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Abstract

Artificial Intelligence has massive potential for improving recycling processes. This mini-review article investigates how robots and artificial
intelligence can be used to sort plastics for improved recycling processes. The first focus is identifying plastic from municipal waste (from
household and household-type industries) through the integration of computer vision and sensor fusion. The next step uses this data to increase
the yield of already existing automated sorting plants. The second focus addresses the processes. Here, classic methods of automation analysis
are applied to develop micro-automation solutions for the plastic recycling industry, for example, by using collaborative robots. As manual
sorting stations are currently part of the plant, the project targets the intelligent assistance of human workers by directly highlighting relevant
objects through data in the sorting process. Finally, as a third focus, a “cockpit” for the data in the entire process is envisioned to facilitate human
supervision and informed decision-making. This paper provides an overview of the current state of the art and formulates concrete usage scenarios.
When real applications are built for developed scenarios, the development and implementation steps must be accompanied by a continuous life
cycle and cost analysis to evaluate the ecological and economic impact. As part of an overall responsible research and innovation approach, social

aspects and rebound effects need also be the subjects of investigation.
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1. Introduction

Plastic recycling as part of a circular economy faces new
challenges: For plastic packaging, as an example, the new Ger-
man Packaging Act (VerpackG) requires a recycling rate of at
least 50 % by the end of the year 2025 and at least 55 % by
the end of 2030 [40]. To achieve these targets, recycling rates
for plastics must increase by 6.7 % by 2025 and 11.7 % by the
end of 2030. Furthermore, within the recycling quota, at least
63 % has to be guaranteed via material recycling since the be-
ginning of 2022. At that point, still, around 53 % of collected
plastic packaging waste ends up in waste incineration plants
[39][29]. The remaining 47 % of sorted plastic is often highly
contaminated due to the excessive overloading of sorting plants.
The result is a low-quality, grey, smelly granulate, which mainly
finds application in the construction and agricultural industries.
Furthermore, increased impurities, such as contamination, or-
ganic waste, composite materials, or even “intelligent misses”
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exacerbate the challenges [15]. As visualized in Figure 1, we
came up with four scenarios in our project “Recyclebot”, tar-
geting the increase in the utilization factor of municipal plastic
waste to contribute positively to the rise in the recycling rate.
The combination of modern detection sensors, image recog-
nition algorithms, automated sorting mechanisms, innovative
gripping systems, intelligent human-machine interaction sys-
tems, and a profound database for material properties for in-
telligent decision-making allow sorted wastes to be specifically
fed into certain recycling paths. As a result, we hope to con-
tribute toward conserving valuable resources and protecting the
environment from pollution and incineration emissions.

The top requirement for successful material recycling is va-
rietal purity. However, post-consumer waste (also packaging
waste) consists of various types of plastics, metal- and multi-
material foils. Automated sorting plants often have an addi-
tional manual sorting station either at the beginning or at the
end of the sorting process [15][11]. At this point, the research
project “Recyclebot” comes into play. In the fourth industrial
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Fig. 1. Visualisation of improvement scenarios in plastic recycling

revolution, collaborative robotics or, more generally, collabo-
rative micro-automation, has been introduced into the manu-
facturing industry [14][19][18]: In addition to large automated
plants, smaller collaborative robots fulfill repetitive tasks per-
formed manually before. “Recyclebot” aims to use the same ap-
proach on regular lightweight packaging sorting plants (LPSP):
We consider two different sorting systems, a conventional LPSP
and an industrial waste sorting plant (IWSP). We aim to ex-
tend them with an inline image recognition system and an au-
tomated chute for improved sorting quality with the help of
micro-automation. IWSP might benefit from the experiences of
the LPSPs since the German Industrial waste law (GewAbfV)
demands improved sorting of industrial wastes for improved re-
cyclability.

