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Abstract: In order to meet customer requirements and regulations, such as low
carbon footprint, companies are implementing Al-enhanced applications in
production. However, Al is often used in stand-alone applications and lacks
integration into the overall life cycle of products. To address this gap, this
article proposes a framework for improving circularity through data fusion
methods in product inspection. Data fusion combines multiple sources of data,
such as sensor and business data, to improve machine-based predictions. The
framework analyses Al applications, prediction during inspection, and data
fusion methods, and addresses challenges in integrating business data into
predictions. It demonstrates how data fusion improves prediction quality and
stability in inspection. The framework is applied and evaluated in a case study
from the automotive sector, showing an increase in good-quality predictions
based on sensor data, leading to improved resource efficiency and circularity.
This framework can be applied to any sector seeking sustainable manufacturing
(SM).
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1 Introduction

As societies and politics in many developed countries, among others in the European
Union, strive for a zero-carbon future, industrial companies plan to move from
cradle-to-grave supply chains to circular economies. This move requires holistic
consideration of all value creation activities. The holistic review and rethink include any
activities from the design of products that support safe, fair, and easy manufacturing, use,
repair, end-of-life (EOL) activities, such as return, collection, identification, inspection,
reuse, and remanufacturing to the development of ecosystems to deliver all required
through-life services (Jayal et al., 2010).

Life cycle assessment methods measure a set of indicators and calculate the impacts
of alternative value creation chains quantitatively to determine the solution with a lower
carbon footprint (Bilge et al., 2016). One of the key solutions with a lower carbon
footprint is to consider today’s products as resources for the future and to increase the
value created by those resources through multiple life cycles. Circularity refers to the
closed-loop nature of a circular economy, where resources are used responsibly and
efficiently, with minimal waste and negative environmental impact. By implementing
strategies that keep products in circulation for multiple life cycles, creating a more
sustainable and efficient economic model is possible. One key strategy for reducing
carbon footprint is adopting a circular economy model, as proposed by authors such as
Kate Raworth in ‘Doughnut Economics’ (Raworth, February 2017) and Walter R. Stahel
in ‘The product life factor’ (Stahel, 1982) and Gunter Pauli in ‘The Blue Economy’
(Pauli, 2015). Circularity refers to the closed-loop nature of a circular economy, where
resources are used responsibly and efficiently, with minimal waste and negative
environmental impact. Strategies for achieving a circular economy include: designing
products for disassembly and material recovery (Akanbi et al., 2019), implementing
extended producer responsibility and product take-back schemes (Maitre-Ekern, 2021),
fostering collaboration and partnerships in the supply chain (Islam and Huda, 2018),
incorporating circular business models (Vermunt et al., 2019), and promoting circular
consumption patterns through education and awareness campaigns. These strategies can
be implemented by companies, governments, and individuals to create a more sustainable
and efficient economic model, and also a lower carbon footprint.

To keep products in circulation for multiple life cycles, the quality and efficiency of
EOL activities that prepare them for reuse are crucial. These activities include inspecting
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products to ensure that they meet the specifications for the EOL market or repairing and
cleaning the product to bring it up to a satisfactory standard for reuse. Ensuring the
quality of EOL activities enables multiple life cycles. In addition, it lowers the carbon
footprint as part of a circular economy strategy.

In the context of curative return management, inspection is a crucial step in:
identifying the problem that has caused the product to be returned and determining the
appropriate course of action to take.

Curative return management is a process that involves taking steps to correct or
remediate issues that arise in the supply chain, such as defective products or incorrect
orders, and returning them to their point of origin or an appropriate destination. The goal
of curative return management is to minimise the impact of these issues on the supply
chain, reduce costs associated with returns, and improve customer satisfaction.

Decisions about whether to accept product returns for reprocessing or reject
out-of-specification products also impact the quality of EOL activities. This article is
about improving decision-making for life cycle enhancement of product returns. The
better the quality of decision-making, the higher the value of EOL and return activities
and the better the contribution to circularity.

The recent boom in artificial intelligence (Al) has accompanied a rise in Al-enhanced
applications in production and EOL. The scientific production engineering community
has positively contributed to this development with white papers, including use cases
(UC) for Al in manufacturing, assembly, and logistics. These contributions highlight AI’s
benefits for closed-loop manufacturing by improving efficiency, quality, and flexibility to
preserve value. Al is implemented in many prototypes, where it contributes to value
preservation by automating and improving various processes within an organisation.

Al can optimise the supply chain and circular infrastructure. By analysing data and
identifying inefficiencies, bottlenecks, or potential disruptions, organisations can make
data-driven decisions that improve their supply chain performance. Additionally, Al can
help build and improve the reverse logistics infrastructure required to ‘close the loop’ on
products and materials by improving the processes to sort, disassemble, and recycle
materials (Ellen MacArthur Foundation, 2019).

Additionally, AI can be used to inspect product returns to help organisations preserve
value. At the end of the product lifetime, Al systems can assist processes such as
inspection, sorting, separation and disassemble in order to circulate materials and return
products in the economy using the Al function of classification and pattern recognition to
identify objects or materials (Gailhofer et al., 2021). This can also help to improve the
overall customer experience by reducing the risk of customers receiving defective
products. Al can identify defective or fraudulent products and reduce financial losses. Al
can assist in identifying and classifying returned products, which can aid in determining
the most appropriate course of action for each returned item, whether it will be repair,
refurbishment, or recycling.

However, Al in manufacturing is still a relatively new research field and there are still
many challenges that need to be overcome for Al to be fully integrated into the
manufacturing process, and more research is needed to fully understand its capabilities
and limitations. Today, machines with advanced visual and analytical capabilities can
inspect some specifications of product returns. Depending on the application, it is
possible to automate the inspection to reduce costs and increase stability. This article
focuses on Al-enhanced inspections for product returns. The principles and results of this
article are valuable for inspection processes for more sustainable manufacturing (SM).
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However, recent research has mainly addressed single applications and has
limitations regarding the integration of Al into value creation (Sjédin et al., 2021). One of
the limitations refers to the integration of data fusion into businesses, which can be
categorised in cost and resources, data quality and governance, technical limitations,
process, and cultural issues.

Integrating multiple algorithms on the shop-floor can present significant challenges
and limitations, including difficulty in ensuring compatibility and coordination among the
different algorithms, each of which may have its own unique inputs, outputs, and
parameters, and may be optimised for specific tasks. Additionally, integrating multiple
algorithms can add a significant layer of complexity to the manufacturing process,
making it more difficult to understand, troubleshoot, and optimise. The integration also
may bring challenges in data management and real-time decision making, which are the
challenges that persist on the integration of multiple algorithm-based manufacturing for
circularity (Wan et al., 2021).

Limitations of multiclass classification in the inspection of similar products include
the increasing complexity of the problem as the number of classes or of the feature space
increases, making it hard to generalise to new unseen similar products (Liu et al., 2021;
Jain et al., 2014). The class imbalance problem, where one class has more samples than
others, also causes bias in the model (Qin et al., 2022; Han et al., 2019). Additionally,
many algorithms require large amount of labelled data (Abu et al., 2021; Kriiger et al.,
2019), and the assumption that classes are mutually exclusive may not always be the case
in real-world problems. Furthermore, complex decision boundaries can make it difficult
to interpret and explain to domain experts (Kim and Kim, 2020).

Limited validation studies are currently available for the integration of Al in
inspection systems. These studies tend to be limited in scope and focus on specific UC,
showing promising results but not providing a comprehensive view of the challenges and
limitations encountered when integration and scaling up Al in inspection systems
(Lickert et al., 2021). Many studies are conducted in controlled laboratory environments
with curated data, making it hard to generalise to real-world scenarios. Furthermore,
many studies use simulation or synthetic data for evaluation, which may not reflect real-
world scenarios (Schliiter et al., 2018; Kriiger et al., 2019). Despite these limitations, the
studies suggest that Al holds great potential for improving efficiency and accuracy in
inspection systems for a circular economy, but more research is needed to fully
understand the challenges and limitations of applying Al in inspection systems and to
validate its performance in real-world scenarios (Sjodin et al., 2021).

The article presents a detailed discussion on the methods used for applying fusion in
inspection systems. The authors have developed a framework for fusing predictions from
business data and Al-enhanced computer vision to achieve stable and high-quality
inspection of product returns. The framework is specifically designed to overcome data
quality and technical limitations that may be encountered in real-world scenarios. The
article provides a comprehensive analysis of the different fusion methods available, with
a focus on algebraic methods, and compares them based on qualitative literature research.
The authors also present a use case in the context of the circular economy and SM, where
they validate the effectiveness of the proposed framework and methods through a detailed
case study. Overall, the article provides a comprehensive and scientific overview of the
methods used in the integration of Al in inspection systems, with a focus on applications
in the circular economy.
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This article investigates this potential, divided into five sections: the introduction
provides an overview of the current field of study. Section 2 summarises the
state-of-the-art of prediction in production, existing fusion methods, and challenges in
application, especially in circular economy. Section 3 addresses the shortcomings of data
fusion when integrating business data into machine-based prediction. Section 4 illustrates
the framework for applying data fusion in inspection, and applies it in a use case. Section
5 presents the authors’ conclusions on how their findings enhance SM.

2 State-of-the-art on data fusion for inspection

Companies have widely used predictions for procurement since the second industrial
revolution to increase economic benefits. Since the beginning of the third industrial
revolution, companies have collected business data (e.g., product, process, and customer
data), deriving product and process development strategies. Business data are usually any
data recorded in the enterprise resource planning (ERP). Companies apply statistical
methods to describe, predict, and improve business performance. With the fourth
industrial revolution, Al and, as its integral part, machine learning (ML) make its way
into manufacturing, value creation and reverse logistics, contributing to predict process
and product characteristics. The use of Al and ML in manufacturing can further enhance
SM by enabling more efficient, precise, and data-driven decision-making. Multiple
studies explore the intersection of Al, decision-making and SM (Enyoghasi and
Badurdeen, 2021; EIMaraghy et al., 2021; Jamwal et al., 2022a). Their findings highlight
potentials of improvements based on correlation of these domains. For example, Al and
ML can be used to optimise production processes, identify and reduce waste in
manufacturing as well as in the aftermarket, improve energy efficiency, and monitor
environmental performance. Additionally, by predictive analytics, manufacturers can
better anticipate and respond to changing demand, supply, and regulatory environments,
and make more informed decisions that support keeping resources in multiple life cycles
instead of disposal, which improves circularity. In this way, Al and ML support
manufacturers to reduce their environmental footprint, enhance their competitiveness,
and contribute to SM and enable circular economy. Further discussion of specific
contributions is discussed in Section 2.4.

For example, ML-applications predict tool change intervals, reduce auxiliary
materials, or predict optimal process flows to reduce energy or resource consumption,
thus lowering carbon footprint. Production engineers furthermore apply Al in other
fields, such as assembly, inspection, maintenance, disassembly, and logistics
(Takeda-Berger et al., 2020; Wang et al., 2018; Weichert et al., 2019; Petzoldt et al.,
2020a; 2020b; Chen et al., 2020; Cinar et al., 2020; Huang et al., 2019). In short,
prediction methods based on algorithms are increasingly part of successful applications in
production. Hence, the larger the number of algorithm-based applications, the more
important it becomes to define and optimise their integration, which this article
contributes to.

Inspection is a relevant enabler of circularity between product use and EOL stages. It
already offers many promising solutions in Al-enhanced computer vision (Schliiter et al.,
2018; Kriiger et al., 2019; Schliiter et al., 2021; Bogue, 2019). However, in classifying
lots of different classes, i.e., multiclass classification with a high number of classes n¢, of
similar products, these applications are not yet reliable enough, which this article
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addresses. In addition, the inspection is often an interface to other stakeholders, such as
customers, suppliers, authorities, and processes. Although some authors highlight ideas
and concepts for exchanging and sharing data between stakeholders for better inspections
and follow-up processes (Blomeke et al., 2020; Kintscher et al., 2020), existing concepts
lack detail and validation that this article provides.

