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Abstract

The development of intelligent manufacturing methods for production planning is
driven by the economic objective to decrease the necessary time-to-volume of the
production and thus, to achieve a faster market entry of new products. The phase
of production planning can be accelerated by implementing AI support systems
which enable an evaluation of early planning data. Most useful is the application
of AI support systems during the rough planning of production systems within the
Digital Factory paradigm since changes can be implemented cost-efficiently during
this phase. Knowledge-based systems with embedded ontologies are hereby the
foundation for the development of AI solutions in order to enrich data-driven
approaches with context and semantic information.

As a result from the review of the body of literature, it is shown that the use cases of
process and resource planning utilizing AI models are two under-researched fields
in production planning. This research gap is the result of limited data availability,
high costs of data pre-processing, and limited interpretability of results. Rule-
based or mathematical optimization models are therefore commonly applied in
practice but both approaches require high manual efforts and expert knowledge
during development. The research question of this thesis therefore focuses on the
development of an AI model in the field of process and resource planning which
does not rely on manual expert knowledge and is also highly interpretable.

In order to provide a data-driven AI model for the identified use cases, modified
Hopfield neural networks for anomaly detection and classification tasks are intro-
duced. The model is based on the main principles of using a database with only
correct instances of planning data to circumvent labeling, the usage of ontological
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Abstract

information in order to derive context and similarities between planned and exist-
ing production systems, and a high interpretability of the results. The core idea
of modified Hopfield neural networks is the modeling of planning data as a graph
network. The layout of modified Hopfield neural networks uses the activation of
the edges instead of vertices in contrast to conventional neural networks. In order
to predict the class membership of objects, the model utilizes an energy definition
adapted from the Lenz-Ising model. A high energy is the result of uncommon
features of an object and thus, indicates anomalous properties. The weights of the
edges are adjusted during the training procedure using a Widrow-Hoff learning
rule. As a result, the network layout enables anomaly detection and classification
tasks and additionally a recommendation procedure to correct planning data, a
similarity measure between classes of the observed production systems, and a
highly interpretable decision process.

The model is applied in three use cases from the fields of process planning in
manufacturing, synthetic data set generation in production planning and simula-
tion of machinery sequences, and, as an excursus, Leukemia diagnosis using gene
expressions. Modified Hopfield neural networks show a high precision across all
use cases. In particular, the model outperforms Autoencoders, Isolation Forest,
and One-class Support Vector Machines in anomaly detection tasks. In addition,
the interpretability and build-in recommendation feature show the practicability
of the model which a conventional "black box" model cannot provide.

The application of support systems utilizing a modified Hopfield neural network
in the early fault detection during the planning of production systems is therefore
recommended. Future research is necessary to prove the modified Hopfield neu-
ral network model’s applicability across multiple domains and to target a fully
autonomous production planning based, among others, on the concepts developed
in this thesis.
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1 Introduction

This doctoral thesis is motivated by the economic optimization of production plan-
ning by decreasing the error-proneness of production systems during planning and
thus fastening the overall timing of the planning process. The first subsection of
the following introduction covers the underlying motivation in more detail and
also discusses the need for research and industry applications to develop and apply
Artificial Intelligence (AI) support systems in the early production planning pro-
cedure. This motivation is derived from the body of literature as well as opinions
by industry experts and strategic decisions of companies from manufacturing, in
particular in the field of automotive manufacturing. The subsequent subsection
goes into greater detail regarding the initial situation of this research in production
planning enhanced by support systems. Based on this background, the research
objectives of this doctoral thesis are specified in the third subsection. Concluding,
the overall structure of this thesis is introduced in the fourth subsection.

1.1 Motivation

Manufacturing companies from industry sectors such as the automotive industry,
energy production, or component manufacturing face the opportunity to utilize
an increasing amount of knowledge and information derived from former projects
and production operations in their future planning procedures. This is enabled by
the availability of larger databases and data lakes at companies and this availability
is, in turn, increasingly accelerated by reduced costs of data storage. This kind
of Big Data capabilities enable a transition of manufacturing companies towards
an intelligent manufacturing approach (Li et al. 2022). Intelligent manufacturing
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1 Introduction

