537868. 

Tanguay-Rioux, F., Provost-Savard, A., Spreutels, L., Héroux, M., Legros, R., 2022. 
A method for assessing the performance of sorting unit operations in a material 
recovery facility based on waste characterizations. Can. J. Chem. Eng. 100 (9), 
2572–2586. https://doi.org/10.1002/cjce.24466. 

Tao, F., Cheng, J., Qi, Q., Zhang, M., Zhang, H., Sui, F., 2018. Digital twin-driven product 
design, manufacturing and service with big data. Int. J. Adv. Manuf. Technol. 94 
(9–12), 3563–3576. https://doi.org/10.1007/S00170-017-0233-1. 

The pandas development team, 2020. Pandas-dev/pandas: Pandas: Zenodo. 
Umweltbundesamt, 2012. Analyse und Fortentwicklung der Verwertungsquoten für 

Wertstoffe (accessed June 19, 2023). https://www.umweltbundesamt.de/sites/defa 
ult/files/medien/461/publikationen/4342.pdf. 

van Thoden Velzen, E.U., Brouwer, M.T., Feil, A., 2019. Collection behaviour of 
lightweight packaging waste by individual households and implications for the 
analysis of collection schemes. Waste Manag. 89, 284–293. https://doi.org/ 
10.1016/j.wasman.2019.04.021. 

Virtanen, P., Gommers, R., Oliphant, T.E., Haberland, M., Reddy, T., Cournapeau, D., 
et al., 2020. SciPy 1.0: fundamental algorithms for scientific computing in python. 
Nat. Methods 17, 261–272. https://doi.org/10.1038/s41592-019-0686-2. 

Wang, S.-C., 2003. Artificial Neural Network. editor. In: Wang, S-C (Ed.), 
Interdisciplinary Computing in Java Programming. Springer, Boston, MA, 
pp. 81–100. 

Waskom, M.L., 2021. seaborn: statistical data visualization. J. Open Source Software 6 
(60), 3021. https://doi.org/10.21105/joss.03021. 

Willmott, C.J., Matsuura, K., 2005. Advantages of the mean absolute error (MAE) over 
the root mean square error (RMSE) in assessing average model performance. Climate 
Res. 30, 79–82. https://doi.org/10.3354/cr030079. 

Zhang, C., Hu, M., van der Meide, M., Di Maio, F., Yang, X., Gao, X., et al., 2023. Life 
cycle assessment of material footprint in recycling: a case of concrete recycling. 
Waste Manag. 155, 311–319. https://doi.org/10.1016/j.wasman.2022.10.035. 

N. Kroell et al.                                                                                                                                                                                                                                   



5 Synthesis

Chapter 5 first summarizes the main findings of previous chapters (Section 5.1). Based on the
joint findings, the overarching RQs and stated hypothesis are answered (Section 5.2), before use-
cases are developed on how these findings can contribute to a CE and implications for different
stakeholders are derived (Section 5.3), and suggestions on future work are given (Section 5.4).

5.1 Main findings and contributions

5.1.1 RQ I: State of research

In Chapter 2, a SLR of 267 investigations from 198 publications on SBMC based on optical
sensors in mechanical recycling was conducted. The SLR revealed that applications of optical
sensors andML algorithms have received increased attention in recent years. However, it showed
that SBMC research has so far not been recognized as a homogeneous research field (cf. Fig. 9
in Publication A [Section 2.1]). Therefore, a unified SBMC terminology has been developed.

5.1.1.1 SBMC terminology

SBMC can be defined as digitally capturing material flows with sensors and applying algo-
rithms to extract MFCs from the acquired sensor data. The data analysis can be hierarchically
structured between pixel, particle, material flow, and process levels (Figure 5.1).

Process level

Material flow level

Particle level

Pixel level

Investigation level ApplicationsCharacteristics

Process characteristics

(e.g., yield, screening efficiency)

Material flow characteristics 

(e.g., material flow composition, PSD)

Particle characteristics
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Figure 5.1. SBMC framework (Kroell, Chen, Greiff, et al., 2022); PSD: particle size distribution.
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Depending on the investigation level and goal, six different SBMC applications can be identi-
fied: sensor-based sorting (SBS), sensor-based material flow monitoring (SBMM), sensor-based
quality control (SBQC), sensor-based process monitoring (SBPM), and sensor-based process
control (SBPC) (cf. Table 9 in Publication A [Section 2.1]).

5.1.1.2 Overview of SBMC research landscape

Based on the developed SBMC terminology, the SBMC research field was analyzed regarding
six aspects:

(1) Material flows. Among the 17material flows investigated by the reviewed publications, plas-
tics (32.6%), waste from electrical and electronic equipment (11.2%), and construction and
demolition waste (10.1%) have been studied most frequently. While 94.0% of all investiga-
tions collected their own data, only 6.0% of the SBMC research was conducted on public
datasets. A correlation analysis of the 594 unique investigated material classes revealed two
frequently reoccurring research topics: (i) polymer classification (especially with NIR spec-
troscopy) and (ii) classification of more general waste classes such as glass, paper, cardboard,
plastic, metal (especially with visible [VIS]-RGB sensors and deep learning).

(2) Characteristics & investigation levels. SBMC researchers have so far focused almost ex-
clusively on intensive MFCs. Only two publications (Curtis & Sarc, 2021; Feil et al., 2019)
were conducted on extensive MFCs (volume flows). Among intensive MFCs, investigations
focused mostly on material classification (78.4%), however, a shift from material and color
classification to additional characteristics in recent years has been observed. Regarding in-
vestigation levels, SBMC research has so far focused mostly at the pixel (46.1%) and particle
(49.8%) level. Only 4.1% of all reviewed investigations focused on the material flow level,
and no investigations were found at the process level.

(3) Sensors. Among the ten different optical sensor types which have been applied in SBMC re-
search so far, the VIS-NIR range has been addressed most frequently (83.0%) and especially
VIS-RGB sensors have been increasingly investigated in recent years. Three broader SBMC
tasks could be identified: (i) material identification, (ii) segmentation and measurement,
and (iii) prediction of material properties.

(4) Algorithms & investigation scales. 76.4% of all investigations studied ML algorithms to ex-
tract characteristics from the acquired sensor data. Among the 36 different ML algorithms
investigated, principal component analysis, convolutional neural networks (CNNs), partial
least squares, k-nearest neighbors, and support vector machine were applied most often. Es-
pecially CNNs have received increasing attention in recent years. An innovative comparison
of different ML algorithms based on Elo-ratings adopted from, e.g., chess games revealed
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that especially CNN and random forest models are well suited for most SBMC applications
due to their above-average prediction performance.

(5) Applications. Most SBMC research has focused on SBS and prediction applications, how-
ever, since 2008, SBMC research has expanded and shifted towards, e.g., SBMM, SBQC,
SBPM, and SBPC. Besides a few publications on novel concepts (1.5%), the reviewed re-
search has been mostly conducted at laboratory scale (90.6%). Little research has so far
been conducted on a technical (6.7%) or plant scale (1.1%).

(6) Collaboration. A comprehensive network analysis revealed that SBMC frequently cite each
others with 98.2% of all publications belonging to a large citation sub-graph. However, col-
laboration as co-authorships have been mostly limited to smaller researchers groups. The
two largest research communities could be traced back to (i) a collaboration between RWTH
Aachen University (Germany) and Montanuniversity Leoben (Austria) with n = 33 au-
thors and (ii) the Sapienza University of Rome (Italy) with n = 28 authors. (cf. Fig. 9 in
Publication A [Section 2.1]).