Likewise, inspection is a prerequisite for value-determining and sorting in the circular
economy. Retailers incur high costs because of product returns and the associated loss of
value (Asdecker et al., 2021; Asdecker and Karl, 2018). So far, the set of measures used
in curative returns management is not suitable for the volume of returns. Inspection
requires high quality in determining product states and prediction process reliability. This
article contributes to value preservation with stable and high-quality inspection of
product returns by fusing predictions from business data and Al-enhanced computer
vision.

Section 2.1 summarises the state-of-the-art of prediction in inspection based on
business data and Al. Section 2.2 analyses existing fusion methods and their potential for
inspection. Section 2.3 addresses the challenges of application challenges. Section 2.4
analyses the previous work about the intersection of Al, decision-making and SM, and
describes the challenges of circular economy. Finally, the research gap regarding the
integration of business data into Al-enhanced predictions is summarised.

2.1 Prediction in inspection

Predictions based solely on business data during inspection have limitations because of
the variety of product states. Therefore, business data provides mostly strategic values
with limited information about the certain state of products (Lickert et al., 2021). Even
though it is possible to predict the probability of product returns from transaction data
(Asdecker and Karl, 2018), it is so far not possible to predict the state and the residual
value of a product return. The better an inspector knows the product state, the more
viable the inspection is. Therefore, it is important to use enough sensors to measure the
state of the products and predict a target value, e.g., by computer vision.

Al is a powerful tool to determine the state of a product. Al includes: the ability to
learn, adapt, and make decisions based on data, the ability to process and analyse large
amounts of data and information and the ability to perform tasks that would typically
require human intelligence. Al systems often use algorithms and data to process and
analyse information, and then use that information to make decisions or take actions. This
enables them to perform a wide range of tasks that are hardly possible for humans to do
on their own. Al is a rapidly growing field, with many applications in a wide range of
fields, including healthcare, finance, transportation, and education.

In inspection, computer vision digitally captures and evaluates products and contexts
with neural networks trained in object detection (class) or recognition (class and location)
in real-time to streamline the processes. With visual and non-visual sensory, Al detects
and evaluates and thus helps to inspect a product’s characteristics (Schliiter et al., 2021).
Today, Al widely uses optically detectable product characteristics for this purpose. These
are surface properties and geometric dimensions or missing subcomponents.

Several sorting systems already make automated decisions based on the type of
material (Bogue, 2019). However, these systems limit their application to a relatively
small number of different classes. As a result, different classes of the same material and
similar dimensions experience poor sorting quality with these solutions.



170 R. Schimanek et al.

Other Al solutions evaluate products according to visually measured dimensions
(Abdelrahman and Keikhosrokiani, 2020). These solutions predict the accuracy of
manufactured products. However, in product returns, the dimensions of some classes are
the same. For example, product lines receive new class names even though little has
changed externally and much internally.

For example, Al performs well in detecting missing subcomponents of an assembly
(Burresi et al., 2021; Weichert et al., 2019). This is helpful for damage detection.
However, procedures for detecting missing subcomponents represent only a part of the
inspection for many product classes, since there are many other potential damages.

Acoustic sensors provide another source of data that allows Al to assess the sound of
an object and thus its completeness. Even on a noisy production floor, these Al
applications quickly predict a product’s integrity (Zhang et al., 2021). However, acoustic
sensor-based Al applications are limited to specific products and classes.

Al-enhanced applications in inspection refers generally to the use of Al in the process
of inspection, which involves examining products to ensure that they meet certain
standards or specifications. This can be done by Al-enhanced computer vision, which is a
technology that allows machines to analyse and understand visual data, such as images or
videos. In this context, Al-enhanced computer vision can be used to automatically inspect
products and identify any defects or issues. Al-enhanced applications in inspection, on
the other hand, refer more generally to the use of Al to enhance the accuracy, speed, and
reliability of inspection processes with available data.

Al-enhanced applications in inspection predict high-quality product states and stable
processes. Nevertheless, they are limited in predicting a class out of many similar classes
connected to a product group (multiclass -classification). The classification as
categorisation is an enormous challenge for products with a high number of similar
classes. The various Al-enhanced applications are good at a particular task, usually with a
few output classes. However, there is the problem that different classes are sometimes not
differentiable by one sensor type.

Data fusion provides an optional way in order to overcome the limitation of
Al-enhanced applications in predicting a class out of many similar classes. Data fusion is
the process of combining data from multiple sources to improve the accuracy and
reliability of the information being analysed. This can be done through a variety of fusion
methods, such as decision-level fusion, where data from different sources is combined to
make a final decision, or feature-level fusion, where data from different sources is
combined at the level of individual features, such as colour or texture. Data fusion is
commonly used in a wide range of fields, including computer science, information
technology, and engineering.

This subsection concludes that it is helpful to combine different sensors to make
classes differentiable, e.g., by including the core mass in predicting an Al-enhanced
computer vision (Schliiter et al., 2018). However, the combination of different sensors to
inspect a high number of different classes is still insufficient. The realisation of this
potential through business data integration is vital. Data fusion contributes to this
integration with some limitations. This article extends the approach to further available
information about the product and supplier.
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2.2 Fusion methods in inspection

Fusion methods are already being used to improve inspections. These include methods
that use sensor data fusion to enhance predictions. Multi-sensor imaging systems have
increased flexibility in production and inspection (Gil et al., 2007; Petzoldt et al., 2020b).
Fused sensor sources are, for example, near-infrared spectroscopy sensors, three-
dimensional laser sensor systems, high-resolution red-green-blue (RGB) cameras,
imaging metal detectors, or visible light sensors. Areas of application include picking and
sorting items from moving conveyor belts (Gil et al., 2007; Bogue, 2019). In brief, fusing
data from multiple sensors to measure products in inspection is common in industrial
applications. However, this fusion usually senses similar characteristics, e.g., dimensions
of a product, for enhancing inspection. Following paragraphs describe an exploratory
study for fusion methods, in which the authors investigate the suitability for a fusion of
different characteristics.

Various fusion methods are already successful in fusing predictions from two or more
information sources, thus improving prediction quality by determining the most
appropriate source to achieve maximum utility or combining multiple sources to reduce
uncertainty. The topology of fusion methods differs according to application and
objective: fusion methods are centralised, decentralised, or hierarchical (Xiong and
Svensson, 2002). However, fusion methods rely on algebraic, statistical, and
Al-enhanced methods. Here are the advantages of acknowledged fusion methods.

2.2.1 Algebraic methods

Algebraic methods like averaging, intersection, and multiplication rules fuse different
sources based on the rank or score information (Kittler et al., 1998; Kittler and Alkoot,
2003). For example, Friedman’s procedure identifies and evaluates the differences
between respective sources to assess the quality of their evidence. Algebraic methods are
easy to interpret and compute, but they are vulnerable with few predictors and large
variations in ranks (Tubbs and Alltop, 1991). They are simple and cost few resources,
have no learning overhead, consider each predictor equally, and are therefore examined
in an application.

2.2.2 Weighting methods

Weighting methods combine long-term offline data with short-term online data to fuse
historical and current data (Liu and Aberer, 2014). Both sources relate to user behaviour
and link basic behaviour with dynamic adaptation. This is advantageous for processes
that change. However, they involve high complexity and definition effort. In inspection,
this is of particular interest when changing objects of investigation arise or predictions
about the time that include changing parameters. It is possible to determine the weights
using statistical methods. These include the Bayesian and Dempster-Shafer approaches,
which are based on assigning weights to the postulated states of the system to be
measured (Challa and Koks, 2004). Whereas the former is more suitable for dynamically
predicting a changing state, the latter can be used for one-off observations, such as
product inspection. The implementation in this article involves one-off observations,
which is why Bayesian methods are not pursued further.
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Multi-sensor fusion based on the Dempster-Shafer theory of evidence (DST) presents
a helpful method to fuse data from multiple sensors to gather information (Shafer, 1990).
Engineering initially used it for condition monitoring of rotating equipment. It is also
used in maintenance to improve the information base within operating equipment. Multi-
sensor fusion combines, e.g., temperatures, vibrations, and measured currents to predict
machine failure and product quality. This statistical method applies, for example, in
additive and subtractive manufacturing processes (Rao et al., 2015). The widely applied
Dempster-Shafer rule fuses the states of the different sensors (Rogova, 2008). Assigning
reliability to a particular prediction is helpful because it includes the historical differences
in sources for the prediction. The disadvantage is that counter-indexed or anti-symmetric
predictions of sources lead to counter-intuitive predictions of DST (Myler, 2000).
However, as we aim for a high probability of predictions from all sources, the advantages
outweigh the disadvantages from our point of view, so the theory is applied and
investigated in the following.

2.2.3 Ensemble methods

Ensemble methods combine multiple algorithms to achieve better predictive performance
than would be possible with any of the individual algorithms alone. Ensemble learning
methods aim to optimise the overall result by generating multiple predicting sources from
one dataset rather than fusing different independent sources of information (Valcarce et
al., 2017). They divide into three groups: The first group learns on one dataset with
different algorithms. The second group focuses on testing different training parameters of
an algorithm. The third group uses different learning algorithms for different datasets.
The third group is of interest to the fusion of different sensor types. In the following,
stacked generalisation is introduced as an example for groups one and three, and a bucket
of models as an example for group one.

For example, stacked generalisation is an ensemble method that uses a high-level
model to combine lower-level models to achieve higher predictive power. First, different
models train with one type of dataset. These are subsequently tested. Later, e.g., a
regression model trains on the test results (Wolpert, 1992). Stacked generalisation is
suitable for the application case because it does not require knowledge about the
parameterisation of the individual predictors.

The so-called bucket of models is another ensemble method. The models are trained,
and the best method is assigned to each bucket of input data. Inputs can be divided into
ranges or bins, and different models or combinations can be selected for each input range.
The resulting predictions are similar to those of the best sources involved (Qu and Wu,
2009). In the case of product returns, this is of interest because the input variables vary a
lot. Furthermore, there is the possibility that inputs are missing, which other models with
fewer input variables could then compensate.

2.2.4 Learning to rank

Learning to rank enables a fusion of probabilities for search queries, e.g., using logistic
functions focusing on user-centric relevance. These methods, such as RankNet,
LambdaRank, and LambdaMART, apply to information retrieval systems alongside
various similar methods (Liu and Aberer, 2014; Burges, 2010; Burges
et al., 2005). Applying these methods to inspection tasks that work with varied equipment
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or face changing requirements at different operating sites is conceivable. However,
unambiguous decisions about the state of the products or processes must be made
independently of the agents during the inspection. Therefore, in the following
elaborations, special attention is paid by the authors to the implementation of how
decision-makers train learning to rank without letting their personal preferences enter it.

2.2.5 Machine learning algorithms for neural networks

ML algorithms that allow for the training of neural networks that fuse different sources or
choose an optimal path include, e.g., unsupervised competitive learning or supervised
backpropagation. Others serialise or parallelise proven architectures, e.g., a convolutional
neural network and a multilayer perceptron for predicting tool wear on a milling machine
(Huang et al., 2019), whereby the topology and parameterisation of the layers quickly
become confusing.

In competitive learning, competitive layers determine which subnet or node achieves
the best possible result for an input (Rumelhart and Zipser, 1985). Therefore, each source
should represent information whose errors are independent of the others to fuse
information productively. Nevertheless, competitive learning can lead to the complete
exclusion of neurons. Apart from this, it is of interest for industrial application because of
its unsupervised nature.

Backpropagation adjusts neurons to generate the desired fused output for an input
(Rumelhart et al., 1986). A disadvantage of backpropagation is the parameterisation
effort. Of course, it is possible to train a centralised or serialised fusion model that
incorporates all raw data sources from sensors and business data and uses them to predict
the state of products and processes. The challenge here is how to make changes later in
production operations. The model must be completely retrained or redesigned if changes
are made to the sensors or topology. Due to the high efforts needed, this method is not
investigated further.