hereby encompasses the utilization of methods from AI, streaming data, and
analytics to optimize the production process. Using these data and methods,
companies are, in theory, capable of conducting inference procedures for their
newly planned production based on known best practices and company-specific
knowledge. Methods are applied from the research fields of, among others,
statistics, business science, data science and analytics, and data management.
However, the practical applied production planning is still rather time-consuming
and requires high manual planning efforts because tools are not enrolled at many
manufacturing companies due to high implementation costs (Dan Luo and Dolgui
2023). Most notably, the time and resource effort from the start of planning
until the so-called time-to-volume, the first mass produced batch of products, is a
relevant Key Performance Indicator (KPI) for manufacturing companies (Surbier
et al. 2014). Optimizing this KPI enables a faster time-to-market and thus a
competitive edge by introducing new products and features earlier. As a result,
a fast time-to-volume might result in higher interest by clients due to newly
introduced features as a technological market leader or a faster utilization of
cost saving or production quantity measures. Furthermore, a reduction of the
time-to-volume lowers the overall costs of the production planning. Therefore,
the development and implementation of support systems for the early production
planning in manufacturing might accelerate the overall planning procedure.

A relevant aspect in this context is the early detection of errors, potential bot-
tlenecks, and production inefficiencies at an early planning stage before more
detailed plans or even first constructions of the production facility, production
lines, and production cells are erected. If problems and errors are detected in
an early phase of production planning and solved prior to a more detailed and
thus also time-consuming planning and construction, time is saved by a targeted
build-up of an already validated solution and time and costs for remodeling are
reduced or even prevented. This is achieved by using prior information about
errors, problems, inefficiencies, best practices, and permitted solutions of produc-
tions set-ups derived from data of former production lines, cells, and facilities.
Surbier et al. (2014) note that experience of former ramp-up of the production
should enable faster production ramp-ups in the case that an effective knowledge
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management is established within the organization. For the structured evaluation
of these data, AI-based approaches are particularly useful since first, they do not
require manual evaluation which further decreases planning efforts and second,
the necessary data for these kinds of methods is often already available and easily
adjusted for the processing by AI methods.

A schematic overview of AI support systems in early production planning is
given in Figure 1.1. In summary, if a new production system is planned, the
design by planning experts is mostly done based on their knowledge of similar
production systems. Similarity is in this context measured by the ability to adopt
certain lessons learned or best practices and to reuse prior knowledge. This
new but similar production system is then tested by an AI support system for
errors, bottlenecks, and inefficiencies based on the aggregated knowledge about
all available former production systems and simulations. While the planning is
still mostly manually conducted, the validation of the planning is data-driven
and automated. The results are returned to the planning experts via a Human-
Machine-Interface (HMI).

Figure 1.1: Schematic procedure and objectives of an AI support system in early production planning
phases in manufacturing.

If such an AI support system is implemented successfully within the early pro-
duction planning, a manufacturing company could benefit from fast correction of
faults during planning and thus, reduce costs by steering the planning procedure
as well as reduce costs by preventing faults occurring during stages of planning
with a higher degree of finalization of the production system. If faults are detected
only late during the production planning procedure, this could increase costs of
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correction and delay the timing of the first batch of production, often named
job-number-one.

1.2 Background and Initial Situation

In order to utilize the knowledge from prior production systems as discussed,
any AI-based method must utilize planning data to recover optimizations and
recommendations. One important task during the production planning is the test
for consistency within the planned production system and used data model. Thus,
authors such as Schmidt et al. (2014) propose increased research efforts in the
field of automated consistency checks of engineering results within a tool. In their
questionnaire-based survey, Schmidt et al. (2014) found that these tools are often
requested by practitioners. Inconsistency of the data model or production system
might be a fault or could at least create problems when exchanging data between
different planning software and support systems.

As an initial starting point, a support system is broadly described using four layers:
the physical layer, the data layer, the digital layer, and the AI layer. The overall
architecture is sketched in Figure 1.2.