5.1.1.3 Future research potentials

Based on the overview of the SBMC research landscape, Publication A revealed ten future
research potentials (cf. Section 5 and Fig. 10 in Publication A) to advance the SBMC research
field in general. Of these ten future research potentials, five research potentials (Table 5.1) mark
essential research gaps that needed to be specifically addressed by Publications B-G to prove the
overarching hypothesis of this dissertation (cf. Section 1.4).

Table 5.1. Addressing of research potentials identified in Publication A through publications
B-G in this dissertation; [i] research potential i according to Publication A

(Section 2.1).

Publication
Research potential B C D E F G
Development & demonstration at material flow level [6] ✓ ✓ ✓ ✓ ✓ -
Open-access datasets & deep learning methods [5] - - - ✓ - -
Upscaling to plant scale [9] - - - - ✓ ✓
Development of new business models around SBMC [10] - - - - ✓ ✓
Development & demonstration at process level [7] - - - - - ✓

5.1.2 RQ II: Characterization methods

A particular challenge and research gap in SBMC identified in Section 2.1 is the transforma-
tion of area- or volume-based sensor measurements into mass-based MFCs. This dissertation
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addressed this challenge both on a particle (Section 5.1.2.1) and material flow (Section 5.1.2.2)
level.

5.1.2.1 Particle level

At the particle level, the sensor-based prediction of individual particlemasses was investigated.
First, the imea package (Publication B [Section 3.1]) was developed, which allows the extraction
of 53 different 2D and 13 different 3D particle descriptors with a single line function call. Based
on the extracted particle measurements and measured particle masses of 3,830 LWP particles
recorded with an innovative sensor-rig design in Publication C (Section 3.2), the following in-
sights could be generated:

• Particle masses of LWP differ significantly between different material classes. The domi-
nant factor causing these variations are not material-specific densities, but the packaging
design, which differs between different applied materials.

• While particle masses generally increase with increasing particle size, material-specific
grammage and 3DLT densities generally (except for the material class paper, paperboard,
and cardboard) decrease with increasing particle sizes due to a larger share of hollow
spaces. Both grammages and 3DLTdensities are significantly influenced bypost-consumer
effects (e.g., folding of beverage cartons).

• The prediction of particle masses by grammages (R2 = 53.3% ± 22.4%) achieves more
accurate predictions compared to mean particle masses (R2 = 42.2%± 12.1%), since the
influence of particle size is taken into account. However, the accuracy of both approaches is
compromised by the strong heterogeneity of the material flow and post-consumer effects.

• Among the six investigatedMLmodels, tree-basedML algorithms generally outperformed
other ML models due to the selective suppression of irrelevant particle features. The most
accurate particle mass prediction was using a random forest model (R2 = 76.3%± 9.1%).

5.1.2.2 Material flow level

At the material flow level, the direct prediction of mass-based material flow compositions
(MFCOs) from pixel-based classified NIR false-color images of binary plastic flake and post-
consumer plastic packagingmixtureswas investigated inPublicationDandE (Sections 3.3 and 3.4).
The results showed that the prediction of the MFCO is influenced by four main factors:

• Classification model: The design of the (NIR) classification model has a substantial im-
pact on the predictedMFCO. The twomain influencing factors are (i) the foreground/back-
ground definition, which in particular affects the detection of (partially) transparent par-
ticles, and (ii) the handling of mixed NIR spectra, such as in sleeved or labeled plastic
packaging.
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• Surface-area-to-volume ratio: In addition to the influence of different grammages and
packaging design known from Section 5.1.2.1, different surface-area-to-volume ratios re-
sulting, e.g., frommaterial-specific comminution behavior, can also significantly influence
MFCOpredictionwhen area-based sensor data is used for volume- ormass-basedMFCOs
predictions.

• Counting basis: In manual analysis, objects are article-based sorted and one article is
counted as 100% pure if the main material is the desired material. In pixel-based (NIR)
characterization, materials in one object are classified to their own class. For instance, it
was determined that pure polyethylene terephthalate (PET) bottle (T2a) and beverage car-
ton (T2b) fractions from LWP contain approx. 5.4 a% and 2.1 a% high-density polyethy-
lene (HDPE), respectively, e.g., due to HDPE bottle caps.

• Particle overlap: Regarding the material flow presentation, it is important to differenti-
ate between non-overlapping- (singled and monolayer) and overlapping (different bulk
heights) material flow presentations. Overlapping material flow presentations can result
in (i) a higher share of detected transparent materials (better material detection in front
of other materials compared to black conveyor belts) and (ii) segregation effects (e.g., ac-
cumulation of larger particles on the material flow surface due to the brazil nut effect).

The identified effects can be corrected by adequate data processing techniques, which have
two complementary goals. First, the aggregation of sufficiently high material areas into chunks
effectively reduces random errors (e.g., due to different particle orientations). Second, systematic
errors such as difference between pixel- and article-based counting basis and segregation effects
can be corrected through, e.g., regression models. In order to evaluate the effect of different
corrective actions on accuracy of statements at material flow level in an application-oriented
manner, the MU95 metric was developed. The MU95 metric compares the absolute prediction
errors between true (Xtrue) and measured (Xmeasured) material flow characteristics and forms the
95th percentile (P95).

MU95 = P95 (|Xmeasured − Xtrue|)

with X = {x1, . . . , xn}
(5.1)

By combining all findings, binary plastic flake and LWP mixtures could be predicted with a
MU95 of 1.2 vol% (R2 = 99.9%) and 2.4 wt% (R2 = 99.4%), respectively, across the investigated
material flow presentations (singled, monolayer, bulk heights H1 and H2). The underlying NIR-
MFCOdatasetwas published open-access in theData in Brief journal to further accelerate future
SBMC research (Publication E [Section 3.4]).
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5.1.2.3 Comparision between particle- and material-level approach

As shown in Figure 5.2a, both the particle-based approach fromSection 5.1.2.1 and thematerial-
flow-level approach from Section 5.1.2.2 can be used to transform area- or volume-based sensor-
data into mass-based material flow compositions.
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Figure 5.2. Comparison between particle- and material-flow-based approaches for
sensor-based determinations of material flow compositions (MFCOs); (a)

schematic flow sheets, (b) different material flow presentation in a simplified
sorting plant; SI: singled, MO: monolayer, H1: bulk height H1, H2: bulk height H2

(H2 > H1).

Since the particle-based approach requires information on individual particles, from the ex-
periences in this dissertation, it can be most likely only be applied to singled or monolayered
material flow presentation (cf. Figure 5.2b). First, the sensor data needs to be segmented into
individual particles which is relatively straightforward at a singled material flow presentation
(singled particles against black conveyor belt), but it can become challenging at a monolayer ma-
terial flow presentation due to particle overlaps, where deep-learning-based instance segmenta-
tion models could be applied. Then the segmented particles would be sent to a mass-prediction
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model to prediction the individual particle masses mi and a classification model to predict the
particle class ci. By summing up all predicted particle masses of each predicted particle class, the
overall predicted mass-based material flow composition can then be obtained.