2.2.6 Implementation of fusion methods in inspection

A variety of fusion methods are intended by the authors to be used for improving the
accuracy of Al-enhanced applications in inspection, including algebraic fusion, ensemble
methods, and ML algorithms. Algebraic fusion is simple to implement, making it a good
choice for applications where data fusion needs to be performed quickly and efficiently.
Ensemble methods, on the other hand, can provide improved performance by combining
the predictions of multiple models and are also simple to implement. Meanwhile, ML
algorithms are hard to implement but promise to be trained on data from multiple sources
to improve their accuracy and reliability.

2.3 Challenges of applying fusion methods in inspection

From an inspector’s perspective, there are some challenges regarding the applicability of
existing fusion methods. One of the major challenges is missing standard formats.
Available sources in an inspection system must be transferred in a uniform format to
perform applicability and sufficient flexibility for later changes.

Fusion methods with low learning and parameterisation effort cannot afford this
transfer. Instead, they use prediction lists of a number ng of different sources to achieve a
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fusion of the prediction (Tubbs and Alltop, 1991). These fusion methods are limited to
the fusion of classification or ranking results. Here, the number of classes n¢ of predictors
is the same. Each class C; of i = 1...nc is assigned a score (often termed confidence) s and
a rank r by the predictor. And yet, the number of classes n¢ that can be captured by each
source may be different because, for example, classes do not have these characteristics.
We address this challenge, for example, with intersectional and ML methods.

A further relevant challenge of applicability is the objective of the algorithms. For
instance, fusion methods for information retrieval systems do not look for the best result.
However, they want to present a set of predictions optimally for the user. This user
orientation is a disadvantage in tasks that aim at unambiguous identification or
evaluation, such as inspection. The decision-maker, for example, the inspector on the
shop floor, should receive a unique prediction that stands out from the others to indicate
the right decision. The preferences of the inspector should not influence the decision. We
develop short and differentiable predictions that improve through collective decisions by
all inspectors.

2.4  Challenges of circular economy

This subsection introduces the essential terms and challenges in order to provide a clear
understanding of the authors’ perspective on inspection impacting circularity. This
perspective is based on the state-of-the-art analysis about the intersection of Al,
decision-making and SM.

SM aims to create products that meet the needs of the present without compromising
the ability of future generations to meet their own needs (Seliger et al., 2011).

Jamwal et al. (2022b) found that ML technologies play an important role in SM by
improving the overall efficiency of the manufacturing industries. They have developed a
ML-based SM application framework for the manufacturing industry that includes four
phases of SM: pre-production or planning, processing, production, and product recovery.
ML techniques are suitable for handling large, complex data generated in these phases
and are found to improve the performance of the SM system. Al-based decision making
is emphasised as an important aspect of the study, which finds that ML and Al-based
technologies are important for developing Industry 4.0 practices with regards to
sustainability. The study highlights that ML approaches have the potential to bring new
improvements in resource utilisation, tool life prediction, and quality management in
manufacturing industries. Furthermore, it was found that ML techniques in SM offer a
wide range of opportunities for sustainable development, such as supply chain
management, condition monitoring, and predictive maintenance.

SM is the practice of designing, producing, and using products in a way that
minimises negative impacts on society, the economy, and the environment (Seliger et al.,
2011).

In the social dimension, SM aims to create products that are safe and healthy for
people to use and that support the well-being of workers and communities. This can
include ensuring that products are made with non-toxic materials and that workers are
provided with safe and healthy working conditions.

In the economic dimension, SM seeks to create products that are affordable and
accessible and that support the long-term viability of businesses and industries. This can
include using sustainable production processes that are cost-effective and efficient. Such
processes create high-quality products that are in demand by consumers.
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In the environmental dimension, SM aims to minimise waste and pollution and to use
natural resources responsibly and efficiently. This can include designing products that are
easy to recycle or repurpose and that use renewable materials and energy sources.

Sousa Jabbour et al. (2018) discuss the importance of environmentally-SM decision-
making, which includes the green design of products and processes, and environmental
management of supply chain operations. It also lists and classifies practices addressing
environmentally-SM decision-making, such as design for environment, cleaner
production, and green supply chain management. The use of technology is highlighted as
a key component for environmentally-SM decisions, as it can lower resource use and
minimise environmental damage. The article also suggests that Industry 4.0 technologies
can enable efficient resource allocation and more SM decisions. It highlights the potential
benefits of connecting machines, tools, and devices through the internet, sensors, and
RFID to improve data collection, tracking, and decision-making.

The circular economy is a broad economic system in which resources are kept in use
for as long as possible, and waste and pollution are minimised. This can be achieved by
designing products and processes that are efficient and sustainable and by reusing,
repairing, and recycling materials and resources. The goal of the circular economy is to
create economic growth and development without causing harm to the environment or
depleting natural resources. In a circular economy, waste and unused products are
designed to be recycled back into the production process, reducing the need for new raw
materials and helping to conserve natural (Hauschild et al., 2020).

Circularity is a systemic approach to economic growth that seeks to eliminate waste
and promote the continuous use of resources. The term circularity focuses on closed-loop
resource use and waste management systems (Jawahir et al., 2006).

The circular economy and SM are both focused on reducing waste and increasing
efficiency in the use of resources. One way to do this is using Al-enhanced inspection
systems, which can help identify and sort materials for reuse. Al-enhanced inspection
systems classify and identify products materials and can be used to detect defects and
improve the accuracy of inspections. This can help to ensure that only high-quality
materials are reused, improve sorting, reducing waste and improving the overall
efficiency of the manufacturing process.

Carbon footprint indicators, such as the saved CO, per reused product, are also
closely connected to the circular economy and SM. By measuring and tracking the carbon
footprint of products throughout their life cycle, organisations can identify areas where
they can reduce their environmental impact and improve their sustainability. By reusing
materials, organisations can significantly reduce their carbon footprint, as it requires less
energy to process and manufacture products from existing materials than from raw
materials.

An Al enhanced inspection system can contribute to the reduction of CO, emissions
by improving the efficiency and accuracy of product inspections. This can lead to a
reduction in the number of defective products that are shipped to customers, which in
turn reduces the need for re-inspections and remanufacturing. Additionally, the Al system
can help identify products that are suitable for reuse, which can reduce the need for new
products to be manufactured, thereby lowering the overall carbon footprint.

Liu et al. (2020) suggest that smart technologies should facilitate the sharing of data
and knowledge among various sources of product life cycle management, leading to more
efficient decision-making. Future research should focus on using data and knowledge in
areas such as product design, production, operation, and maintenance, as well as supply
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chain management. Additionally, they recommend research into sustainable product life
cycle management, Al-based decision-making, and innovative strategies for design,
manufacturing, service, and maintenance, leading to digitalisation in cleaner production.

The EOL of a product refers to the stage at which it is no longer used by consumers
and is no longer useful for its intended purpose. At this stage, the manufacturer may
discontinue technical support, software updates, and replacement parts for the product,
making it difficult for users to continue using it. This may require users to upgrade to a
newer model, which can be costly and impractical.

EOL can also impact the environment, as discarded products may need to be disposed
of safely and sustainably. In some cases, manufacturers offer EOL services, such as
recycling programs or trade-in offers to help users return a product. Afterwards, the
returned products can be remanufactured and sold as new products. Therefore,
business-to-consumers (B2C) need to be aware of a product’s EOL status to make
informed purchasing decisions.

In the field of business-to-business (B2B), companies which are stakeholders in the
aftermarket collect, transport, store, inspect, and repair these products. Each returned
product is unique since its use and conditions during its lifetime are case-specific.
Additionally, little data and information about its manufacturing and use stages and status
are available.

Little data and information are one of the biggest challenges of the aftermarket,
including all B2B stakeholders and processes such as inspection. Consumers prefer
paying less for remanufactured products than new ones (Wewer et al., 2020). Making any
business case profitable and resource-efficient in the aftermarket contributes to keeping
more resources in closed life cycles. This article investigates the contribution of Al and
data fusion to inspection for this purpose. Combining these methods with business data is
a potential field discussed in the next subsection.

2.5 Research gap in integrating business data into Al-enhanced predictions

Inspection is a prerequisite for value-determining by product returns and, hence, sorting
processes to increase the value preservation in multiple lifecycles. Al is a powerful tool
to enhance predictions for inspecting various product returns after the use stage.
Nevertheless, data fusion for Al-enhanced applications results in three major
shortcomings. They are related to integrating business data into prediction:

Al-related efforts have focused on equipping specialised classifiers in inspection. For
instance, Al streamlines only optical inspections by rapidly classifying products.
However, integrating Al into further process-relevant information is insufficient. For
example, inspection systems rarely fuse predictions from business data with Al In
addition, there are only a few ML algorithms that automatically supplement business data
with Al-enhanced knowledge from domains other than inspection. As a result,
remanufacturers lose valuable domain or expert knowledge. This loss of knowledge must
be reduced to improve inspection’ performance.

So far, sensor failures and errors in pre-processing of data lead to misinterpretations
of the Al, creating a need for process stabilisation. Even the most minor disturbances or
failures can severely affect the following value creation process. Foremost,
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non-machine-learned products or correlations lead to incorrect predictions. In addition,
specific patterns challenge the identification and evaluation of products, even with
Al-enhanced computer vision. Therefore, the computer vision of such products must be
improved.

Business data evaluation (BDE) and Al-enhanced computer vision suffer from
concept drift, like any prediction method. Learned models degrade and produce worse
predictions because of product (returns) with different characteristics that were not
learned by the learning algorithms. The fused predictions vary according to concept drift
of participating sources. The impact of this variation needs to be addressed.

From the above-described shortcomings in Al-enhanced inspection, research
questions arise. The remainder of the article addresses the following research questions.

Q1 What are the requirements for fusing predictions from business data and neural
networks, e.g., Al-enhanced image recognition, to enable higher quality and more
stable predictions? The objective of this research question is to identify the
requirements for fusing predictions from business data and neural networks to enable
higher quality and more stable predictions. The outcome of this research could be a
set of recommendations for data fusion techniques that are suitable for Al-enhanced
image recognition.

Q2 Which fusion methods can improve the quality of predictions for the decision-
maker? The objective of this research question is to evaluate different fusion
methods in terms of their ability to improve the quality of predictions for the
decision-maker. The outcome of this research could be a comparison of different
fusion methods, highlighting the strengths and weaknesses of each approach.

Q3 Which fusion process design is appropriate for providing higher process stability in
case of failures by any contributing predictor? The objective of this research question
is to determine the best fusion process design for providing higher process stability
in case of failures by any contributing predictor. The outcome of this research could
be a recommended fusion process design that is appropriate for ensuring stability in
the presence of failures.

3 Framework for data fusion in inspection

This article addresses the research questions by investigating fusion methods that
combine Al with business data. This section describes the proposed framework for
applying fusion methods in inspection. It highlights key aspects to make the application
successful.

The proposed framework comprises five steps, which follow each other sequentially.
The first step examines the fundamental qualification for data fusion (see Section 3.1).
The second step examines obtainable business data and characteristics of the predictions
of Al (see Section 3.2). The third step comprises an explorative data analysis along the
value creation chain (see Section 3.3). The fourth step helps to select a suitable fusion
method (see Section 3.4). In the last step, the fusion methods are tested and evaluated
(see Section 4).
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3.1 Preconditions for data fusion

The first step of the framework addresses the fundamental qualification for applying data
fusion in inspection. In this step, the tester justifies the technical and economic feasibility.
Technical feasibility means assessing the practicability of implementing data fusion in an
inspection system. Economic feasibility means assessing the value and cost of data
fusion. Figure 1 presents the examination of the fundamental qualification for data fusion
with four framework questions (F1-F4).