1.1. Problem definition

Sorting accuracy is crucial for material recycling, affect-
ing the waste streams’ yield and the recycling products’ qual-
ity. According to Rudolph et al. [37], recycling plastic waste
is only partially profitable, mainly because sorting and waste
processing are too cost-intensive. Despite the state-of-the-art
sorting process being highly automated, high-quality mate-
rial separation still needs to become economically feasible
[33][27][26][31]. Consequently, there is a need to increase the
yield and the quality of the separated stream of plastics. By
combining new technologies, such as Al and automation, with
human experience, the efficiency of the processes can be signif-
icantly raised.

1.2. Project goals
The overall objective is to increase sorting accuracy, here-

with increasing the potential for material recycling and the
availability of recyclates. The primary focus is on increasing the

yield and purity of usable plastics from post-consumer waste
streams (packaging and industrial waste). While sorting pro-
cesses are still separated into subsequent manual and automated
steps, Recyclebot specifically uses synergies from human expe-
rience and automation. This technical innovation will be eval-
uated regarding its environmental and economic impact. By
pairing technologies such as object detection, transformer net-
works, and self-supervised learning with human experience and
knowledge-based data, the system is flexible and adjustable to
future waste streams with little effort.

2. Related Work
2.1. Robots for recycling

Current research looks into adapting existing robotics tech-
nologies for sorting and recycling purposes [12] [32]. Since re-
cycling is labor intensive and potentially hazardous, the sort-
ing industry significantly invests in automation and robotics [9].
The use of robotics for recycling aims to reduce the price, de-
crease manual work, and raise the efficiency and purity of recy-
cling and the materials [22]. As of today, integrating Al-assisted
robots into waste processing is nowhere near as advanced as in
other areas of industry [36].

The Finnish company ZenRobotics introduced the first com-
mercial robotic waste sorter. The two picking systems (one for
fast and one for heavy picking) rely on artificial intelligence
and computer vision to sort items from waste lines. The heavy
picker maneuvers large objects of up to 30kg, and the grip-
per ranges up to 500 mm. It primarily sorts wood, metals, con-
struction materials, and large plastics with a maximum speed of
2000 items/hour. The fast picker sorts lighter materials such as
paper, cardboard, and plastics. It can pick up weights of up to
1 kg and has a pick rate of 4000 items/hour [9].
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Another system is the so-called Cortex, presented by AMP
Robotics. The Cortex is a delta-style robot that picks up items
using suction cups and grippers and reaches speeds of up to
3600 items/hour [9]. Finally, the SamurAl is a robot created in
cooperation between AMP Robotics and Machinex. It can sort
waste with a maximum load of 6 kg and uses the delta-style
configuration to reach speeds of 4200 items/hour [9].

Instead of fully autonomous solutions, humans and robots
can collaborate on tasks to counter technical problems such as
classification, identification, and manipulation. However, this
human-robot coproduction approach still needs convincing ap-
plication examples, and recycling could be one of them. One
example is a workstation developed by TU Braunschweig and
the University of New South Wales for dismantling a battery
module of an electric vehicle. While humans perform the more
complex tasks, the KUKA lightweight robot executes the sim-
ple, repetitive tasks of removing screws and bolts [9].

2.2. Al-assisted robot picking

In particular, this cross-domain innovation provides an ap-
plication example for gripping flexible objects based on infor-
mation from computer vision [35]. Implementing the ability of
robotics grasps has been an important topic for years and is
often realized by deep learning approaches. The goal of the
research is to increase the adaptability and robustness of the
overall system [2]. This section discusses several approaches to
innovative picking techniques in more detail.

One relevant topic is the design of robotic hands or, more
generally, the mechanical construction of the gripping system.
The focus is to reach a stable holding or manipulation of objects
by the specific calculation of contact points. Different designs
lead to different computational criteria and gripping methods
[2]. A wide variety of designs can implement robotic grasping.
Finger gripping, suction gripping, or gripping by means of a
vacuum are some of them.

The task of picking or grasping can be divided into three
steps: searching, selecting, and retrieving objects. The objects
are assumed to have arbitrary positions in a container. It remains
a challenging task with a success rate usually between 80 and
90 % [34]. The main challenge is recognizing individual prod-
uct features and gripping positions in crowded environments.