In the material-flow-level approach, the material flow would be firstly pixel-based classified,
and the detectedmaterial areasAi would then be sent to a regressionmodel to predictmass-based
material flow compositions from the given area-based material flow composition as demon-
strated in Publication D (Section 3.3). As the material-flow-level approach requires no particle
segmentation, it can thus also be applied at overlapping material flow presentations (H1 and H2
in Figure 5.2).

In practical implementation, the achievable accuracy of bothmethods (cf. Equation (5.1)) and
the required amount of training data are of great importance. A direct comparison of thesemeth-
ods in further research (Section 5.4) would be particularly interesting, especially considering the
different time needed to generate particle- and material flow-based training datasets.

5.1.3 RQ III: Novel SBMC applications

Based on the developed characterizationmethods, the technical feasibility of two novel SBMC
applications was demonstrated at an industrial scale.

5.1.3.1 Sensor-based quality control

Thefirst SBMCapplication addressed theNIR-based quality control of plastic pre-concentrates
(Publication F [Section 4.1]). In LWP sorting plants, the quality of plastic pre-concentrates is de-
termined by their purity. Since the term purity is interpreted differently by different stakehold-
ers along the plastic recycling value chain, three different purity definitions have been proposed:
article-based, material-based, and chemical purity (cf. Table 1 in Publication F [Section 4.1]).
In a first test series, an inline NIR-sensor was used to monitor a PET tray product fraction on
the manual sorting belt (monolayered material flow presentation) at the end of the sorting pro-
cess, and ML predictions derived from the NIR data were compared with manual quality con-
trol (MQC) results.

Since the NIR sensor classifies the material flow pixel-wise, the NIR monitoring data repre-
sents an area- and material-based purity definition, while pre-concentrate qualities in LWP sort-
ing plants are assessedmass- and article-based. Therefore, ML regressionmodels have been used
to predict article-based impurity mass flows from pixel-based NIR data.

Based on a total of 1,562 kgmanually sorted andNIR-based analyzed PET tray product, the ac-
curacy of MQC and SBQC was directly compared. When applying state-of-the-art MQC proce-
dureswith the samplemasses defined in technical norms and guidelines,MU95’s between 6.7wt%
(0.9 kg sample size [European Committee for Standardization, 2006]) and 0.8 wt% (123 kg sam-
ple size [2005]) were obtained. With the developed SBQCmethod, however, no sampling occurs
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as the entire material flow can be monitored, and an MU95 of 0.31 wt% was achieved. It was es-
timated that more than 350 kg of a 600 kg PET tray bale must have been analyzed by MQC to
become as accurate as the proposed SBQC method (cf. Fig. 3 in Publication F [Section 4.1]).

The developed SBQC method could be successfully applied to determine significant differ-
ences in the monitored PET tray product fractions due to different input materials sorted by
the investigated LWP sorting plant. To reduce investment costs of the envisioned SBQC system,
the technical feasibility of monitoring multiple pre-concentrates with a single NIR sensor at the
bale press feeding conveyor belt was additionally investigated. While a good correlation between
NIRmeasurements at themanual sorting belt (monolayeredmaterial flow presentation) and bale
press feeding conveyor belt (multilayered material flow presentation) with a Pearson correlation
of 0.915 was shown, systematic differences known from Section 5.1.2 were validated: Especially
due to changes in NIR classification behaviour (transparent materials) and segregation effects,
measured MFCOs between monolayered and multilayered material flows differed significantly.

5.1.3.2 Data-driven process models

Thesecond SBMCapplication addressed the development of data-driven processmodels based
on NIR-based process monitoring data (Publication G [Section 4.2]). Process models are an es-
sential building block for the development of digital sorting plants twins, which could signifi-
cantly enhance optimal design and adaptive parameterization of sorting plants. An industrial-
scale SBS unit was automatically assessed using NIR-based process monitoring. The analysis of
2,000 minutes (33.3 h) systematically varied sorting trials showed that the SBS performance is
significantly influenced by the throughput (measured as occupation density) and input compo-
sition (measured as target material share) but not by the investigated throughput fluctuations.

On the example of NIR-based SBS units for separating PET bottles from a LWP mixture, it
was shown that the sorting behavior of SBS units can accurately be described using material-
specific transfer coefficients (TCs). Using artificial neural network, material-specific TCs could
be predicted with an mean absolute error (MAE) of 3.0%, which enables forming a sophisticated
digital processmodel of the industrial-scale SBS unit. The developed processmodel was then suc-
cessfully applied to simulate different SBS cascade designs, highlighting the influence of process
design and changing input compositions on the sorting performance.

5.2 Answers to overarching research questions and hypothesis

Based on the findings from Section 5.1, the overarching RQs and the dissertation hypothesis
from Section 1.4 can be answered as follows.

RQ I: Which existing research findings can be used, and which research gaps have to be
filled to enable an inline SBMC of post-consumer waste streams?

125



5.2 Answers to overarching research questions and hypothesis

Publication A revealed that especially classification methods at the pixel- and particle level
from SBS are well-developed and can be applied to other SBMC applications. For example, NIR-
based and pixel-based classification of different standard plastics can be achieved with ≥ 99%
accuracy and thus builds a strong basis for the development of, e.g., NIR-based characterization
methods at the material flow and process level. From the ten identified future research poten-
tials (cf. Section 5 and Fig. 10 in Publication A [Section 2.1]) to advance the SBMC research
field in general, five critical research potentials have been identified to prove the stated hypoth-
esis in Section 1.4 on the case study on LWP (cf. Table 5.1). These critical research potentials
include the development and demonstration of characterizations methods at the material flow
and process level, which has been insufficiently addressed so far, the upscaling to plant scale in-
vestigations, the accelerated development of SBMC methods through open-access datasets, and
the development of new business models based on novel SBMC applications.

RQ II: How can the open research gaps from RQ I be closed and thus the sensor-based
inline characterization of post-consumermaterial flows regarding theirmass-basedmaterial
flow compositions be enabled?

The sensor-based inline determination of mass-based MFCOs can be achieved through a
particle-level approach and a material-flow-level approach. In the particle-level approach, the
material class ci and particle massmi of each particle is predicted from the sensor-data using, e.g.,
ML models. The mass-based MFCO is then determined by summing up the particle masses mi

in each material class ci. Due to the need for a particle segmentation, the particle-level approach
is only suitable for singled monolayered material flow presentations. The material-flow-level ap-
proach, however, can be applied across all material flow presentations. It comprises three stages:
(i) the material flow surface is pixel-based classified, (ii) the resulting classifications (false-color
data) are aggregated over defined material areas (chunks), and (iii) a regression model is used to
transform the area-based composition of the detected material flow surface into a mass-based
MFCO. Using data aggregation, random errors due to, e.g., particle artifacts are minimized. Us-
ing regression models, systematic errors caused, e.g., by different grammages or surface-area-to-
volume ratios, different counting basis (material-based vs. article-based), and segregation effects
at particle overlap are minimized. As demonstrated in Publication D, by applying these devel-
oped characterization methods, mass–based MFCOs of binary plastic flake and LWP mixtures
can be determined within high accuracy (MU95 of 1.2 vol% and 2.4 wt%, respectively).

RQ III: Can the developed characterization methods from RQ II be translated into novel,
industrial-scale SBMC applications to enhance CE?