Figure 1.2: Schematic set-up of an AI support system utilizing a resource, data, digital, and AI layer
for the validation of planning scenarios.
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The procedure of this support system starts with planning experts designing and
modeling newproduction systems in different scenarios. These planning scenarios
are stored and processed within the data layer in order to create a basis for digital
models. Thus, the planning scenarios must be processed into a machine-readable
format. To also add knowledge from currently used and running production sys-
tems, data and reports from multiple production systems are transferred into the
data layer. This has been enabled since distributed embedded electronic applica-
tions became the norm in industrial production system, in particular in automotive
manufacturing (Raptis et al. 2019). Most notably in the field of data management,
ontologies provide a machine-readable as well as human understandable way of
combining different knowledge domains within a data layer (Feilmayr and Wöß
2016) and can therefore enable support systems in the engineering of production
systems, as exemplarily demonstrated by Engel et al. (2018). Using the infor-
mation from the real and planned configurations of the production system within
the planning scenarios, a digital model of the planned production system can be
created within a digital layer. This early digital representation can be used to
gain further insights into the planned production system. One relevant feature of
the digital models of the planned production system is the functionality to run
simulations. The resulting simulations, the digital representations of the produc-
tion system, and the data and knowledge created by the real physical production
systems can then be utilized by the AI layer in order to create recommendations
to improve the planning scenarios and to provide context to the given scenarios
and resulting recommendations. Planning experts can then use this newly created
knowledge in order to improve the underlying planning scenarios and production
systems during the early planning stages.

This overall conceptualization is used as starting point for the investigation of
suitable AI support systems in order to enable a fault detection during the early
planning phases. While the final architecture of the support system defined in
this doctoral thesis differs in detail from this broadly sketched schematic, Figure
1.2 highlights the background of the underlying thought-process and the initial
starting point in order to develop solutions.
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1.3 Research Objectives

Based on the conceptualization of a support system in order to accelerate pro-
duction planning, an AI-based fault detection enables use cases which improve
the production planning by decreasing construction costs and time of new pro-
duction systems. Following use cases from an economic business perspective are
identified:

1. Improved definition of requirements during the design phase of a production
systems, taking into account detected faults during early planning phases

2. System design optimization based on identified causes of faults or opti-
mization of system behavior in the case of occurring faults

3. Improved documentation of the production system behavior

4. Improved risk analysis for fault events

5. Comprehensive analysis of fault events based on detected faults for the
prevention of future faults

To fulfill these use cases by developing an AI support system, each identified
layer of the system shown in Figure 1.2 has different specific objectives and
challenges. While all layers play an important role in the overall performance of
this system, this doctoral thesis focuses on the AI layer. Thus, the relevant task
becomes the development of suitable AI methods to conduct a fault detection in
order to feedback recommendations and useful context to improve the planning
scenarios. In addition, it is important to validate these AI methods and prove
that they are capable of this task in a practical application. This also includes
the requirements for an implementation. Lastly, the developed AI method must
yield a high explainability in order to provide structured inference for planning
experts using the AI support system. A high explainability is also crucial for an
acceptance of the system by users. The relevant objectives and challenges for the
development of an AI support system are given in Figure 1.3. In addition to the
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1.3 Research Objectives

discussed objectives of the AI layer, the objectives and requirements of the other
layers are also listed.

Figure 1.3: Overview of important objectives and challenges along general requirements and the
different layers of an AI support system.

While all parts of the support system play a crucial role, the AImethod are an open
field of research of particularly high interest. The listed requirements regarding
the physical, data, and digital layer are currently solved in the manufacturing
industry by the development of ontologies and by embedding these ontologies
into knowledge-based systems. However, the capability to derive useful and
comprehensive recommendations using AI methods is still limited and research
as well as application are discussing multiple methodologies in order to find
explainable as well as precise AI methods. Usuga Cadavid et al. (2020) for
example note that the smart manufacturing process design, which would be an
essential part of the planning of a production system, is an under-researched field
compared to scheduling tasks.

The objective of this thesis can therefore be summarized as the development of
an AI method which is capable of a fault detection applied on early planning data.
In addition, this method must be embedded into an overall support system and the
interfaces to the physical, data, and digital layers must be modeled. An important
requirement is hereby to ensure a high explainability of the AI model.
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1 Introduction

1.4 Structure of Doctoral Thesis

In order to answer the defined objectives, this doctoral thesis is structured in six
consecutive sections. Each section has different objectives and guiding questions.
They build on each other to form a conclusive introduction into the proposed
AI support system and show a solution to the presented research question. By
answering the corresponding guiding question of each section, a comprehensive
understanding of the relevant context of this research, the limitations of the state-
of-the-art of AI-based as well as more conventional support systems, the model
behind the introduced AI support system, and its application is created. The
sections, guiding questions, and objectives are summarized in Figure 1.4.

Figure 1.4: Overviewof the structure of the thesis and the subsequent guiding questions and objectives.

This Section 1 covers the research questions of this thesis and the relevant back-
ground of the underlying initiative funding and supporting this work. Namely, it
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introduces the overarching question on how an economic optimization of early
production planning using an AI support system can be realized.