Testing of UC for data fusion by combining Al and business data evaluation begins
when the answer to four fundamental questions is ‘yes’, including the existence of the use
of Al (see F1 in Figure 1) and business data (F2). F3 addresses the need for the greatest
possible connection between process steps and data via a cloud/data availability between
processes and the participating stations of the inspection system. Quick access to business
data is important. Otherwise, predictors wait or miss data that is essential for prediction.
F4 addresses the scalability of the inspection application. There is no fundamental
qualification if the answer to any question is ‘no’.

Figure 1 Preconditions for testing for UC of data fusion
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3.2 Characteristics and data in inspection

In the second step of the framework, the analyses of the collectable data and the data
basis already used and still available must be examined to identify a use case for data
fusion.

First, the user must answer which characteristics the Al-enhanced application predicts
and which data it uses for the prediction. The goal of Al in inspection is to predict one or
more characteristics. In doing so, Al-enhanced applications rely mostly on a combination
of historical and present measurable data (Schliiter et al., 2021). This data must be
explicitly analysed.

Characteristics of products, equipment, and processes can be divided into
observables, assignments, and performance indicators:

e Observables are physical properties that can be measured indirectly or directly. For
example, sensors that measure physical properties collect cardinal or interval scaled
observable data.

e Assignments denote given titles and names representing a particular set of
observables, often nominally scaled. In terms of processes, assignments are, e.g.,
name of a model or a method.
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e Performance indicators are qualitative data characterising performance,
price/value/cost, or quality. For example, a product may have damage from several
nominal damage categories, an ordinal quality class, and cardinal raw material
values.

In many processes, it is impossible to measure values of the state variables that describe
the system state in-line, which are essential for process control. Instead, one measures
quantities that depend on the state variables (Weichert et al., 2019). Therefore, mainly
indirect rather than direct data can be collected, even though the latter allows more
precise differentiation.

Next, the user needs to search the value creation chain for available data for the
inspection process. The user must answer whether data already exists for these
characteristics. If no data is available, the user must obtain the data about the
characteristics through suitable measurements or observations or acquisition (Kintscher
et al., 2020). When analysing the obtained data, it makes sense to prioritise the data first
for the most promising business data for the inspection purpose.

Data from sensors, documented product movements, or observations of employees
are measured data (Weichert et al., 2019). In contrast, simulated data represent only
model processes or products that play a major role in inspection, but as a prediction itself
rather than as the data basis for modelling the prediction.

Production environments generate data on the shop floor (Dittmann et al., 2021) or
receive data from suppliers and pass on data to customers (Blomeke et al., 2020).
Occurring characteristics during measurement can therefore be set in relation to the
stakeholders. Stakeholders have incorporated their features into objects. These features
are differences that can be used for inspection.

There is time-variable data and data tied to the entities, product, process, or operating
equipment from production and the value creation chain. Time-variable data
differentiates between continuous data and data that contains data points sequentially or
periodically (Weichert et al., 2019). These are particularly valuable as they allow
conclusions to be drawn about the development of a residual value of assets. Today, they
are more likely to be found in processes and operating equipment than in products. It is
desirable to obtain the data tied with the characteristics from a digital twin connected to
the entities (Blomeke et al., 2020; Dittmann et al., 2021). If no digital twins of a product
are available during inspection, a prediction can be made based on products of the same
class, production period, or other features (Lickert et al., 2021). Similar products can also
be used as a reference for inspection.

If the user has prioritised the data along the value creation chain, the user must
aggregate and investigate chunks of data. The data are examined whether they are
suitable for the determination of characteristics.

3.3 Explorative data analysis along the value creation chain

In the third step of the framework, the available data candidates shall undergo an
exploratory data analysis to determine their significance for prediction in the inspection
process. Inspections often serve as an interface to other stakeholders and processes.
Therefore, some processes are likely to generate certain data types concerning the
product characteristics. The following example steps represent typical data fusion UC.
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UCI1 Supplier data, product quantities, and packaging patterns occur upon incoming
product returns. Determining the time of arrival assigns an age to the product
returns in the workshop (Lickert et al., 2021). Patterns of characteristics appearing
in the later inspection refer to a supplier or delivery of products. If two different
suppliers return the same product class at different times, later measurements of
product characteristics reference the time and the supplier. For later retrieval,
creating a unique inspection ID becomes necessary, e.g., via a label on the
product.

UC2 The inspection identifies, measures, checks, and documents characteristics. The
inspection covers observable product characteristics, e.g., visual condition, sound,
mass, and completeness. In addition, the collection of process-related data, such as
the reject rate or product quality, allows a parameterisation of the process
variables of the same and subsequent process steps. If the data forms
characteristics, the Al-enhanced manufacturing steps can improve product quality
prediction, for example, to better adapt the process variables to the material.

UC3 Warehouses store and buffer incoming and outgoing materials and (intermediate)
products. Stocks are recorded and can be traced back to class and the product ID,
if an ID is available. The derivable data describe the material state, the material
flows over time and allow conclusions about the productivity of processes. For
example, if warehouses record the environmental conditions, subsequent
Al-enhanced inspection can use these with the material properties and the
dimension of the materials to optimise predictions regarding, e.g., product quality.

UC4 Manufacturing and assembly change material and products in their dimensions
and visual appearance and thus influence the product properties. If deviating
process properties or, for example, supplier-specific properties of the input
products are known to the Al during the inspection of the incoming material, the
prediction of product quality can be optimised by merging the data.

3.4 Selecting a data fusion method for a specific use case

Given the use case, some data fusion methods are more appropriate than others. Table 1
lists available methods for data fusion of business data and Al-enhanced inspection.

Algebraic fusion methods (Type A) come into consideration when prediction from
the retrievable business data infer the same format, characteristics, and quality as the Al
prediction. Then they are suitable for reducing the uncertainty of already good
predictions by the sources.

UC, which involve sources that produce eligible predictions for inspection can apply
weighing fusion methods (Type W) such as DST approaches. Each participant receives a
weight on his past predictions. UC involving time-series data or multiple product
inspections are more suitable for Bayesian approaches.

UC, which involve many locations and different equipment for inspection of the same
goods, can utilise their characteristics for prediction in the local production environment
(Type ML). They integrate their local requirements into the prediction by fusion with,
e.g., learning to rank methods.
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Methods for data fusion of business data and Al-enhanced inspection

Table 1
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UC, which involve prediction sources relying on different input data, which also result in
differing predictions, may apply ensemble methods (Type E) like stacked generalisation
or backpropagation ML techniques. UC that either has sources on the same input data or
produce differing predictions can apply a bucket of models for fusion to identify the best
quality predictions for a given input.

UC with high freedom or the concatenation of characteristics lend themselves to this
ML fusion methods like backpropagation. The more diverse the task and the higher the
interconnection between the actual task and the measurable characteristics, the more
likely ML algorithms might find use in fusing the data.

UC with a proprietary Al-enhanced inspection source or a topology from an
Al-service provider that does not disclose its predictive algorithms for sorting or
evaluation. Here, algebraic, weighing, and ensemble methods offer a possibility of
leaving existing solutions in the value creation chain and extending them with further
process-relevant information.

When going through the framework for the application of fusion methods, it is
important to keep in mind the technical feasibility and the economic feasibility. Certainly,
integrating expensive sensors and the continuous expansion of cloud networking in
companies can improve the inspection processes, but this must always be weighed
against the effort and the resulting success.

In the final step of the framework, the chosen method must be implemented and
tested on the use case. The implementation and test strategy depend on the respective UC
and the given data. Regardless of the fusion method and the test strategy, a sufficiently
large database must be available that corresponds to productive operation. Experts from
the respective domain are crucial for assessing the representativeness of the dataset.

Circularity, on the other hand, refers to the degree to which a product, system, or
process is designed to be part of the circular economy. A circular product, for example,
might be designed to be easily repaired, upgraded, or recycled to keep it in use for as long
as possible. A circular system, such as a recycling program, might be designed to capture
and reuse materials that would otherwise be wasted. Finally, a circular process, such as
closed-loop manufacturing, might involve using waste products as inputs for new
products to minimise waste and pollution. In all of these cases, the goal is to move toward
a more circular economy where resources are used efficiently and sustainably.

In this section, a framework is proposed that enables the integration of business data
with Al-enhanced inspection. The proposal of the framework highlights the necessity for
integration of both, an informational linkage of the business data and the observed
characteristics of the products or processes. Furthermore, it becomes clear that a deeper
analysis of the business data and the Al-enhanced application is necessary to identify the
possible positive effects of a fusion. Additionally, the proposal explicitly illustrates that
the fusion for the respective identified UC must be implemented and tested to measure its
impact on inspection. Section 4 demonstrates hereafter the implementation and testing of
the methods for a specific application.

4 Implementation of data fusion for inspection of product returns

This section explains how returns can be inspected using prediction from Al-enhanced
computer vision on the one hand and business data on the other. The explanation includes
shortcomings of the current prediction methods. It, therefore, develops suitable fusion
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methods to reduce the effects of the limitations on the inspection. A prototypical
implementation provides a basis for investigating the quality and stability gains, which
result from data fusion. An inspection process between reverse logistics and
remanufacturing in the automotive aftermarket serves as an example for UC1 and UC2.

In the automotive industry and aftermarket, returned EOL motor vehicle parts are
called cores. The core inspection process seeks to identify the product class (original
spare parts number or original equipment number (OEN)) and assess damage types of
product returns (cores) from motor vehicles. Each core belongs to a product group, e.g., a
starter motor or an alternator. Each product group shows several typical damage types,
e.g., corrosion or carbonisation. The inspection of the cores takes place in customer-
related batches. Therefore, each core is already uniquely locatable to a supplier (Su) with
the inspection ID. The inspector (and decision-maker) independently determines the
product class and group in the conventional process. In addition, each inspector ensures
that the product characteristics (inspection ID, Su, EAN, m, OEN, damage class) enter a
database accessible to all inspection stations of the company.

Al-enhanced computer vision and analysis of collectable business data improve the
inspection process. Both sources fuse their predictions to achieve the best possible
predictions of product characteristics. Each source has requirements for selecting the best
method for data fusion in terms of quality and stability.

The following subsections detail the enhancement. First, a brief introduction to
Al-assisted inspection, its shortcomings and potential for improvement are given.
Secondly, the implementation of statistical sensory predictions is explained. Third, the
statistical sensory predictions are tested. Fourth, results are discussed regarding the
research questions. Fifth, the impact of the results on circularity is discussed. Sixth, a
topological design for implementing the fusion method is presented, and seventh, the
fusion methods are chosen for testing. Finally, the impact of data fusion on circularity is
explored.

4.1 Al-enhanced inspection

Optical sensors collect visual data to enhance identification and damage evaluation.
Afterwards, the visual data from the cores enter a learning process. Therefore, a well-
known architecture for convolutional neural networks (CNN) comes into action. The
architecture has already shown the positive effects and enormous possibilities of
computer vision for inspections in the circular economy. The architecture of the network
currently in use, a ResNet50, is 50 layers deep and uses residual blocks to detect cores
with a balance between effort and accuracy (Schliiter et al., 2021). In a study with 1,440
sample cores, the architecture had a recognition accuracy of 96%. This study presents the
increased stability in prediction and thus decision-making for a few selected product
returns of cores. However, with an estimated number of 135,000 different product
classes, further measures need to be implemented to improve identification.

Visual sensors record the cores, and software forwards this data to the trained neural
network. Then, the neural network generates predictions about the product class from the
visual data. The predictions comprise a list containing the product class and reliability
(score). In application, Al provides predictions that carry an inherent probability (score),
which an instance (decision-maker) uses as a basis or an indication for a decision
regarding a core. This list is as long as the number of product classes learned by the



184 R. Schimanek et al.

neural network. Based on the verification of the user and the recognised product class,
another neural network will predict possible damage types from the visual data.