Through two case studies, it was shown that the developed characterization methods can be
translated into novel, industrial-scale SBMC applications to enhance CE. First, a SBQC of plas-
tic pre-concentrates from LWP sorting plant was demonstrated in a state-of-the-art LWP sorting
plant. Here, thematerial-flow-level approach fromRQ IIwas used to predict bale-based purity of
a PET tray pre-concentrate using inline-NIR-sensors. By verifying the model predictions with
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manual sorting, it was demonstrated that the bale-based pre-concentrate purity can be deter-
mined within 0.31 wt% MU95 which surpasses the accuracy of state-of-the-art, sample-based
manual quality control procedures (6.7 wt% to 0.8 wt%MU95) with sample sizes defined in tech-
nical norms and guidelines. The high potential of the developed SBQC application was shown
through that more than 350 kg of a 600 kg PET tray bale must have been analyzed by manual
quality control procedures to become as accurate as the developed SBQC method.

Second, the demonstrated technical feasibility of monitoring LWP material flows with high
accuracy using inline-NIR sensors from RQ II was used to develop a NIR-based process moni-
toringmethod. Based on the derived process monitoring data, MLmodels were trained to create
a data-driven process model of an industrial-scale SBS unit. On the example of sorting out PET
bottles from LWP mixture, it was shown that an artificial neural network could predict the sort-
ing behavior of the investigated SBS-unit (measured by material-specific transfer coefficients)
within 3.0% MAE. The developed process model was successfully used to explain systematic
effects from different throughputs, input compositions and material flow fluctuations on the in-
vestigated SBS unit, and a SBS-cascade containing seven simulated SBS units was simulated to
successfully illustrate the influences of different process designs and input material flows on the
sorting behaviour of the SBS cascade.

Hypothesis: In addition to state-of-the-art sensor-based sorting, it is technical feasible to
use sensor technology for the inline characterization of post-consumer material flows with
industrial-relevant accuracies and at industrial scales. Based on the extracted material flow
characteristics, novel SBMCapplications canmake the value-chain-widematerial circulation
more transparent and efficient.

By positively answering RQ I-III, this dissertation successfully demonstrated, on the exam-
ple of LWP waste, that post-consumer material flows can be sensor-based characterized with
industrial-relevant accuracies (MU95 of 1.2 vol% and 2.4 wt% for plastic flakes and LWP waste,
respectively) and at industrial relevant scales (technical lab to plant scale). Based on two novel
SBMC methods, the SBQC of plastic pre-concentrates in sorting plants and data-driven pro-
cess models of industrial-scale SBS-units, it was shown how these applications make the value-
chain-wide material circulation more transparent (automated and real-time SBQC of plastic
pre-concentrated) and efficient (optimized process design and operation through data-driven
process models). The hypothesis was thus successfully verified using the case study of LWP.

5.3 Implications

In the future, the demonstrated novel SBMC applications could be further applied in several
use-cases. By implementing the developed SBMC applications across these use-cases, substantial
positive implications on further developing the CE are to be expected (Figure 5.3).
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Figure 5.3. Overview on potential use-cases and implications of methods and applications developed in this dissertation; MF: material flow,
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5.3.1 Sensor-based quality control

The first group of use-cases emerges from the demonstrated technical feasibility of sensor-
based inline monitoring of material flow compositions, as demonstrated in Publication F (Sec-
tion 4.1). As shown in Figure 5.3, transparency regarding up-to-date material flow compositions
is especially relevant at the interface material flows between individual stages of the value chain
(i.e., collected material flows, pre-concentrates, and secondary raw materials).

5.3.1.1 Measuring points

To measure the qualities (especially material flow compositions) of these individual interface
material flows, seven different measurement points seem feasible to achieve material flow trans-
parency at different interfaces of the value chain (cf. Figure 1.1):

(MP-1) Collection vehicles. The first possibility is the material characterization directly during
collection in the collection vehicles, as it is already in pilot use in Austria (Mittermayr &
Klüsner, 2019). Here, the material flow can be characterized container-specific by using
additional sensors integrated in the pre-charging chamber of the waste collection vehicle.
However, materials contained in collection bags and potential segregation effects (cf. Pub-
lication D [ Section 3.3]) can complicate the detectability, and the characterization depth
is currently only limited to broader material classes (packaging, paper, metal, bio-waste,
residual waste).

(MP-2) SBS units in sorting plants. An alternative option for characterizing the collected mate-
rial flows is the utilization of existing SBS data from sorting plants. Here, material flows
are presented as singled monolayers to the SBS unit. Therefore, optimal detectability is
ensured due to the absence of segregation effects (cf. Publication D [Section 3.3] and
Publication F [Section 4.1]). In addition, the material flow characterization can also take
place particle by particle (cf. Section 5.1.2 and Publication C [Section 3.2]). Since exist-
ing SBS data could be used, no investment in additional sensors is necessary. However,
since only material flows can be monitored that are sensor-based sorted, it becomes nec-
essary to monitor alternative measurement points, e.g., output material flows from pre-
conditioning processes or the output material flows from SBS stages (cf. MP-3 and MP-4).

(MP-3) Output-SBQC of pre-concentrates at product conveyor belts in sorting plants. Pre-
concentrates from sorting plants could be monitored with additionally installed sensors.
As successfully demonstrated on an industrial scale in Publication F (Section 4.1) for a
PET tray fraction, very accuratematerial flow characterization is possible due to themono-
layer material flow presentation. However, as each output fraction requires an additional
sensor, monitoring all output material flows with cost-intensive NIR-sensors is currently
not considered economically feasible. A possible alternative is the use of low-cost sensors

129



5.3 Implications

such as VIS-RGB coupled with deep learning models (cf. future research potential 1 in
Publication A [Section 2.1]), as currently developed by various startups (e.g., Greyparrot
AI, 2023; PolyPerception, 2023; WeSort.AI GmbH, 2023) or the monitoring of multiple
material flows with a single sensor (cf. MP-4).

(MP-4) Output-SBQCofpre-concentrates at bale press feeding conveyorbelts in sortingplants.
SBQC at bale press feeding conveyor belts allow multiple material flows to be monitored
with just one sensor. This streamlining can not only reduce costs, with typically not more
than three sensors needed for modern sorting plants, but also enables the investment in
more cost-intensive sensors, such as NIR or multi-sensor combinations. Nonetheless, as
highlighted in Publication F [Section 4.1], a current challenge in SBQC with multilayered
bulks are segregation effects, requiring the development and validation of correction mod-
els.

(MP-5) SBS units & input monitoring in processing plants. Alternatively, pre-concentrate qual-
ities could be monitored in processing plants, reducing the total number of required sen-
sors, since processing plants bundle pre-concentrates from several sorting plants. Modern
processing plants often feature SBS units for an initial sorting of pre-concentrates. Thus,
the existing SBS unit data could be used for input monitoring, providing lower investment
costs and enabling precise material flow characterization due to the singled material flow
presentation on acceleration belts (cf. MP-2). However, additional sensor installations
may be necessary for non-sensor-based-sorted material flows or if no SBS units are in-
stalled at the beginning of the processing plant (cf. MP-2).