Section 2 goes into detail about the application context of this research. Thus,
the section gives a brief overview of the necessary background knowledge. First,
the basics of production planning are introduced, in particular in the context of
manufacturing. Second, the Digital Factory as an important paradigm in modern
production planning is presented and discussed for this specific application and use
case. The Digital Factory provides the context of overall engineering, Information
Technology (IT), and planning systems into which the proposed support system
is embedded. Knowledge-based systems are hereby important tools for any kind
of information transfer within manufacturing. Based on this consideration, the
concept of ontologies for a structured data exchange and documentation within a
Digital Factory are presented in the third subsection. Lastly, the identified use case
of early fault detection in production planning is discussed and first indications
about relevant capabilities of a model as basis for a support system are provided.

Section 3 answers what kind of methods or tools are already developed and
implemented for the Digital Factory in research and application. Thus, this
section covers the state-of-the-art solutions for fault detection in planning data
by support systems in manufacturing processes and their limitations. First, the
methodology of the literature review is introduced, followed by an individual
introduction of the three main approaches in the body of literature: rule-based
models, mathematical optimization model, and AI-based models. These state-of-
the-art solutions have different advantages and limitations which are discussed in
a third subsection. It is shown that the derived limitations make it necessary to
develop a new solution, namely the introduced AI support system. Subsequently,
the open research questions based on the limitations of the body of literature are
listed in a fourth subsection.

Using the context discussed in Section 2 and based on the limitations of the current
state-of-the-art solutions in Section 3, Section 4 introduces the developed novel
AI support system. First, overall design principles derived from the limitations
of the state-of-the-art solutions are listed and discussed. Based on these design
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principles, the objectives of the AI support system as a production planning
tool within the Digital Factory are listed. These objectives are derived from
the presented fundamentals. Based on the design principles and objectives, the
proposed design of the support system is described in detail in the following third
subsection. The design comprises six core functionalities of the system along
the production planning process which is covered by the support system. As the
underlying AI model behind this tool of the Digital Factory, modified Hopfield
neural networks are introduced in the fourth subsection. These single-layer neural
networks were first introduced by Spoor andWeber (2024) and are here developed
in more detail and generalized for broader applications in anomaly detection and
classification. In addition, the explainability ofmodifiedHopfield neural networks
is discussed. Building on the proposed AI model, the fifth subsection shows how
an embedding of the introduced support system into production planning as a
further tool of the Digital Factory can be achieved.

Section 5 covers the guiding questions on how the proposed support system can
be applied as well as the question about the usefulness of the proposed tool in
practice. Using the designed support model (or respectively separable parts of
the support model) of Section 4, two relevant use cases within manufacturing
from the field of process planning and resource planning are presented in the first
subsection. These use cases utilize real world data, and the results are evaluated
on their applicability in the real-world scenarios. In addition, the introduced
modified Hopfield neural network is tested in a use case from another domain,
namely gene expressions of patients diagnosed with leukemia subtypes. Thus,
it is shown that modified Hopfield neural networks are applicable in production
planning formanufacturing aswell as in other domain applications. The results are
then critically discussed in the second subsection and limitations of the proposed
support system are named.

Lastly, the Section 6 summarizes the results of this work and provides a concluding
assessment of the proposed AI support system and the relevant future research
topics, which are resulting directly from this work, are presented.
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As the fundamental application area of the introduced support system, the task
of production planning is defined, different phases of the planning procedure are
distinguished, and important concepts in an application of production planning
are derived in the first section. One important concept in production planning is
the Digital Factory which is covered by the subsequent second subsection. The
Digital Factory is defined and the classification of an AI support system within
the tools of the Digital Factory is conducted. The next fundamental concept of
production planning is the application of ontologies and knowledge-based systems
which is presented in the third subsection. Thus, the subsection introduces the
core idea and application scenarios of ontologies. Lastly, the task of anomaly and
fault detection within production planning and the Digital Factory is introduced
in the fourth section since these methods are the core function of the AI support
system introduced in this thesis.

The fundamental concepts presented in this section provide the readers with more
details about the application and research use case of AI support systems in man-
ufacturing and also build a basis for the subsequent discussion of methodological
requirements applied in the development of the support system. Therefore, this
section covers the important background and design paradigms to understand the
use case and set-up of the introduced support system. In addition, this section
refines and focuses the research along the discussed use case.
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2.1 Production Planning in Manufacturing

Since the support system discussed here is part of the production planning proce-
dure, it is important to first define production planning, the corresponding tasks,
and the relations to the production process itself. In order to contextualize the
tasks of production planning, the higher-level definition of production is given by
Dangelmaier (2009) as a transformation process from inputs into outputs. Inputs
are the factors of production and outputs are the corresponding products resulting
from the transformation. This relation is highlighted in Figure 2.1.