To further improve computer vision for inspection, methods are currently being tested
at the Fraunhofer Institute for production systems and design technology that enable the
fusion of colour and depth information from different sensor types (Schliiter et al., 2021).
In this data acquisition, different sensors capture the cores from multiple perspectives.
They enable the simultaneous acquisition of unique positions and orientations and
optimise training. Thus, they reduce the minimum number of inspections required for
predictions. In addition, uniform illumination improves depth information already during
acquisition.

4.2 Sensor and business data evaluation

The business data evaluation (BDE) statistically crawls historical data. It gains core
characteristics from sensors to predict the cores class, its product group, and its condition.
The statistical component relies on characteristics relevant for distinguishing vehicle
cores as product returns. Altogether, the dependencies of the core class on the supplier
Su, packaging EAN and mass m result from explorative data analysis. For example,
suppliers ship different parts. The European Article Number (EAN) on the packages can
break down a core’s belonging to an Original Equipment Manufacturer or aftermarket
programme. The mass of each core varies depending on the dimension and thus on the
product group and class.

In the first step, the evaluation of historic data calculates the relative frequency f,(Su)
with equation (1) for each core class C to determine how often each supplier Su sent this
core class.

_ ni(Su)
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In addition, the evaluation determines according to equation (2), the relative frequency
f+(EAN), of how often each type of package EAN occurred for each core class C. Further,
the conditional probabilities are determined for all classes on condition of the customer
number and EAN f,(Su A EAN). Each core class receives a mass distribution M(x) by the
statistical evaluation of the historical data.

However, the statistical evaluation alone cannot ensure a qualified prediction about
the core class. Two measurements allow considering the dynamics of the process and
distinguishing the number of different cores. The sensory components comprise a
barcode scanner measuring the EAN and a scale measuring the mass m. After measuring
the characteristics, the evaluation can predict the product classes occurring in the
historical data.

Mmax
Pty << Mgy ) = ) M (x) dx (3)
The evaluation uses measured characteristics to include pre-computed predictions and
excludes inconsistent predictions from historical data. It determines the mass
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probabilities P(m) from measured mass m for all core classes that occurred in the past,
according to equation (3), with the confidence of the scale (mmin, Mmax)-

From the determined probabilities of occurrence, the authors apply different algebraic
methods to fuse the statistical evaluations, as shown in Table 2. In an algebraic approach,
we multiply the calculated relative frequencies to receive the probability of encountering
a core class based on measurement (PSE). A second approach (SSE) weights by a linear
combination with parameter a. The mass probability P(m) multiplies PSE, SSE, and the
conditional probability f,(Su A EAN), and gives the respective fused predictions: product
of mass probability and the relative frequency of packaging (EAN) and the supplier (Su)
— CPM, product of mass probability and sum of the relative frequency of the packaging
(EAN) and the supplier (Su) — CSM, and product of mass probability and conditional
probability under the condition of the supplier (Su) and package (EAN) — CSEM. Finally,
each prediction list contains probable core classes with an associated score. The score
assigns a rank to each entry in the list.

Table 2 Statistical sensory methods

Title Description Formula
CPM Product of mass probability and the relative frequency of P(m)-fu(Su)-fu (EAN) =
packaging (EAN) and the supplier (Su) P(m)-PSE
CSM Product of mass probability and sum of the relative P(m)-(afa(Su) + (1-a) fa
frequency of the packaging (E4N) and the supplier (Su) (EAN)) = P(m)-SSE
with a € [0, 1]
CSEM Product of mass probability and conditional probability P(m)-fn (Su N EAN)

under the condition of the supplier (Su) and package (EAN)

4.3 Backtesting of sensor data and business data evaluation

A comparative analysis of predictive accuracy, through cross-validation, evaluates the
quality of BDE methods. An algorithm randomly splits a dataset of 213,879 core
inspections with 7,122 different core classes 20 times into 80% training and 20% test
data. The training data prepare the predictions and represent a historical dataset. The test
data serve as samples for the generation of prediction lists. After generating the
predictions, an algorithm checks each test sample’s rank and prediction score appearing
in the prediction list. 20 test runs are started, in which the performances are calculated as
the average of the performances of the 20 individual runs.

In the context of multiclass classification, the rank of a predicted class reflects the
model’s confidence in its prediction. The rank is determined by the position of the
predicted class in a list of predicted classes, ordered by the model’s confidence in the
prediction. This information can help evaluate the model’s performance, allowing the
user to see how confident it is in its predictions for each class. It can also help to identify
cases where the model is unsure about its predictions, which may indicate areas where
the model could be improved. The average rank of a model’s predictions can also impact
the overall quality and speed of inspection. A low average rank generally indicates that
the model is confident in its predictions, leading to a higher likelihood of correct
classification and faster inspection. On the other hand, a high average rank suggests less
confidence in the predictions and a higher likelihood of incorrect classification, requiring
more thorough inspection.
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In this article, score (usually termed confidence) refers to the level of certainty that a
model has in its prediction or classification. It is usually represented as a probability, with
higher probabilities indicating higher confidence and lower probabilities indicating lower
confidence. The score is important because it can show the reliability of a model’s
predictions. High-score predictions are more likely to be accurate, while low-score
predictions are more likely to be incorrect. The score can also impact the quality and
speed of inspection. If a model makes high-score predictions, the inspection process will
likely be more efficient and accurate. If a model makes low-score predictions, the
inspection process will likely be less efficient and inaccurate.

By calculating the average rank and score for all test samples and folds, it is possible
to compare the success of the different statistical sensory prediction methods. As Table 3
shows, identification solely by suppliers performs the worst with an average rank of
172.9. The test samples are, on average, at position 34.4 of the prediction list by mass.
The best prediction in terms of average rank delivers a prediction from the CSM of 24.1.
The worst combination delivers an average ranking of 76.8.

Table 3 Core class prediction performance

Average prediction performance

Method Rank ’{E;ZI}( Score Sljsff'e Top 1 Top2 Top3 Top)s
fn (Su) 172.9 0.44 0.01 0.0001 0.06 0.08 0.10 0.14
fa(EAN) 28.4 0.06 0.46 0.0023 0.59 0.75 0.82 0.89
fn (Su N EAN) 77.2 0.21 0.40 0.0017 0.46 0.56 0.60 0.63
P(m) 34.4 0.08 0.07 0.0007 0.07 0.16 0.24 0.37
SSE 24.5 0.06 0.26 0,0014 0.60 0.75 0.81 0.87
PSE 70.8 0.20 0.43 0.0018 0.47 0.58 0.62 0.65
CsM 24.1 0.05 051  0.0026 066 0.80 085  0.90
CSEM 76.8 0.21 0.46 0.0019 0.51 0.59 0.62 0.64
CPM 70.4 0.19 0.50 0.0021 0.53 0.62 0.64 0.66

Table 3 shows the average scores for the methods for all test samples. The simple,
algebraically fused methods SSE, PSE, CSM, CSEM, and CPM, achieve an average
score of 0.26 to 0.51. While the sole prediction from the EAN still achieves a score of
0.46, the fused methods can improve their confidence by combining data. Including the
mass probability improves the prediction for the algebraically fused methods: CSM,
CSEM, and CPM.

The accuracy of the predictions presents a similar pattern. In ML, ‘“TOP X accuracy’
refers to the percentage of times that a model or system correctly predicts the correct
outcome or label out of all possible outcomes or labels, where X is the number of ranks
included, starting with 1. Higher TOP X accuracy is generally desirable because it
indicates that the model can make more accurate predictions. Furthermore, in the context
of an inspection, higher TOP X accuracy can lead to more efficient and accurate
inspection processes because fewer resources will be needed to verify the accuracy of the
predictions. On the other hand, lower TOP X accuracy may require more resources to
verify the accuracy of the predictions. It may result in less efficient and accurate
inspection processes.
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During the inspection at review of the predictions, it is important to display
predictions clearly and briefly. Thus, the user can seize the current core from the display
list. An algorithm counts the occurrence of the predictions in TOP 1, 2, 3, 5 of the
prediction lists to measure the success rate. The CSM method performs best. CSM can
display the sample cores in the TOP 1 in 66%, TOP 2 in 80%, TOP 3 in 85%, and TOP 5
in 90% of all test samples.

4.4 Discussion of results

The sensor and BDE predicts the ID of cores. Each of the implemented methods can
create and present predictions to a decision-maker for identification and verification
during inspection.

These results show that the use of multiple features leads to an improvement in fused
prediction. The improvements vary in magnitude depending on the method used.

Furthermore, it turns out that the information about its mass for product returns can
contribute significantly to detection. This is of particular interest because mass
measurements of products cost little and can be carried out reliably.

It also reveals that simple statistical analysis can make qualitative predictions,
especially for frequently occurring products. However, the prediction for rare products is
too weak. Outliers occur that worsen the predictions to a magnitude that is unacceptable.
The right proposals must end up at the top of the first page of the inspector’s proposal list
during an inspection. Although the simple algorithms partly manage this, it is not enough
for an industrial application.

We expect 99% of the inspected cores among the TOP 3 predictions for an
application in the production environment. This is because the inspection process
involves verifying the model’s predictions, which can be time-consuming. If 99% of
predictions fall within the TOP 3 making the inspection process more efficient and easier
to understand. In addition, it would be desirable if the minimum score of each prediction
is 51% on the respective prediction list, which corresponds to a 100% occurrence of each
inspected core on TOP 1. This is because it shows that the ML model is confident in its
predictions and can accurately classify items with a high level of certainty. This can also
improve the human-machine interface, as the inspector will only need to review one
prediction for each core, rather than a list of multiple predictions, making the inspection
process easier to understand and more straightforward. Fusion methods are used to
achieve the targeted metrics of predictions.

It is important to note that different applications may require different levels of TOP
X accuracy depending on the specific needs of the task at hand. For example, a model
with a high TOP 1 accuracy may be sufficient for a task where it is important to have a
single, highly accurate prediction. On the other hand, a model with a high TOP 5
accuracy may be more suitable for a task where it is important to have a list of several
highly accurate predictions to choose from. In general, it is important to consider the
trade-off between the level of accuracy desired and the resources available for inspection
when determining the appropriate level of TOP X accuracy for a given task.

The test of the business data analysis also contributes to answer the specified research
questions (see Section 2.4).
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Q1 Regarding the requirements for a stable and high-quality fusion of Al and business
data, the implementation demonstrates the necessity of measurements during
inspection in order to make qualified predictions from business data. Historical data
alone are not sufficient.

Q2 In terms of quality improvements from the fusion of business data, algebraic and
weighted fusions show slight improvements over non-fused predictions.

Q3 The stability of the simple algebraic and weighted method is so far insufficient for
operational use. Albeit the quality increase and the numerical stability, 10% of the
cores receive inadequate predictions with poor average ranks and scores, which leads
to instability in the inspection and subsequent processes.

4.5 Impact of results circularity

In summary, the quality of the fused predictions of the BDE is already good enough to
reduce the possibility space for the inspector from 135,000 to about 95 classes in 90% of
the inspections, assuming linear scaling of the tests performed. In view of this, in
Germany, between 5-7% of about one million cores per year are mistakenly sorted out
because their class cannot be identified (Schliiter et al., 2021). This leads to the
destruction of value through material recycling, which is not sustainable. Further
shortening the range of possible classes helps the inspector to dispose fewer cores
wrongly.

The results indicate that the better the quality of prediction, the more contribution to
resource efficiency keeping products in multiple life cycles. This contributes to value
preservation by implementing data analytics as SM. This finding improves circularity of
products in the automotive sector and can be applied to any sector seeking SM.

Further, Al and data fusion are closely related because data fusion involves the
combination of multiple data sources to generate a more comprehensive and accurate
understanding of a situation or phenomenon. This can be useful in many applications,
including manufacturing, where data fusion can help improve decision-making and
optimisation of processes. This potential is explained within the next subsections.

The next subsections examine the implementation of fusion methods for the use case.
First the design of stable processes is highlighted in order to use fast fusion methods for
the use case.