(MP-6) Output monitoring in processing plants. After processing, the produced secondary raw
materials are more homogeneous, which can simplify the characterization (cf. Publica-
tion D [Section 3.3]). While in collection and sorting processes, material flow compo-
sitions on an article basis are often decisive (cf. Publication F [Section 4.1]), additional
material flow characteristics (e.g., melt flow rate, additives) might become important for
secondary rawmaterials, whichmay require the use of alternative sensors ormeasurement
techniques (e.g., middle-infrared).

(MP-7) Input monitoring in production plants. As an alternative to MP-6, secondary raw ma-
terials could also be sensor-based characterized in production plants, where similar mea-
surement conditions as in the output of processing plants are to be expected (cf. MP-6).

From the captured material flow characteristics at one or more measuring points, three differ-
ent use-cases based on the transparency of the individual interfacematerial flows (Sections 5.3.1.2
to 5.3.1.4) can be derived.
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5.3.1.2 Use-case QC-A: Transparency on collected material flows

The monitoring of collected material flows can take place either during collection (MP-1) or
by back-calculation from the sorting plant (MP-2 to MP-4). A main advantage of MP-1 is that
the material characterization can be household-specific, allowing citizens to be addressed more
directly (see implication #3 below). A main advantage of monitoring in the sorting plant is that
several collection areas can be monitored with the sensors from a single sorting plant, and a sim-
plified/more accurate characterization can be expected due to the better material flow presen-
tation (cf. Section 5.3.1.1). However, the back-calculation can at most be specific to collection
vehicles or collection areas and requires the separation of the different input material flows in
the sorting plant, which is common practice in only a few sorting plants so far.

The transparency about the material composition of the collected material flows generated by
one of the measuring points or by the combination of several measuring points can be utilized
in three aspects to maximize the amount of collected recyclables and to minimize the share of
misdirected waste:

#1 Better targetedmeasures to improve collection quality. Based on the composition of the
collected material flows (e.g., share of non-target materials), communication measures to
improve the collection of separate waste could be applied in amore targetedmanner in the
future, e.g., by focusing on individual hot spots or addressing region-specific frequently
false disposed items (e.g., lithium-ion batteries).

#2 Evaluation and comparison of measures to improve collection quality. Simultaneously,
the effectiveness of the implemented measures can be evaluated directly in a before-and-
after comparison based on the measured composition of collected material flow and sys-
tematically optimized, e.g., through A/B tests.

#3 Directmotivation of citizens (sensibilisation& gamification). The generated data-basis
can be used to engage and sensitize citizens more directly for an effective separate collec-
tion as demonstrated, e.g., by the Daheim app in Austria (Mittermayr & Klüsner, 2019).
Furthermore, the communication campaigns could be complimented with gamification
elements (Sailer et al., 2013) to increase the motivation for separate collection.

5.3.1.3 Use-case QC-B: Transparency on pre-concentrates

As discussed in Section 5.3.1.1, pre-concentrate qualities can be either measured at the output
of a sorting plant (MP-3 and MP-4) or the input of a processing plant (MP-5). Based on the
created transparency, two key implications emerge.

#4 Automatic assessment andoptimization of sorting plants. Due to the high effort ofman-
ual material flow characterization, the purity of pre-concentrates in sorting plants is often
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monitored irregularly. Deficiencies in plant performance (e.g., technical disturbances in
plant operation or changes in the input material) are therefore often only detected with
considerable delay. Through an automatic monitoring of output fractions, such perfor-
mance deficits could be detected and eliminated faster in the future, which would result
in a higher consistency and higher quality of the pre-concentrates. At the same time, mea-
surements to increase the sorting plant performance could be reproducibly assessed.

#5 Adaptive pricing models for pre-concentrates. Due to the lacking transparency regard-
ing (bale-specific) pre-concentrate purities, pre-concentrates are currently mostly paid
for on a flat-rate basis, i.e., independent of their purity (cf. Publication F [Section 4.1]).
Combined with high disposal costs for sorting residues, sorting plants operators thus cur-
rently have only an incentive to sort “as good as necessary” instead of “as good as possi-
ble” (Knappe et al., 2021). Based on transparent pre-concentrate purities, adaptive pricing
models could be developed inwhich higher pre-concentrate purities result in higher prices,
thus fixing the lacking incentive for sorting plant operators to sort “as good as possible”.

5.3.1.4 Use-case QC-C: Secondary raw materials

Based onMP-6 andMP-7, the quality of secondary rawmaterials could be automatically mon-
itored and documented. This could result into three positive implications:

#6 Adaptive pricing models for secondary raw materials. Similar to use-case QC-B, adap-
tive pricing models could also be applied to secondary raw materials, thereby increasing
the incentive for processing plant operators to produce high-quality secondary raw mate-
rials.

#7 Increased usage of secondary raw materials. Transparent monitoring and documenta-
tion of secondary rawmaterials could reduce reservations producersmay have about using
secondary raw materials, and thus strengthen the use of secondary raw materials overall.

#8 Adaptive secondary raw material usage. In addition, up-to-date material flow character-
istics of secondary rawmaterials could be used for an adaptive process parameterization in
production plants. For example, the addition of additives or the adjustment of process pa-
rameters (e.g., temperature, rotating speeds) could be dynamically adjusted to measured
material flow characteristics. These adjustments could contribute to achievemore constant
product specifications despite fluctuating secondary raw material characteristics, and thus
help to increase the substitution of primary raw materials.

5.3.1.5 Use-case QC-D: Value-chain-wide assessment

Further, real-timematerial flow characteristics across several measuring points could enhance
an up-to-date and more nuanced assessment of the plastic recycling value chain, resulting into
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the following two positive implications:

#9 Real-time andmore detailed calculation of recycling quotas. Recycling quotas could be
calculated and presented on the basis of the monitored material flow characteristics in a
more timely and spatially resolved manner, and contained non-target could be taken into
account even more precisely in the quota calculation. As a result, a detailed and more up-
to-date assessment of the circular economy would emerge, which, e.g., politicians could
use for better decision-making and control.

#10 Material flow data for life-cycle assessments. In addition to the enhanced calculation of
recycling quotas, the created data basis could also be used for a more precise ecological
and economic evaluation of different circular economy strategies and measures. Based on
the created data transparency, the ecological effectiveness of certain measures could be
directly compared with each other (A/B tests) or critical hot spots with particularly high
ecological impacts in the cycle could be identified and specifically addressed.

5.3.2 Digital process models and twins

A second group of use-cases (PM-A to PM-C) targets at utilizing an increased process trans-
parency based on data-driven process models (cf. Publication G [Section 4.2]). This increased
process transparency could significantly enhancematerial circulation through an improved data-
driven design (PM-A) and operation (PM-B) of future-generation sorting and processing plants,
as well as a better alignment of product/packaging designwith sorting and processing technology
(PM-C).

5.3.2.1 Use-case PM-A: Data-driven plant design

In the design phase of a sorting or processing plant, an accurate process simulation is crucial
for the development of an optimal flow sheet and for an optimal dimensioning of individual
process steps (e.g., conveyor belt widths or component sizes). In contrast to the currently often
practiced simulation of sorting and processing plants based on fixed, manually estimated transfer
coefficients, a data-driven process simulation could substantially improve the plant design and
subsequent performance in the operational phase. Two positive implications could emerge:

#11 Optimal process dimensioning. Based on a data-driven andmore accuratemass-balance,
individual processes steps could be better dimensioned, resulting in lower investment cost
(avoidance of over-dimensioning) or an improved sorting plant performance (avoidance
of under-dimensioning).