Research experiments limit the complexity and look, for
example, into pick-and-place operations of three different ob-
jects (cylinder, cuboid, and pyramid). Here, an Al-assisted, self-
driven 3-finger robotic gripper and a support vector machine
(SVM) learning can achieve 91.67% accuracy in detecting the
characteristics of the objects [23].

In order to enable deep learning, thousands of grasp posi-
tions need to be simulated, selected, and scored as graspable
or non-graspable. One of the most recognized machine learn-
ing methods in image recognition is the convolutional neural
network (CNN) [28]. For example, after providing training data
from simulated depth data obtained from Unreal CAD models,
a CNN-based solution achieved a 93 % successful picking rate
[24]. The real-world example was enabled by highly accurate

recognition of the grasping position of a parallel finger-grasping
tool.

Another notable example is the pick-and-toss (PnT) method
instead of the pick-and-place (PnP) method. PnT processes are
fast-working mechanisms for sorting. Advantages of the PnT
process include an increased robot action radius, reduced pro-
cessing time, and an 18 percent increase in the processing ca-
pacity of the robotic units. In general, by implementing PnT
processes, a robotic system can pick an average of 60 items per
minute instead of 30-40 items [36].

2.3. Al for material detection

Applying methods of Al to recycling processes can con-
tribute to their improvement in several ways. Foremost, the
hand-picking method, where humans separate the different ma-
terials can be health hazardous due to harmful substances or
waste contamination. Thus, with automated systems, the work-
ers’ health can be protected, and more objects can be identified
in a shorter period. Moreover, with the help of Al and related
machine learning algorithms, time can be saved, and the quan-
tity of sorted material readily available for recycling can be in-
creased [21].

Data sets have to be created to train a machine learning sys-
tem. (Ahmed et al, 2020) [1] presented some methodologies
and sorting techniques based on Al. The machine learning algo-
rithm is trained using visual characteristics such as size, color,
and shape. The proposed model is sent to the researcher for
an investigation to evaluate accuracy and consistency. The ma-
chine learning algorithm is based on the reloaded data and pre-
set examples in the database. Next to visual characterization,
sound properties and light transmission, as well as electromag-
netic sensors, can be used to separate different materials [1].

(Bobulski et al, 2021) [8] used an RGB camera with a micro-
controller to classify plastic waste into four categories. Then,
with the help of an air jet, the objects are sorted into different
containers. Therefore, the classifier is based on a convolution
artificial neural network. A 15-layer network was first trained
and further compared to a network with 23 layers. The 15-layer
network showed some advantages over the 23-layer network,
such as a shorter learning time and a lower number of required
parameters. This makes it possible to implement such systems
on mobile devices such as the Raspberry Pi [8]. In Recyclebot,
an analysis unit is used to make a breakdown of the material
flow. Based on that, data models for deep learning can be de-
veloped. The basis for the process is a data set, which has to be
further expanded.

(Yang et. al, 2016) [41] applied SVM in addition to CNN to
classify the investigated waste into six categories: glass, paper,
metal, plastic, cardboard, and residual waste. A total of 2400
images were collected for the database, whereas 400-500 im-
ages of recycled objects were made for each category. The light
and pose of the objects were varied to introduce variation in
the dataset. As a result, an accuracy of 63 % could be achieved
using the SVM method. In contrast, for the CNN method, an
accuracy of only 23 % was recorded. This is due to insufficient
data, and the need to work out hyper-parameters [41]. The ac-
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curacy was determined as the ratio of the number of correct
predictions to the total number of predictions.

(Donovan et al, 2016) used a camera sensor to sort items into
compostable and recyclable fractions. Each item was placed on
top of a can’s rotating top. The Al engine, built on Google’s
TensorFlow, could process the image and rotate the top of the
can, thus dropping the item in the correct area [17].