Figure 2.1: Production as an input/output transformation process as described byDangelmaier (2009).

Bellgran and Säfsten (2010) differentiate the transformation process and a trans-
formation system. A transformation system performs a process, which is guided
and driven by an operator, on an operand and thus transforms an existing state
into a desired state (Hubka and Eder 1988). The transformation as described by
Dangelmaier (2009) is not a "black box" but can be analyzed and divided into
multiple subsystems of the transformation system, where the operators are the hu-
man system, the technical system, and an active environment, which encompasses
the information system and the management and goal system. Thus, the occur-
ring transformations are change processes, where value is added to the operands
(Bellgran and Säfsten 2010).

The function of the transformation system is the purpose of the system (Hubka
and Eder 1988). Production systems are hereby an application of a transformation
system, and in the case of a production system the function is the transformation
of raw materials into components or products and combinations of these trans-
formations (Bellgran and Säfsten 2010). Thus, each system can generate outputs,
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which act as inputs and thus factors of production for subsequent systems. To
measure the performance of a production system and thus the economic efficiency
of a transformation processes, KPIs such as production rate and throughput can
be used for an optimization of the system (Li and Meerkov 2009). The concept
by Hubka and Eder (1988) is visualized in Figure 2.2.

Figure 2.2: A transformation system model as described by Hubka and Eder (1988).

Working with the commonly used definition within the German economic and
production research by Gutenberg (1984) and Wöhe et al. (2023), the production
factors are divided into the fundamental factors including labor, resources (e.g.,
robots in the case of manufacturing), and materials (e.g., components as well as
additives such as oil or glue in the case of manufacturing) and the dispositive
factors which include the management, planning, organization, and controlling
tasks of the production process. Thus, the task of production planning is hereby
a dispositive factor of production. The categorized factors of production within
research are listed in Figure 2.3.

In order to distinguish the priorly used terms of manufacturing system and pro-
duction system, as well as the in the field of production planning commonly
discussed optimization of assembly systems, it is useful to discuss a manufac-
turing operation using system theory as a "system of systems" as described by
Bellgran and Säfsten (2010). Themanufacturing system is viewed by Bellgran and
Säfsten (2010) as the superior system which comprises the production system but

13



2 Fundamentals

Figure 2.3: Fundamental and dispositive factors of production.

also activities such as design, material supply, planning and production, quality
assurance, distribution, management, and marketing. Vice versa, a production
system as part of the manufacturing system comprises the parts production and
the assembly system as well as other possible subsystems. This differentiation
and the hierarchical relation are schematically highlighted in Figure 2.4.

Figure 2.4:Manufacturing, production, part production, and assembly system based on the differen-
tiation by Bellgran and Säfsten (2010).
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Focusing on the overall manufacturing systems, Gelders and Van Wassenhove
(1981) define the production planning as the decision tasks for the usage of
production resources in order to satisfy a forecast demand of outputs for a planning
horizon and under the consideration of a reasonable amount of accumulated costs
of production. Gelders and Van Wassenhove (1981) also differentiate between
the mass production of outputs, in particular cars, and the continuous production
in bulk of commodity, the batch production in the case of insufficient demand for
mass production, or the job production where outputs are produced when ordered.

Thomas and McClain (1993) define production planning as the process of deter-
mining a tentative plan. This plan encompasses the amount of production within
a planning horizon and determines expected inventory, labor demands, and re-
sources. Thomas and McClain (1993) differentiate the more detailed production
scheduling, which focuses on the coupling of individual resources and products
using smaller time units. Furthermore, the paradigm of hierarchical production
planning is often additionally applied, which is defined as a narrowing of the
details and aggregation level of the planning along the timeline. Higher plan-
ning levels focus on a longer planning horizon and provide lower planning levels
with objectives and constrains, which are themselves focused on shorter planning
horizons (McKay et al. 1995).

Applying a hierarchical production planning, it is useful to distinguished produc-
tion planning by its timeframe into short-term, mid-term, and long-term planning.
Hagemann (2022) includes in the short-term planning tasks such as scheduling,
and in contrast, includes in the long-term planning the aspect of the manufacturing
system planning. Since the research background of this doctoral thesis is in the
planning of manufacturing systems, this aspect of production planning is focused.