#12 Data-driven process design. As the process simulation is able to estimate the future sort-
ing performance of the sorting plant, multiple process designs could be compared to each
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other and an optimal process design variant could be chosen during the design phase (as
demonstrated in Publication G [Section 4.2]). In addition, the data-driven process simu-
lation lays the foundation for a potential artificial intelligence (AI)-based process design,
in which an AI algorithm could create and optimize process designs based on the results
of the process simulation.

5.3.2.2 Use-case PM-B: Adaptive process control

The combination of fixed process parameters in many sorting/processing plants and fluctuat-
ing input material flow characteristics limits the overall plant performance (Küppers et al., 2022).
In the future, digital twins of sorting and processing plants could first detect such changes based
on the generated material flow transparency (cf. Section 5.3.1) and then propose optimized pro-
cess parameters based on the process simulation. Two positive implications could emerge:

#13 Increased process performance. Through the adaptive process control, the plant perfor-
mance could be enhanced, i.e., higher qualities and/or quantities of valuable output frac-
tions could be produced. Examples for an increased process control could include, e.g., the
dynamic adjustment of wind speeds in wind sifters depending on the input material flow
(e.g., moisture content, particle size distribution, material flow composition), dynamic
screen-cut control in drum screens (Küppers et al., 2022), or dynamic adjustments of SBS
settings.

#14 Optimized energy consumption. Adaptive process control algorithms could be designed
for more energy-efficient sorting and processing, e.g., by dynamically adjusting SBS com-
pressed air pressures and valve opening times to reduce energy consumption. Likewise,
the plant operation could be aligned with the electricity price (e.g., availability of low-cost
solar or wind energy), for example, by schedulingmaintenance intervals and the operation
of energy-efficient processes in a targeted manner.

5.3.2.3 Use-case PM-C: Feedback on product and packaging design

On a value chain level, data-driven process models could additionally be used to provide valu-
able feedback to product and packagingmanufacturers regarding the sortability and recyclability
of products and packaging. Two positive implications could emerge:

#15 Feedback during design phase. During the design phase, particle-based process models
of sorting and processing plants could be used to estimate the sortability and recyclability
of packaging and products under development based on the product/packaging specifi-
cation. In comparison with traditional physical tests, such digital assessments allow for
faster iteration cycles and could thus contribute to a more circular product designs. Since
the data-based process modeling approach reflects the actual sortability and recyclability
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in real-world sorting and processing plants, they could greatly complement or be inte-
grated in existing recyclability assessment tools (e.g., Institut cyclos-HTP GmbH, 2023;
RecycleMe GmbH, 2023; Recyda GmbH, 2023).

#16 Feedback during use phase/after launch. In addition to the feedback during the design
phase, real-time data from digital twins for sorting and processing plants could generate
real-time feedback on the actual sortability and recyclability after the use phase of pack-
aging and products in the market. This constant feedback could contribute to a better
alignment of sorting and processing technology and product/packaging design (e.g., ad-
justments of SBS settings, more circular product design, automatic reporting of frequently
wrongly sorted items).

5.4 Future work

Although this dissertation has demonstrated the high potentials of novel SBMC applications
at an industrial scale, several research directions emerge from this dissertation with the goal of
accelerating the transition of the developed methods and applications into industrial practice.

5.4.1 Improvement of economic feasibility

Sensor technology applications beyond SBS will only find their way into industrial practice,
if they are economically viable. Therefore, future research could focus on demonstrating the
feasibility of new SBMC business cases such as adaptive pricing models (=increase added value)
or lowering the cost of sensor installations. Regarding the cost reduction, great potential is seen

1. on the application of cost-effective sensor-technologies like VIS-RGB- or light detection
and ranging (LiDAR)-sensors (cf. future research potential 1 in PublicationA [Section 2.1]),

2. on the positioning of sensors at strategic advantageous positions, e.g., bale press feeding
conveyor belts, to monitor multiple material flows with a single sensor for which mod-
els for the correction of segregation effects need to be developed (cf. Publication F [Sec-
tion 4.1]), and

3. on the use of data from existing SBS units (cf. future research potential 4 in Publication A
[Section 2.1] and [Schlögl et al., 2023]).

5.4.2 Upscaling and long-term validation

The SBQC application demonstrated in this dissertation should be validated additionally by
long-term tests on an industrial scale. In addition, the SBQC technology has the potential to be
extended to other output fractions or material flows at other positions in a sorting or processing
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plant. Regarding the data analysis, especially the question, if and if yes, how often the appliedML
models should be retrained in industrial practice, could be of great interest for future research.
Furthermore, as discussed in Section 5.1.2.3, it would be very interesting to compare particle- and
material-flow-level approach for predicting mass-based material flow compositions at singled
andmonolayeredmaterial flow presentations with each other regarding achievablemeasurement
uncertainties (MU95) and required training dataset sizes.

5.4.3 Development of additional process models

The developed and demonstrated approach of creating data-driven process models based on
sensor-based process monitoring data should be extended to other processes. For example, we
have already demonstrated in (Chen, Kroell, Hofmann, et al., 2023) that 3DLT sensors can be
used for the processmonitoring of drum screens. As soon as processmodels of relevant processes
are available, these could be interconnected and the entire sorting/processing plant could be
simulated and assessed.

Furthermore, the modeling details could be enhanced. First, further process parameters or
the influences of different construction types or manufacturers could be taken into account. Sec-
ond, particle-based process models could include the influence of various particle characteris-
tics into a transfer coefficient. For the creation of such particle-based process models, the use of
marker technologies for a particle-based process assessment, such as radio-frequency identifica-
tion (RFID)6 (cf. Kaufeld et al., 2014; Rizvan et al., 2023) seems promising.

5.4.4 Transfer to other material flows

Great optimization potentials exist not only for LWP but also for other material flows (Fig-
ure 5.4). For the different material systems and process steps, the sensors and models used
must be adapted to the respective process-relevant material flow characteristics, as it was demon-
strated, e.g., for SBMMof paper waste usingNIR (Spies et al., 2023), SBQC of non-ferrousmetals
using low-cost VIS-RGB sensors (Kroell, Johnen, et al., 2021), or the prediction of particle size
distribution of construction and demolition waste using 3DLT (Kroell, Schönfelder, et al., 2022;
Wu et al., 2023). Besides the extension to other material flows, especially the transfer of methods
and best-practices between different material flows could thus be a great research focus in future
work.

6radio-frequency identification
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Figure 5.4. Overview on recovery and purity of different material flows during the collection,
sorting, and processing stages7 ; LWP: lightweight packaging; PPC: paper,

paperboard & cardboard; WEEE: waste from electrical and electronic equipment.

5.4.5 Standardization and certification

Besides reducing costs and integrating SBMC applications into everyday operations, with in-
creasing use of SBMC deployment, it becomes important that different stakeholders along the
value chain have the same understanding and a high level of trust in the statements made by
SBMC applications. In this context, standardization procedures can be essential, such as the re-
cently publishedDIN 54390 forNIR-basedmonitoring of secondary fuels (Deutsches Institut für
Normung e.V., 2022) or DIN-SPEC 91446 for the classification of recycled plastics by data qual-
ity levels (Deutsches Institut für Normung e.V., 2021). In addition, it may be useful to develop
testing and certification processes to ensure and certify the accuracy of SBMC-data, especially in
the area of SBQC. This standardization not only simplifies value chain-wide data exchange, but
also creates the necessary trust in the transparency generated by SBMC, thereby contributing to
more material circulation and actual use of the generated secondary raw materials.