4.6 Importance of the topological design of data fusion

The topological design of data fusion refers to the way in which data from multiple
sources is integrated and processed. There are several approaches to topological design in
data fusion, including centralised, decentralised, and hierarchical approaches.

In centralised data fusion, all the data is collected and processed at a central location,
where it is integrated and analysed. This approach is often used in systems with limited
data sources or when the data sources are highly correlated.

In decentralised data fusion, the data is collected and processed at multiple locations,
and the results are then combined and analysed. This approach is often used in systems
with large, disparate data sources or when the data sources are not highly correlated
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In hierarchical data fusion, the data is collected and processed at multiple levels, with
each level performing a specific task. This approach is often used in complex systems
where the data needs to be analysed and processed at multiple levels of abstraction.

One of the main advantages of data fusion is that it allows businesses and
organisations to extract more information and insights from their data, which can
improve decision-making and operational efficiency. The topology of data fusion plays a
crucial role in this process, as it determines how the data is collected, processed, and
analysed. The choice of topology has a significant impact on the performance and
effectiveness of the data fusion system, as well as its efficiency and scalability.

For example, a centralised data fusion system may be more efficient in its use of
resources, but it may be less adaptable and less able to scale than a decentralised or
hierarchical system. On the other hand, a decentralised or hierarchical data fusion
topology may be more adaptable and scalable, but it may be more complex to design and
implement and may be less efficient in its use of resources.

The topology of data fusion is also important in terms of reliability and accuracy. A
well-designed data fusion system should be able to handle a wide range of data sources
and data fusion tasks. It additionally should be able to provide reliable and accurate
results even if there is some uncertainty or noise in the data.

In summary, the topology of data fusion is an important consideration when
designing and implementing a data fusion system, as it can have a significant impact on
the performance, efficiency, scalability, and reliability of the system. The choice of
topological design for a data fusion system will depend on the specific needs and
constraints of the application, including the volume and complexity of the data, the
resources available for processing and analysis, and the desired level of accuracy and
reliability.

4.7 Topological design of data fusion for the use case

Various topological design measures increase the stability of the predictions (see
Figure 2). The first measure is to calculate the training of the models for prediction to the
cloud. That relieves the industrial PC in the production environment from computational
tasks and allows it to focus on executing the predictions. Thus, the training and predictors
are independent of each other. As a result, the predictions can continue to operate based
on the latest functioning version in the event of a failure, e.g., during training. In addition,
the topological design ensures that the training units within the cloud act independently
of each other to increase stability.

In the cloud, the training modules for BDE, fusion, and computer vision are separated
from each other and the database. Each training module retrieves the training data from
the company-wide database. This ensures that the training does not affect the company’s
existing database.

The training modules use historical inputs, predictions, and verifications to train the
predictors and improve the models’ predictions. Only those models that need an update
because of inadequate predictions are trained selectively. It is important to learn models
selectively because it can improve the energy efficiency of the models by reducing the
number of calculations required to make accurate predictions. It can also contribute to
resource efficiency by reducing the data and computational resources needed to train and
run the model. Selective learning can also reduce the human labour required to maintain
and update the whole ensemble of models and improve the overall performance by
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making more accurate predictions. These factors contribute to sustainability by reducing
waste and improving resource utilisation in various applications. For this purpose, the
training modules examine the decision-makers’ verifications and compare them with the
predictions for each inspection. If the concept drift is too large, the modules train only
these samples and add them to the models in batches or incrementally. This will
contribute to low energy consumption of the learning modules. This first option is the
design case and is favoured.

Figure 2 Topological design for stable predictions
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In addition, it is possible to apply a fixed long-term cycle for updating the models. Here,
the training modules update the models after several inspections or a period. This cycle
should cover a sufficiently large interval to reduce energy consumption. Of course, it
depends on the application, the frequency, the variance of the products, and the resulting
concept drift of each participating source. However, it is also possible for the user to
instruct the individual training modules to train new models with specific parameters.
The latter option allows the user to trigger the training if the predictions are insufficient.
After one of the options, when a new model is learned, the communication between the
cloud and the production environment occurs.

The predictors are separated on the industrial PC to assess the process or event
independently. Then, during an inspection, on request, the sources generate predictions
about the class and state of the core from the respective input variables (see Sections 4.1
and 4.2).

The fusion method affects the learning effort and preparation of the predictions.
Algebraic fusion methods do not require a learning unit in the cloud. However, more
complex statistical methods and Al approaches to data fusion require a learning unit in
the cloud. This fusion unit fuses the predictions based on the selected method. After
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fusion, the unit can pass its prediction to a communication module to display it on the
industrial PC on demand from the production environment. If a source does not provide a
prediction, the fusion unit still considers the prediction of the functioning source. Should
none of the source units predict the inspection, the decision-maker can still inspect the
product autonomously.

As for the BDE and the fusion methods, each verification of the decision-maker will
trigger an incremental rescaling and learning of the model. This compensates for the local
concept drift of the inspection station.

4.8 Fast fusion methods for the use case

A high operational speed characterises the inspection of the cores in the use case. On
average, an inspection of a core takes just one minute. This includes scanning, unpacking,
measuring, and commissioning the cores. The time between recording the core
characteristics and identification is even shorter. Therefore, a fusion method should be as
lean as possible to identify and evaluate the cores quickly.

The mathematical fusion methods, like averaging, products, and intersection, without
further training effort and the explicit mathematical notation for these cases are shown in
Table 3. Fusion methods that only consider rank do not allow subsequent calculation of
the fused score. In contrast, a derivation via a fused rank can be made from the fusion of
scores. The SS and SR methods can, of course, be weighted with any parameters, but this
requires a very high parameterisation effort.

Table 3 Algebraic and weighted methods for data fusion

Method Description Formula
SS Average score from j sources 1 )
— s,
Ny J /
SR Average rank from j sources 1
n, J K
PS Product of score from j sources H 5
J
Intersection In the fused prediction list are only those max(s. n Ci
classes (C) that occur in all sources j / ( J )
Dempster-Shafer Weighted fusion of scores based on the 1 Z y
rule score historical accuracy of the sources 4, n, hC.iSi
Dempster-Shafer Weighted fusion of ranks based on the 1 y
rule rank historical accuracy of the sources A, ;Z hC.iTy

The effort required for parameterisation is estimated to be comparatively high, as the
quantities of classes and their properties vary with the model years and the use of the
parts. Therefore, a weighting based on the Dempster-Shafer combination rule is applied.
Two approaches are applicable. It can be based on individual proposals or based on entire
lists.

For example, if a source performs poorly on a specific task, Fusion’s training module
in the cloud can compare the predicted and actual events. The average accuracy of the
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Aps, with which the individual sources predict events, can then fuse the lists. Another

method is to determine the average accuracy with respect to the classes A4,s, These

class-specific weights can then be integrated into the fused predictions.

A third method combines the results of the individual predictors using a stacked
generalisation ML method. The prediction source algorithms are trained for this in the
cloud. The predictors are then tested. Finally, the predictions are input for higher-order
learning procedures, e.g., logistic regression.

The bucket of models method combines the advantages of the different BDE models.
For this purpose, the input parameters are segmented into clusters. The best predictors of
each then act on a subset of the inputs.

4.9 Impact of data fusion on circularity

Data fusion help companies to make better use of available data, which supports efforts
to implement circular and sustainable practices in manufacturing.

This article focuses on the aspect that data fusion enables the determination of
inefficiencies and waste in manufacturing and EOL processes. The proposed framework
enables the integration of business data with Al-enhanced inspection to identify the
possible positive effects of a fusion. The case study demonstrates the effects based on
statistical sensory predictions and tests with a selected fusion method. The results lead to
a higher quality and more reliable results in prediction, i.e., more cores are identified
correctly during inspection, less core are wrongly selected for disposal. These
determinations reduce waste as well as environmental impact and improve resource
efficiency.

There are further ways how data fusion support companies to track and monitor the
sustainability of their manufacturing processes over time, allowing them to make ongoing
improvements and adjustments to support their sustainability goals. For example, data
fusion can combine data from different sources, such as production logs, energy usage
records, and supply chain data to gain a more comprehensive understanding of their
environmental impact and the resources they use. By doing this, companies can identify
inefficiencies and areas where resources are being wasted. This information can then
change the manufacturing process to reduce waste and improve resource efficiency,
supporting circularity.

Furthermore, data fusion can also support SM by providing organisations with the
data they need to make informed decisions about their production processes. For
example, data fusion can combine data on market demand, resource availability, and
environmental impact to help organisations identify the most sustainable production
options and make decisions that support their sustainability goals. Data fusion is crucial
in supporting SM by providing organisations with the data they need to make informed,
sustainable decisions.

In conclusion, data fusion is a powerful technique that enables the integration of Al
into business operations, resulting in the optimisation of processes and the minimisation
of waste. By combining multiple data sources and information from various sources, data
fusion creates a more comprehensive and accurate representation of a particular topic or
issue, allowing businesses to make more informed decisions and improve their
performance. Utilising Al techniques such as ML and natural language processing in
conjunction with data fusion allows for the real-time analysis and interpretation of large
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volumes of data, providing insights and recommendations to decision-makers. Through
the integration of data fusion and Al, businesses can leverage the power of these
technologies to optimise their processes and minimise waste in the pursuit of SM. This
includes the identification of patterns and trends in production and supply chain data, the
analysis of customer and market research data to identify opportunities for product reuse
and remanufacturing, the use of predictive maintenance to extend equipment lifespan and
reduce downtime and waste, the optimisation of the supply chain and logistics to reduce
emissions, and the optimisation of energy use to minimise the environmental impacts of
operations. Data fusion is therefore a crucial enabler for the integration of Al into
business operations, ultimately supporting the transition to a circular economy and a
more sustainable future.

5 Conclusions

One of the key aspects of the circular economy is investigating product returns as
resources to increase the value created by those resources through multiple life cycles.
Improvement of the decision-making about product returns can increase the number of
products in second and further lives with high value and reduce cost in curative return
management. This article provides a framework for precise decision-making. The
framework focuses on data fusion of business data and Al in order to enhance the
integration of Al into inspection processes.

Recent Al-enhanced applications for inspection in reverse logistics and return
management were reviewed and presented. Al-enhanced applications with multiclass
classification are still limited in their performance. ML methods, such as machine vision,
can be improved to cope with the large number of classes that will be identified. Some of
them are dedicated to the classification of products and their condition. Excursive
research shows that there are already many different methods suitable for UC in the
inspection of product returns.

Statistical analyses were carried out to bring customer and shipping data into a fusible
format. Sensor measurements supplement the statistical analyses with the mass of the
products in order to improve the predictions about the product classes. It has been shown
that even the statistical sensory predictions can help the decision-makers to generate
proposals that appear in the TOP 5 by 90%. This already offers a precise reinforcement
that allows the decision-makers a more reliable classification of products, given the
possibility of more than 7,000 classes. This reliable identification of the products
promotes more consistent information for further life cycles of these products or their
components. In this way, the statistical sensorial prediction already contributes to
processing resources in multiple life cycles, i.e., preservation of product value in closed
loops and advancement of SM. Nevertheless, these predictions are not yet sufficient for
stable operation. They must be improved in quality.

Different fusion methods are evaluated as suitable for the use case of product returns.
The topology of the fusion methods must also be considered during the evaluation of
these methods. On the one hand, it must allow all workstations to benefit from the know-
how of inspections at other stations. On the other hand, it must maintain stable operation
if the network or a single workstation stop working or communicating. The proposed
decentralised topology of the framework provides a stable basis for each participating
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source so that reliable predictions are possible even if any other or all other participating
prediction sources fail.

It is also important to include all the inspectors at all operating sites for verifying and
training the prediction models and fusion. Using a four-eye principle, human inspectors
and machine-based predictors work continuously together. The topology facilitates this
cooperation, which offers different possibilities of testing and training, if requested, based
on time, batch, or concept drift way.