The approach of [13] involved a multi-layer hybrid method
(MHS), which included a CNN and multi-layer perceptrons
(MLP). The aim was to sort waste items automatically into
recyclable and non-recyclable fractions. The applied sensors
were a camera sensor, a bridge sensor measuring the weight,
and an inductor to detect metals. Fifty items were used to train
the algorithm. For each item, the dataset contained the image
and numerical feature information obtained from the other sen-
sors. Out of the images, nine augmented images were gener-
ated, where the image, for example, is rotated or zoomed in. In
sum, a database of 300 datasets was generated. As a result, the
MHS method achieved a detection accuracy of 98,2%. Com-
pared to the CNN-method with an accuracy of 87,7%, MHS
was able to outperform the CNN-method [13].

The main disadvantage of all the processes mentioned above
is that only a single object is captured in each image. Sepa-
rating waste items for single image recognition is very time-
consuming and considered uneconomic. Therefore, it will be
necessary to recognize multiple items on a single image to build
an effective process. Additionally, the number of classifications
to categorize recyclable items has to increase to fully exploit
the potential of recyclable materials.

2.4. Supervisory Control

Supervisory control in this context is used in adaption to the
well-known principle of “human supervisory control”, which
is already known in manufacturing [38]. This “human in com-
mand” or “human oversight” as mentioned in the EU Al
Act paradigm includes a custom-made engineering information
management tailored to the individual application and the de-
velopment of the human-machine-interfaces. The objective is
to facilitate the human operator’s control of a self-adapting pro-
duction system using a good choice of interface elements, espe-
cially regarding situation awareness [20]. Furthermore, innova-
tive interface methods, such as augmented and virtual realities,
will be applied and tested for their practical suitability in the
present context of application [5] [6].

2.5. Materials

Plastic waste is challenging due to the large variability in
materials and material compositions. Although Until now, there
is no standard regarding the composition of plastics for packag-
ing. Accordingly, additives and especially coloring agents are
a noise factor when it comes to sorting for recycling purposes.
Recyclebot intends to develop a database as a ground truth basis
for identifying and classifying plastics.

Of course, there is a molded-in label in most polymer prod-
ucts. Explicitly polymers are labeled into 7 main categories

(PET, HDPE, PVC, LDPE, PP, PS and others). However, there
is no specifications regarding the position or the size of this la-
bel. Accordingly, detection according to this label would imply
that the product must be turned and rotated into all different di-
rections in front of an optical detection method (camera) until
this label is discovered. This would make the detection process
very time consuming. Further, plastics are commonly collected
and then compressed into bales before they get transported to
the sorting station. Another common scenario would be that the
consumer rumples (i.e. scrunches or crushes) the product be-
fore disposal. In such cases, the plastic product is no longer in
its original form and hence, it cannot be guaranteed that the
label can be detected by the optical method. Thus, a short mate-
rial identification (such as an IR spectrum) is more efficient and
time-saving.

This requires mainly the identification of the plastics
and their additives by Fourier Transformation Infrared Spec-
troscopy (FTIR). Further, the suitability for subsequent recy-
cling has to be examined by identifying the thermal and rheo-
logical properties of the sorted waste fractions.

A particular emphasis in Recyclebot is set on identifying
polyvinyl chloride (PVC) in industrial and municipal waste
since the chlorine of the PVC may react with hydrogen forming
hazardous hydrochloric acid (HCL) during subsequent process-
ing steps. Hence such disturbing materials have to be identi-
fied and eliminated from the common recycling stream. On the
other hand, laboratory investigations may help reduce the re-
quirements for high purity, evidencing that a certain mix may
still be acceptable for certain fields of application.

Further challenges are identifying multi-layer objects and
foils and classifying them into recyclable streams. On the other
hand, laboratory analysis provides the basis for identifying so-
called "future” packaging material made of bioplastics. Unfor-
tunately, there are no available data for this category, and cur-
rent sorting machines do not identify them. Accordingly, such
plastics find their way to incineration stations.

3. System architecture
3.1. Scenarios

As displayed in 1, based on the literature study, four sce-
narios have been identified to add to the quality of sorting and
working environment conditions.

Scenario one applies different sensors and computer vision
to improve the material stream analysis. An improved analysis
would result in higher sorting accuracy. The system is to be
adopted in both LPSP and IWSP.