7Data sources: (Aldrian et al., 2018; Bundesgütegemeinschaft Kompost e.V., 2022; Bundeskartellamt, 2012; Büne-
mann et al., 2011; Burger et al., 2022; Christiani, 2017; Cimpan et al., 2016; ConversioMarket & Strategy GmbH,
2022; DIE PAPIERINDUSTRIE e.V., 2023; Dornbusch et al., 2019; European Container Glass Federation,
2023; Forbrig et al., 2020; Initiative Mülltrennung wirkt, 2021; Institut für Abfall, Abwasser und Infrastruktur-
Management GmbH, 2014; Kehres, 2018; Knappe et al., 2021; Korolkow et al., 2015; Krebs et al., 2019; Krenn &
Wellacher, 2018; Landesanstalt für Umwelt Baden-Württemberg, 2018; Löhle et al., 2020; Montag, 2017; Picuno
et al., 2021; Pretz et al., 2022; Sabrowski, 2020; Sabrowski et al., 2018; Siepenkothen & Neumann, 2017; Steger
et al., 2019; Wieczorek, 2017)
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6 Conclusion

The current recycling industry is limited by a considerable lack of transparency due to the
high effort of manual material flow characterization. While sensor technology in recycling has
so far been used mainly as a sorting technology, this dissertation aimed at demonstrating that
sensor technology could evolve into a new role by verifying the following hypothesis: In addi-
tion to state-of-the-art sensor-based sorting, it is technical feasible to use sensor technology for the
inline characterization of post-consumer material flows with industrial-relevant accuracies and at
industrial scales. Based on the extracted material flow characteristics, novel SBMC applications
can make the value-chain-wide material circulation more transparent and efficient.

To verify this hypothesis, this dissertation aimed at answering three overarching research ques-
tions. For answering RQ I, a systematic literature review (Publication A) of 267 investigations
from 198 peer-reviewed journal articles on the application of optical sensors in mechanical recy-
cling was conducted. The review revealed that SBMC so far has not been recognized as a homo-
geneous research field and thus developed and proposed a unified SBMC terminology. While it
became evident that especially pixel- and particle-based classification methods from SBS could
also be transferred to new SBMC applications, significant research gaps were identified at the
material flow and process level, which hamper the development of a novel SBMC applications
such as SBMM, SBQC, SBPM, and SBPC. The review identified ten future research potentials to
further advance the SBMC research field. Five of these future research potentials were identified
as crucial for verifying the dissertation hypothesis and were thus addressed in RQ II and RQ III
on the example of LWP waste.

For answering RQ II, new characterization methods were developed for determining mass-
based material flow compositions of post-consumer material flows. In Publication B and C, a
particle-level approach for determining mass-based material flow compositions from area- or
volume-based measurements was developed. The trained random forest model outperformed
traditional approaches such as mean particle masses or grammages by a 43% higher R2-score
(R2 = 76.3%). In Publications D and E, a material-flow-level approach was developed in which
mass-basedmaterial flow compositions are directly predicted frompixel-based sensor data using
data aggregation and regression models. Using the material-flow-level approach, binary plastic
flake and LWP mixtures could be predicted with a MU95 of 1.2 vol% (R2 = 99.9%) and 2.4 wt%
(R2 = 99.4%), respectively, across different material flow presentations.

For answering RQ III, the developed characterization methods from RQ II were transferred
into two novel SBMC applications. First, an SBQC application for plastic pre-concentrates was
developed (Publication F). It was demonstrated that the combination of inline NIR sensors and
ML models can predict mass-based purities of post-consumer PET tray pre-concentrates with a
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MU95 of 0.31 wt% at plant scale. In a direct comparison, the SBQC method outperformed state-
of-the-art manual characterization methods with more than 2.5 times lower MU95’s, and it was
estimated that over 350 kg of a 600 kg PET tray bale would need to be manually sampled and
sorted to achieve the same accuracy as the novel SBQC method. Second, a data-driven process
model of an industrial SBS unit was developed by combiningNIR-based processmonitoringwith
artificial neural networks for predicting material-specific transfer coefficients, which achieved a
3.0%MAE across different throughputs, sortingmodes, and input compositions (Publication G).
The process model was successfully applied to simulate SBS cascades to illustrate the influences
of different process designs and changing input compositions on the overall SBS performance.
By positively answering RQ I-III, the stated hypothesis was verified and the dissertation proved
that the potentials of a new role of sensor technology role in the recycling industry (Section 1.3)
can be not only be theoretically envisioned but also be practically implemented.

The developedmethods and applications can be applied further across various use-cases. First,
the developed SBQC application could be transferred to othermaterial flows and life cycle phases.
At differentmeasuring points during collection, sorting, and processing stages, thematerial com-
position of collected material flows, pre-concentrates, and secondary raw materials could be
transparently monitored. The gainedmaterial flow transparency could contribute to an improve-
ment in separate collection (e.g., through targeted campaigns and direct feedback to citizens), a
technical optimization of sorting and processing plants, the creation of positive incentives by
adaptive price models for higher pre-concentrate and secondary raw material qualities, and a
more flexible use of secondary raw material in production processes.

Second, the developed process modelling approach could be applied to other processes (e.g.,
ballistic separators, wind-sifters, drum screens) and to the modeling of entire sorting and pro-
cessing plants. In the plant design phase, such process models could be used to optimize the
plant design and process dimensioning. During plant operation, data-driven process models
could be used for adaptive process control to optimize the overall plant performance and en-
ergy consumption. Value chain-wide, data-driven process models could also be used to make
products and packaging more circular during their design phase by providing direct feedback
on real-world sortability and recyclability, and to contribute to a better alignment between sort-
ing/processing technology and product/packaging design after the product launch.

While the conducted industrial-scale case studies and developed use-cases demonstrate the
large future potentials of sensor technology in addition to today’s SBS, future work will be re-
quired to improve the economic feasibility, integrate them into industrial practice and transfer
them to additional processes and material flows. As these SBMC applications will grow into in-
dustrial practice, they can massively contribute to foster CE based on the created transparency,
thereby reducing primary raw material dependency and increasing generated environmental
benefits, ultimately ensuring a habitable planet for current and future generations.
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Figure A.1. NIR reference spectra for test series T1 (HDPE and PET flakes).
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Figure A.2. NIR reference spectra for test series T2 (post-consumer HDPE packaging, PET
bottles, and beverage cartons).
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Table A.1. Technical data of the used rotary shear for primary comminution.

Parameter Value
Manufacturer MOCO Maschinen- und Apparatebau GmbH & Co. KG
Manufacturer location Viernheim, Germany
Model AZ 7
Peripheral speed 0.5 m/s
Cutting disc width 28 mm
Drive power 7.5 kW

Table A.2. Technical data of the used cutting mill for secondary comminution.

Parameter Value
Manufacturer RETO RECYCLINGTECHNIK GmbH
Manufacturer location Bergkamen, Germany
Model GA 37/450
Peripheral speed 9 m/s
Rotor diameter 350 mm
Rotor length 450 mm
Output mesh size 30 mm
Drive power 37 kW

Table A.3. Technical data of the used analytical sieve.