The proposed concept for the integration of Al into core inspection includes a
topology that enables the identification and evaluation of products based on sensors
across products and business processes. This concept is already implemented and
validated in the automotive aftermarket. The case study results demonstrate positive
effects based on statistical sensory prediction and testing with a selected fusion method.
These results confirm the indicated increase of quality and reliability in prediction. As a
consequence, waste of core is reduced, more core is correctly inspected for the next life
cycle and so resource efficiency for cores is increased. This consequence also improves
the circularity of cores for automotive aftermarket.

The concept can be transferred to further components and sectors, since it applies to
many value creation processes with a suitable adaptation of the participating predictors
and data. Future research and applications will realise the high potential of this concept in
other areas of curative return management and circular economy.

The contributions of this article to academia include the development of a framework
for integrating data fusion and Al into inspection processes in order to improve
decision-making about product returns in the circular economy. This framework
represents a novel contribution to the field of data fusion and could be used as a basis for
further research in this area. The article also reviews Al-enhanced applications for
inspection in reverse logistics and return management, including their limitations and
potential improvements. This review represents a summary of current developments in
this field and serves as a reference for future research. In addition, the article evaluates
different fusion methods as suitable for the use case of product returns, including
considering the topology of these methods. This evaluation represents a systematic
approach to selecting fusion methods and could be helpful for researchers and
practitioners. Finally, the article presents a case study demonstrating the successful
implementation and validation of the proposed concept in the automotive aftermarket.
This case study represents a real-world application of the proposed framework and could
be used as a model for future implementations in other industries.

In terms of contributions to practice, the proposed framework can improve the
integration of data fusion and Al in the circular economy, potentially leading to increased
resource efficiency and circularity. The review of Al-enhanced applications for
inspection in reverse logistics and return management identifies potential improvements
and limitations, which can inform the development of these applications in practice. The
evaluation of different fusion methods as suitable for the use case of product returns,
including the consideration of topology, guides the selection of suitable fusion methods
for practitioners. Finally, the case study demonstrating the successful implementation and
validation of the proposed concept in the automotive aftermarket serves as an example of
how the proposed framework can be successfully implemented in real-world settings,
potentially leading to improved resource efficiency and circularity in the automotive
aftermarket and other industries. The proposed concept can be transferred to other
components and sectors since it applies to many value creation processes with a product
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return focus. The proposed concept can improve resource efficiency and circularity in
other industries by improving the identification and evaluation of products based on
sensors across products and business processes.

One of the critical limitations of the work presented in this article is the focus on the
use of data fusion and Al in inspection processes for product returns in the circular
economy rather than on the entire system or other aspects of reverse logistics and return
management. Future work could address this limitation by expanding the scope of the
analysis to include other aspects of the circular economy and considering the entire
product life cycle. Another limitation is that the framework is applied only in a case study
in the automotive aftermarket, which may not represent other sectors or industries. Future
work could address this limitation by conducting additional case studies in different
sectors to confirm the findings’ generalisability and identify any sector-specific
challenges or opportunities for adopting and implementing data fusion and Al in the
circular economy. A further limitation is the lack of analysis of the potential impacts of
data fusion and Al on employment and skills development in the circular economy.
Future research could address this limitation by examining the potential impacts of data
fusion and Al on employment and skills development in the circular economy and
identifying ways to enhance the benefits and mitigate any negative impacts. The authors
also note that Al-enhanced applications for inspection in reverse logistics and return
management are limited in their performance and can be improved, particularly in
multiclass classification. Future work could address this limitation by exploring different
ML methods and techniques that can improve the performance of Al in inspection
processes. Another limitation is the lack of consideration of potential barriers and
challenges to adopting and implementing data fusion and Al in inspection processes.
Future research could address this limitation by exploring these potential barriers and
challenges in more detail and identifying strategies to overcome them. Finally, the
authors discuss the use of statistical analyses and sensor measurements to improve the
prediction of product classes but note that these predictions are not yet sufficient for
stable operation and need to be improved in quality. Future work could address this
limitation by exploring different approaches to improving the accuracy and reliability of
predictions.

In future, fusion methods and topology must undergo testing with the predictions of
Al-enhanced computer vision. This testing would evaluate the contribution of the data
fusion to enhanced decision-making and value preservation of product returns for more
SM.

Acknowledgements

The German Federal Ministry of Education and Research (BMBF) funded this research
under the Resource Efficient Circular Economy — Innovative Product Cycles (ReziProK)
programme. This article is related to the collaborative project entitled ‘Sensory
acquisition, automated identification and evaluation of old parts on the basis of product
data and information about previous deliveries’ (EIBA, project ID 033R226). Circular
Economy Solutions GmbH acts as the project coordinator and provides a business
environment for the application of the proposed concept. The Fraunhofer Institute for
Production Systems and Design Technology is currently testing deep fusion methods to
improve inspection of Al-enhanced computer vision. acatech is researching the



196 R. Schimanek et al.

opportunities and challenges of the introduction of Al-enhanced systems in companies.
The authors also acknowledge the support of Hannah Lickert, Philipp Drebinger
(Programming), Dorothee Miitschard (Research), and Adrian Porazynski (Research).

References

Abdelrahman, O. and Keikhosrokiani, P. (2020) ‘Assembly Line anomaly detection and root cause
analysis using machine learning’, IEEE Access, Vol. 8, pp.189661-189672, https://doi.org/
10.1109%2Faccess.2020.3029826.

Abu, M., Amir, A., Lean, Y.H., Zahri, N.A.H. and Azemi, S.A. (2021) ‘The performance analysis
of transfer learning for steel defect detection by using deep learning’, Journal of Physics:
Conference Series, Vol. 1755, No. 1, p.12041.

Akanbi, L.A., Oyedele, L.O., Omoteso, K., Bilal, M., Akinade, 0O.0., Ajayi, A.O.,
Davila Delgado, J.M. and Owolabi, H.A. (2019) ‘Disassembly and deconstruction analytics
system (D-DAS) for construction in a circular economy’, Journal of Cleaner Production,
June, Vol. 223, pp.386-396, Elsevier, BV, https://doi.org/10.1016%2Fj.jclepro.2019.03.172.

Asdecker, B. and Karl, D. (2018) ‘Big data analytics in returns management — are complex
techniques necessary to forecast consumer returns properly?’, in CARMA 2018 — 2nd
International Conference on Advanced Research Methods and Analytics, Universitat
Politécnica Valéncia, Valencia.

Asdecker, B., Karl, D. and Sucky, E. (2021) ‘Retourenmanagement als Erfolgsfaktor des Handels’,
in Schallmo, D.R.A. et al. (Eds.): Digitale Transformation von Geschdftsmodellen,
pp.605-622, Springer Fachmedien Wiesbaden, Wiesbaden.

Bilge, P., Badurdeen, F., Seliger, G. and Jawahir, I.S. (2016) ‘A novel manufacturing architecture
for sustainable value creation’, CIRP Annals, Vol. 65, No. 1, pp.455-458.

Blomeke, S., Mennenga, M., Herrmann, C., Kintscher, L., Bikker, G., Lawrenz, S., Sharma, P.,
Rausch, A., Nippraschk, M., Goldmann, D., Poschmann, H., Briiggemann, H., Scheller, C. and
Spengler, T. (2020) ‘Recycling 4.0°, in ICT4S2020: 7th International Conference on ICT for
Sustainability, ACM, New York, NY, USA, pp.66-76.

Bogue, R. (2019) ‘Robots in recycling and disassembly’, Industrial Robot: the International
Journal of Robotics Research and Application, Vol. 46, No. 4, pp.461-466.

Burges, C. (2010) From RankNet to LambdaRank to LambdaMART: An Overview [online]
https://www.microsoft.com/en-us/research/publication/from-ranknet-to-lambdarank-to-
lambdamart-an-overview/ (accessed 15 December 2021).

Burges, C., Shaked, T., Renshaw, E., Lazier, A., Deeds, M., Hamilton, N. and Hullender, G. (2005)
‘Learning to rank using gradient descent’, in the 22nd International Conference, ACM Press,
New York, New York, USA, pp.8§9—96.

Burresi, G., Lorusso, M., Graziani, L., Comacchio, A., Trotta, F. and Rizzo, A. (2021) ‘Image-
based defect detection in assembly line with machine learning’, in 2021 10th Mediterranean
Conference on Embedded Computing (MECO), pp.1-5.

Challa, S. and Koks, D. (2004) ‘Bayesian and Dempster-Shafer fusion’, Sadhana, Vol. 29, No. 2,
pp-145-174.

Chen, C., Zhang, C., Wang, T., Li, D., Guo, Y., Zhao, Z. and Hong, J. (2020) ‘Monitoring of
assembly process using deep learning technology’, Sensors, Vol. 20, No. 15, p.4208, Basel,
Switzerland.

Cimar, Z.M., Abdussalam Nuhu, A., Zeeshan, Q., Korhan, O., Asmael, M. and Safaei, B. (2020)
‘Machine learning in predictive maintenance towards sustainable smart manufacturing in
Industry 4.0°, Sustainability, Vol. 12, No. 19, p.8211.

Dittmann, S., Zhang, P., Glodde, A. and Dietrich, F. (2021) ‘Towards a scalable implementation of
digital twins — a generic method to acquire shopfloor data’, Procedia CIRP, Vol. 96,
pp.157-162, Elsevier, BV, https://doi.org/10.1016%2Fj.procir.2021.01.069.



Data fusion for improved circularity through higher quality of prediction 197

Ellen MacArthur Foundation (2019) Artificial Intelligence and the Circular Economy. Al as
a Tool to Accelarate the Transition [online] https://ellenmacarthurfoundation.org/artificial-
intelligence-and-the-circular-economy (accessed 5 January 2023).

ElMaraghy, H., Monostori, L., Schuh, G. and ElMaraghy, W. (2021) ‘Evolution and future of
manufacturing systems’, CIRP Annals, Vol. 70, No. 2, pp.635-658.

Enyoghasi, C. and Badurdeen, F. (2021) ‘Industry 4.0 for sustainable manufacturing: opportunities
at the product, process, and system levels’, Resources, Conservation and Recycling, March,
Vol. 166, p.105362, Elsevier, BV, https://doi.org/10.1016%2Fj.resconrec.2020.105362.

Gailhofer, P., Herold, A., Schemmel, J.P., Scherf, C-S., Urrutia, C., Kohler, A.R. and Braungardt,
S. (2021) The role of Artificial Intelligence in the European Green Deal. Study for the special
committee on Artificial Intelligence in a Digital Age (AIDA) [online] https://www.europarl.
europa.cu/RegData/etudes/STUD/2021/662906/IPOL_STU(2021)662906 EN.pdf  (accessed
5 January 2023).

Gil, P., Pomares, J., Diaz, S.V.P.C., Candelas, F. and Torres, F. (2007) ‘Flexible multi-sensorial
system for automatic disassembly using cooperative robots’, International Journal of
Computer Integrated Manufacturing, Vol. 20, No. 8, pp.757-772.

Han, S., Choi, H-J., Choi, S-K. and Oh, J-S. (2019) ‘Fault diagnosis of planetary gear carrier packs:
a class imbalance and multiclass classification problem’, International Journal of Precision
Engineering and Manufacturing, Vol. 20, No. 2, pp.167-179.

Hauschild, M.Z., Kara, S. and Repke, 1. (2020) ‘Absolute sustainability: challenges to life cycle
engineering’, CIRP Annals, Vol. 69, No. 2, pp.533-553.

Huang, Z., Zhu, J., Lei, J., Li, X. and Tian, F. (2019) ‘Tool wear predicting based on multisensory
raw signals fusion by reshaped time series convolutional neural network in manufacturing’,
IEEE Access, June, Vol. 7, pp.178640-178651, Elsevier, BV, https://doi.org/10.1016%2Fj.
jelepro.2019.03.172.

Islam, M.T. and Huda, N. (2018) ‘Reverse logistics and closed-loop supply chain of waste
electrical and electronic equipment (WEEE)/E-waste: a comprehensive literature review’,
Resources, Conservation and Recycling, Vol. 137, pp.48-75, Elsevier, BV, https://doi.org/10.
1016%2Fj.resconrec.2018.05.026.