In the second scenario, robots assist in the pre- and post-
sorting of the material streams. This aim goes along with a thor-
ough contextual analysis of the plant concerning automation
potential and adopts state-of-the-art methods from the manu-
facturing industry. By the end of the project, a robot sorting
prototype will be built in a lab environment, which will be used
to gather data from waste fractions to improve scenario one fur-
ther.
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The third scenario focuses on various human tasks that may
remain even if robots are introduced to the sorting process.
Based on the material data obtained from the first scenario, a
“pick by light” visualization system is developed to assist work-
ers.

The fourth scenario covers the supervision of the automated
processes to ensure that the Al-based sorting is still function-
ing within parameters. Also, the overall overview of the sorting
process and the visualization of the sensor data could be helpful
to a human supervisor.

3.2. Method

Recyclebot pursues a human-centered design approach that
begins with an on-site context analysis of the recycling plants
involved [25]. First, the workers’ situation at the plant is
paramount in the context of a human-centered Al [10] [16]
[3]. Next, using established models, the plants are assessed for
their potential of automation [4], following a responsible re-
search and innovation approach [7]. Further, a responsible re-
search and innovation framework is targeted, including an ad-
visory council that will help steering the project sustainably and
responsibly without losing track of relevant stakeholders’ per-
spectives.

3.3. Data acquisition

Based on existing methodologies [8] [30] [1], a data set is
to be first created. Data for the LPSP plant (MEILO mbH &
Co. KG) are already available at WeSort.Al. These were cre-
ated with the help of a specially developed analysis unit to break
down the material flow. On this basis, on the one hand, an ac-
tual analysis of the accuracy of detection and sorting of current
NIR sorting systems can be carried out. On the other hand, it
can be used to develop data models for Deep-Learning algo-
rithms. A database is required in the background as a basis for
decision-making to automate the sorting process. Therefore, the
relevant properties are comprehensively elicited and recorded.
Having the background knowledge about the requirements of
further processing routes, an ontological link with process re-
quirements supports the decision-making and sorting process.

The data to be used for training the algorithms are already
partly available. The companies have a data set of garbage
pieces in an LPSP with a volume of about 100,000 images.
The images were captured by custom-built hardware and sub-
sequently annotated. However, in order to achieve a sufficiently
high level of precision for the detection and separation of ma-
terials using robotic technology, an estimated further 150,000
images are required. This database will be generated as part of
Recyclebot.

3.4. Responsible Research and Innovation

The concept of Responsible Research and Innovation (RRI)
was first coined in the European Union’s Framework Pro-
grammes. It aims to take into account environmental and so-
cietal effects in scientific research and technological develop-

ment processes. RRI focuses on holding research to high ethical
standards. This includes gender equality, open access, citizen
engagement, science education and ethics. It aims to include
all actors (from researchers and innovators to governments and
citizens) in the research and development process by means of
participatory methods at all stages of the process (from pro-
gram planning, through design, implementation, and evalua-
tion). Thus, RRI not only aligns the process with the values
of society, but also improves scientific production. The Recyle-
Bot project is being conducted along the guidelines of RRI. It
follows a human-centered design approach, which starts with
an on-site context analysis at the involved facilities. In the con-
text of human-centered Al, the evaluation of the situation of the
workers is of great importance.

4. LCA

Plastic waste recycling aims to circulate material and avoid
the landfill of waste. The process should be not only ecological
but also advantageous from the economic point of view. In sort-
ing, however, ecological and economic goals often stand in con-
flict. Thus, in practice, sorting plants are often overloaded and
in such cases only the minimum required sorting quotas can be
fulfilled. More accurate sorting requires lower sorting rates for
better waste identification, which in turn results in higher prices
for the high-purity fractions. Based on the current state of the
art, fractions that are sorted out are thermally recycled (i.e. in-
cinerated for energy recovery or incinerated as a substitute fuel
in cement plants) due to their low quality or grade purity. We
aim at further investigating the overall LCA of the project, as
there is impact from the increased use of technology, but we
expect it improve the net greenhouse effect of the current pro-
cess.
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