Parameter Value
Manufacturer Siebtechnik GmbH
Manufacturer location Mühlheim (Ruhr), Germany
Model Analytical sieve machine
Revolution 1,400 rpm
Used mesh sizes 10 mm, 20 mm
Mesh shape Round
Sieving duration 90 s
Dimensions of screen linings 500 mm x 500 mm
Input power 0.75 kW
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Sample masses

PET tray characteristics

As a necessary prerequisite for calculating the minimum sample masses for a 600 kg PET tray
bale, the material flow characteristics summarized in Table B.1 have been determined.

Table B.1. PET tray characteristics for calculated minimum sample masses.

Characteristic Value Description Method
d95 205 mm 95th percentile

particle size
Particlemeasurement of sampled particles

d5 20 mm 5th percentile par-
ticle size

Particlemeasurement of sampled particles

ρbulk 40 kg/m³ Bulk density Bulk density determination using a 90 L
sampling container, mean over 5 repeti-
tions

p 82.6 wt% Average PET tray
mass share

Manual sorting analysis, sum over all
taken samples

Minimum sample masses for a 600 kg PET tray bale

CEN/TR 15310

The minimum sample mass according CEN/TR 15310 is calculated based on Equation (B.1),
where ρbulk is the bulk density of the material, g is a correction factor for the particle size distribu-
tion (Equation (B.2)), which is set to 0.25 in this study. CV is the desired coefficient of variation
caused by the fundamental error and p is fraction of the particles with a specific characteristic
(PET tray articles in our case). A well-accepted value for CV is 0.1 (Khodier et al., 2020), which
is also used in this study. Applying Equation (B.1) to a 600 kg PET tray bale results in a total
sample mass of 0.95 kg per bale.

msample,CEN/TR 15310[g] ≥
1
6
· π ·

(
d95[cm]

)3 · ρ[ g
cm ]

· g[−] ·
(
1 − p[m/m]

)
CV2

[−] · p[m/m]

(B.1)
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g =



0.25 if 4 < d95/d5

0.50 if 2 < d95/d5 ≤ 4

0.75 if 1 < d95/d5 ≤ 2

1 if d95/d5 = 1

(B.2)

LAGA PN 98

TheLAGAPN 98 defines that until a total volume of 60m3 n = 8 incrementsmust be sampled.
The minimum sample volume for particle with a particle size above 120 mm is Vinc = 10 L. The
minimum sample mass for a PET tray bale with 600 kg weight (approx. 15 m3 uncompacted
volume) is then 3.2 kg (cf. Equation (B.3)). (Länderarbeitsgemeinschaft Abfall, 2001)

msample,LAGA PN98 = 8 · Vincrement · ρbulk (B.3)

ÖNORM S 2127

The (ÖNORM S 2127, 2011) defines the minimum increment mass minc, ÖNROM S 2127
based on 95th percentile particle size (d95) according to Equation (B.4). A total sample (msample,
ÖNORM S 2127) must contain at least 10 increments (Equation (B.5)). Until 200 Mg of waste,
one sample is required, resulting in a total sample mass of 123 kg per bale. (Österreichisches
Normungsinstitut, 2011-11-01)

minc, ÖNORM S 2127[kg] ≥ 0.06 · d95[mm] (B.4)

msample, ÖNORM S 2127 ≥ 10 ·minc (B.5)

GBP Quality GmbH

TheGBPQuality GmbHdefines theminimum samplemass per bale to 40 kg (Borowski, 2018;
GBP Quality GmbH, 2023).

COREPLA

COREPLA defines the minimum sample mass per bale to 50 kg (COREPLA, 2022).

Der Grüne Punkt

Der Grüne Punkt defines the minimum sample mass per bale to 80 kg - 100 kg (Der Grüne
Punkt, 2016).

156



Near-infrared reference spectra

Figure B.1. NIR reference spectra for sensor position 1; PET: polyethylene terephthalate, PP:
polypropylene; PE: polyethylene, PS: polystyrene, BC: beverage carton, PPC: paper,
paperboard & cardboard; red regions: selected wavelength ranges for classification.

Figure B.2. NIR reference spectra for sensor position 2; PET: polyethylene terephthalate, PP:
polypropylene; PE: polyethylene, PS: polystyrene, BC: beverage carton, PPC: paper,
paperboard & cardboard; red regions: selected wavelength ranges for classification.
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Figure B.3. Exemplary NIR classification results (false-color images) of randomly selected
packaging items; PET: polyethylene terephthalate, PP: polypropylene; PE:

polyethylene, PS: polystyrene, BC: beverage carton, PPC: paper, paperboard &
cardboard, UNDEF: undefined, BG: background.
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Figure C.1. Sample material with a target (PET) material share of 5 wt%.

Table C.1. Article-based material composition of the non-target (non-PET) fraction.

Material class Non-target material share [wt%]
PP 59.9
PE 30.0
PS 6.2
BC 1.8
PPC 2.2
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Table C.2. Investigated machine learning models using the implementation from sklearn
(Pedregosa et al., 2011). PR: polynomial regression, RF: random forest, ANN:

artificial neural network.

ML Model Investigated hyperparameters
PR Custom based on sklearn.linear_model and

sklearn.preprocessing.PolynomialFeatures()
(see Table C.1)

RF sklearn.ensemble.RandomForestRegressor()
ANN sklearn.neural_network.MLPRegressor()

Table C.3. Investigated hyperparameters for hyperparameter optimization. aimported from
sklearn.linear_model (Pedregosa et al., 2011), bgeneration of polynomial features
with sklearn.preprocessing.PolynomialFeatures() (Pedregosa et al., 2011), cthe

hyperparameter hidden_layer_sizes is calculated based on n_hidden_layers layers
with n_neurons_per_layer neurons each. PR: polynomial regression, RF: random

forest, ANN: artificial neural network.

ML Model Investigated hyperparameters
PR • model_types = {LinearRegression(), RidgeCV(),

SGDRegressor()}a
• polynomial_degree = {1, 2, 3}b

RF • max_samples = {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9}
• max_depths = {3, 5, 7, 9, 11}
• n_estimators = {50, 100, 200, 400}

ANN • activation = {’tanh’, ’relu’}
• learning_rate = {0.0001, 0.001, 0.01, 0.1}
• n_neurons_per_layer = {50, 100, 150, 200}c
• n_hidden_layers = {1, 3, 5, 7}c

Table C.4. ML model configuration of simulated SBS units. PosS: positive sorting (SBS trials
with 5 wt%, 30 wt% and 50 wt% PET share), NegS: negative sorting (SBS trials with

70 wt% and 90 wt% PET share).

Rougher + Scavenger Cleaner
Material Eject Drop Eject Drop
PET PET_PosS PP_PosS PP_NegS PET_NegS
PP PET_PosS PP_PosS PP_NegS PET_NegS
PE PET_PosS PE_PosS PE_NegS PET_NegS
PS PET_PosS PS_PosS PS_NegS PET_NegS
BC PET_PosS BC_PosS BC_NegS PET_NegS
PPC PET_PosS PPC_PosS PPC_NegS PET_NegS
UNDEF PET_PosS UNDEF_PosS UNDEF_NegS PET_NegS
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