Jain, L.P., Scheirer, W.J. and Boult, T.E. (2014) ‘Multi-class Open Set Recognition Using
Probability of Inclusion’, in Fleet, D. et al. (Eds.): Computer Vision — ECCV 2014,
pp-393-409, Springer International Publishing, Cham.

Jamwal, A., Agrawal, R. and Sharma, M. (2022a) ‘Deep learning for manufacturing sustainability:
Models, applications in Industry 4.0 and implications’, International Journal of Information
Management Data Insights, Vol. 2, No. 2, p.100107.

Jamwal, A., Agrawal, R., Sharma, M., Kumar, A., Kumar, V. and Garza-Reyes, J.A.A. (2022b)
‘Machine learning applications for sustainable manufacturing: a bibliometric-based review for
future research’, Journal of Enterprise Information Management, Vol. 35, No. 2, pp.566-596.

Jawahir, 1.S., Dillon, O., Rouch, K., Joshi, K., Venkatachalam, A. and Jaafar, I.H. (2006) ‘Total
life-cycle considerations in product design for sustainability: a framework for comprehensive
evaluation’, Proceedings of the 10th International Research/Expert Conference, Vol. 1,
No. 10.

Jayal, A.D., Badurdeen, F., Dillon, O.W. and Jawahir, 1.S. (2010) ‘Sustainable manufacturing:
Modeling and optimization challenges at the product, process and system levels’, CIRP
Journal of Manufacturing Science and Technology, Vol. 2, No. 3, pp.144-152.

Kim, B. and Kim, J. (2020) ‘Adjusting decision boundary for class imbalanced learning’, IEEE
Access, Vol. 8, pp.81674-81685, https://doi.org/10.1109%2Faccess.2020.2991231.

Kintscher, L., Lawrenz, S., Poschmann, H. and Sharma, P. (2020) ‘Recycling 4.0 — digitalization as
a key for the advanced circular economy’, Journal of Communications, Vol. 15, No. 9,
pp-652-660.

Kittler, J. and Alkoot, F.M. (2003) ‘Sum versus vote fusion in multiple classifier systems’, I[EEE
Transactions on Pattern Analysis and Machine Intelligence, Vol. 25, No. 1, pp.110-115.



198 R. Schimanek et al.

Kittler, J., Hatef, M., Duin, R. and Matas, J. (1998) ‘On combining classifiers’, IEEE Transactions
on Pattern Analysis and Machine Intelligence, Vol. 20, No. 3, pp.226-239.

Kriiger, J., Lehr, J., Schliiter, M. and Bischoff, N. (2019) ‘Deep learning for part identification
based on inherent features’, CIRP Annals, Vol. 68, No. 1, pp.9-12.

Lickert, H., Wewer, A., Dittmann, S., Bilge, P. and Dietrich, F. (2021) ‘Selection of suitable
machine learning algorithms for classification tasks in reverse logistics’, Procedia CIRP,
Vol. 96, pp.272-277, Elsevier, BV, https://doi.org/10.1016%2Fj.procir.2021.01.086.

Liu, W., Zhang, H., Ding, Z., Liu, Q. and Zhu, C. (2021) ‘A comprehensive active learning method
for multiclass imbalanced data streams with concept drift’, Knowledge-Based Systems,
March, Vol. 215, p.106778, Elsevier, BV, https://doi.org/10.1016%2F;j.knosys.2021.106778.

Liu, X. and Aberer, K. (2014) ‘Towards a dynamic top-N recommendation framework’, in the 8t
ACM Conference, ACM Press, New York, New York, USA, pp.217-224.

Liu, Y., Zhang, Y., Ren, S., Yang, M., Wang, Y. and Huisingh, D. (2020) ‘How can smart
technologies contribute to sustainable product lifecycle management?’, Journal of Cleaner
Production, Vol. 249 [online] https://www.sciencedirect.com/science/article/pii/S095965261
9342933 (accessed 5 January 2023).

Maitre-Ekern, E. (2021) ‘Re-thinking producer responsibility for a sustainable circular economy
from extended producer responsibility to pre-market producer responsibility’, Journal of
Cleaner Production, March, Vol. 286, p.125454, Elsevier, BV, https://doi.org/10.1016%
2Fj.jclepro.2020.125454.

Myler, H.R. (2000) ‘Characterization of disagreement in multiplatform and multisensor fusion
analysis’, in Signal Processing, Sensor Fusion, and Target Recognition IX, SPIE, pp.240-248.

Pauli, G. (2015) Blue Economy, Ipg-Academic.

Petzoldt, C., Keiser, D., Beinke, T. and Freitag, M. (2020a) Functionalities and Implementation of
Future Informational Assistance Systems for Manual Assembly, pp.88—109, Springer, Cham,
Switzerland.

Petzoldt, C., Keiser, D., Beinke, T. and Freitag, M. (2020b) ‘Requirements for an incentive-based
assistance system for manual assembly’, in Freitag, M. et al. (Eds.): Dynamics in Logistics,
pp.541-553, Springer International Publishing, Cham.

Qin, W., Zhuang, Z., Guo, L. and Sun, Y. (2022) ‘A hybrid multi-class imbalanced learning
method for predicting the quality level of diesel engines’, Journal of Manufacturing Systems,
January, Vol. 62, pp.846-856, Elsevier, BV, https://doi.org/10.1016%2Fj.jmsy.2021.03.014.

Qu, G. and Wu, H. (2009) ‘Bucket learning: improving model quality through enhancing local
patterns’, in 2009 IEEE International Conference on Data Mining Workshops, pp.539-544.

Rao, P.K., Liu, J., Roberson, D., Kong, Z. and Williams, C. (2015) ‘Online real-time quality
monitoring in additive manufacturing processes using heterogeneous sensors’, Journal of
Manufacturing Science and Engineering, Vol. 137, No. 6, 1007-1-1007-12.

Raworth, K. (2017) ‘Doughnut economics’, Seven Ways to Think like a 21st Century Economist,
February, Chelsea Green Publishing, White River Junction, Vermont.

Rogova, G. (2008) ‘Combining the results of several neural network classifiers’, in Yager, R.R. and
Liu, L. (Eds.): Classic Works of the Dempster-Shafer Theory of Belief Functions, pp.683—692,
Springer Berlin Heidelberg, Berlin, Heidelberg.

Rumelhart, D.E. and Zipser, D. (1985) ‘Feature discovery by competitive learning*’, Cognitive
Science, Vol. 9, No. 1, pp.75-112.

Rumelhart, D.E., Hinton, G.E. and Williams, R.J. (1986) ‘Learning representations by back-
propagating errors’, Nature, Vol. 323, No. 6088, pp.533-536.

Schliiter, M., Lickert, H., Schweitzer, K., Bilge, P., Briese, C., Dietrich, F. and Kriiger, J. (2021)
‘Al-enhanced identification, inspection and sorting for reverse logistics in remanufacturing’,
Procedia CIRP, Vol. 98, pp.300-305, Elsevier, BV, https://doi.org/10.1016%2Fj.procir.
2021.01.107.



Data fusion for improved circularity through higher quality of prediction 199

Schliiter, M., Niebuhr, C., Lehr, J. and Kriiger, J. (2018) “Vision-based identification service for
remanufacturing sorting’, Procedia Manufacturing, Vol. 21, pp.384-391, Elsevier, BV,
https://doi.org/10.1016%2F;j.promfg.2018.02.135.

Seliger, G., Khraisheh, M.M. and Jawahir, LS. (Eds.), (2011) Advances in Sustainable
Manufacturing, Springer Berlin Heidelberg, Berlin, Heidelberg.

Shafer, G. (1990) ‘Perspectives on the theory and practice of belief functions’, International
Journal of Approximate Reasoning, Vol. 4, Nos. 5-6, pp.323-362.

Sjodin, D., Parida, V., Palmié, M. and Wincent, J. (2021) ‘How Al capabilities enable business
model innovation: scaling Al through co-evolutionary processes and feedback loops’, Journal
of Business Research, September, Vol. 134, pp.574-587, Elsevier, BV, https://doi.org/10.
1016%2Fj.jbusres.2021.05.009.

Sousa Jabbour, A.B.L. de, Jabbour, C.J.C., Foropon, C. and Godinho Filho, M. (2018) ‘When titans
meet — Can industry 4.0 revolutionise the environmentally-sustainable manufacturing wave?
The role of critical success factors’, Technological Forecasting and Social Change, Vol. 132
[online] https://www.sciencedirect.com/science/article/pii/S0040162517314877  (accessed
5 January 2023).

Stahel, W. (1982) ‘The product life factor’, in Orr, S.G. (Ed.): An Inquiry into the Nature of
Sustainable Societies: The Role of the Private Sector, Chapter 4, pp.72—-105, Harc Houston
Area Research Center

Takeda-Berger, S.L., Frazzon, E.M., Broda, E. and Freitag, M. (2020) ‘Machine learning in
production scheduling: an overview of the academic literature’, in Freitag, M. et al. (Eds.):
Dynamics in Logistics, pp.409-419, Springer International Publishing, Cham.

Tubbs, J.D. and Alltop, W.O. (1991) ‘Measures of confidence associated with combining
classification results’, I[EEE Transactions on Systems, Man, and Cybernetics, Vol. 21, No. 3,
pp.690-692.

Valcarce, D., Parapar, J. and Barreiro, A. (2017) ‘Combining top-N recommenders with metasearch
algorithms’, Proceedings of the 40th International {ACM} {SIGIR} Conference on Research
and Development in Information Retrieval, ACM, August, https://doi.org/10.1145%
2F3077136.3080647.

Vermunt, D.A., Negro, S.0O., Verweij, P.A., Kuppens, D.V. and Hekkert, M.P. (2019) ‘Exploring
barriers to implementing different circular business models’, Journal of Cleaner Production,
June, Vol. 222, pp.891-902, Elsevier, BV, https://doi.org/10.1016%2Fj.jclepro.2019.03.052.

Wan, J., Li, X., Dai, H.-N., Kusiak, A., Martinez-Garcia, M. and Di Li (2021) ‘Artificial-
intelligence-driven customized manufacturing factory: key technologies, applications, and
challenges’, Proceedings of the IEEE, Vol. 109, No. 4, pp.377-398.

Wang, Z-H., Liu, Y-M., Gong, D-Y. and Zhang, D-H. (2018) ‘A new predictive model for strip
crown in hot rolling by using the hybrid AMPSO-SVR-based approach’, Steel Research
International, Vol. 89, No. 7, p.1800003.

Weichert, D., Link, P., Stoll, A., Riiping, S., Ihlenfeldt, S. and Wrobel, S. (2019) ‘A review of
machine learning for the optimization of production processes’, The International Journal of
Advanced Manufacturing Technology, Vol. 104, Nos. 5-8, pp.1889-1902.

Wewer, A., Bilge, P. and Dietrich, F. (2020) ‘Examination of the attitude and assessment of new,
used and overhauled products and the influence on the purchase decision- a survey’, Procedia
CIRP, Vol. 90, pp.121-126, Elsevier, BV, https://doi.org/10.1016%2Fj.procir.2020.01.092.

Wolpert, D.H. (1992) ‘Stacked generalization’, Neural Networks, Vol. 5, No. 2, pp.241-259.

Xiong, N. and Svensson, P. (2002) ‘Multi-sensor management for information fusion: issues and
approaches’, Information Fusion, Vol. 3, No. 2, pp.163—186.

Zhang, T., Ding, B., Zhao, X., Liu, G. and Pang, Z. (2021) ‘LearningADD: Machine learning based
acoustic defect detection in factory automation’, Journal of Manufacturing Systems, July,
Vol. 60, pp.48-58, Elsevier, BV, https://doi.org/10.1016%2Fj.jmsy.2021.04.005.