The planning of a manufacturing system is the first phase of a system lifecycle
proposed by Schenk and Wirth (2004) followed subsequently by the construction
and the ramp-up of the manufacturing system. The longest phase of a manufactur-
ing system lifecycle is the operation of the system. At the end of the lifetime of the
corresponding product, the deconstruction starts which may result in a recycling
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or re-use of the manufacturing system or some of its parts. The system lifecycle
applied for manufacturing system is illustrated in Figure 2.5.

Figure 2.5: System lifecycle of manufacturing systems based on Schenk and Wirth (2004).

In more detail and within the context of the superior manufacturing systems,
Hagemann (2022) defines the production planning as the technical, functional,
and economical planning of a production system. The system planning includes
the process planning and the assembly planning and can again be separated into
the production planning of a new production system for developed products and
the integration planning where a production system is altered or adjusted so that
a new product can be produced. Hagemann (2022) generalizes the production
planning phases into three sequential phases of concept planning, rough planning,
and detail planning. This follows the hierarchical production planning paradigm
since more details and precision is added along the maturing planning phases.
Using a visualization based on Hagemann (2022) and Kiefer et al. (2017), the
production planning and product development phases are given in Figure 2.6.
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Figure 2.6: Phases of production planning based on Hagemann (2022) and Kiefer et al. (2017).

The greenfield phase covers the planning activities in the case of a new developed
manufacturing system, while the brownfield phase includes the planning activities
regarding amanufacturing system already in use. All authors highlight the iterative
nature of the production planning which results from the coordination with the
product development (Hagemann 2022, Kiefer et al. 2017, Burr 2008). However,
Kiefer et al. (2017) uses the term production engineering instead of production
planning and just separates concept and detail planning. In contrast, Hagemann
(2022) adds the rough planning and names the production planning in regard to
the new development of a manufacturing system for a new product type or in
regard to the integration into an already developed manufacturing system.

Using the definitions and description byHagemann (2022),Walla (2015), and Burr
(2008), the planning phases are defined for this doctoral thesis as the following:

1. Concept Planning begins directly after the start of product development
which means that no detailed information about the product is available.
However, first variants of the production system can be developed by using
former product types. In addition, first estimations about the number of
assembly processes, components, and materials can be drawn. This results
in an estimation of costs and floor space required for the manufacturing
system.
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2. Rough Planning includes in addition the current preliminary product data
from the product development. Therefore, the planning experts can utilize
product model structures and geometry information. This results in first
assembly structures considered during planning. However, since the product
development is not finalized in this phase, changes might occur which
require an adjustment of the planning. Nevertheless, planning experts are
able to develop first production system layouts, assembly processes, and
production system structures.

3. Detail Planning includes the planning of the final cell layouts, planning
of production factors such as materials and labor, offline programming of
resources such as robots, and the virtual safeguarding of the facility.

In addition, Hagemann (2022) further separates the rough planning phase into
an ideal planning and real planning. While ideal planning covers the optimal
manufacturing system layout, the real planning includes the restrictions, norms,
and assumptions under the given facility, product, and budget. Hagemann (2022)
notes that within the manufacturing industry only the concept and rough plan-
ning are conducted in-house, and the detail planning is contracted to external
suppliers using an engineering-to-order or configure-to-order process. Thus, the
rough planning is of great importance within planning scenarios in the manu-
facturing industry since it describes the first technical and economical feasible
solution. Furthermore, the contracting procedure is based on this rough planning
and thus might highly affect budgeting, economic forecasting, supplier selection,
and supplier coordination.

Figure 2.7 gives an overview of the ideal and real planning as part of rough
planning. The planning horizon is the whole lifecycle of the product, and the
factory is built and operated for a specific product until it is discontinued. The
ideal planning receives a product model structure, e.g., as prototype or 3D model,
and an assembly structure to build a manufacturing system which enables the
assembly of this specific product. In the real planning, the budget and product
constrains and restrictions are added to the planning task so that an economic
feasible manufacturing system can be designed. The output of the rough planning
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includes a production system layout, the assembly process configuration, and the
required demand for the fundamental factors of production, i.e., labor, materials,
and resources. Using this information, a contracted supplier is enabled to construct
the manufacturing system.

Figure 2.7: The scope of production planning of the production system, assembly process, and pro-
duction factors within manufacturing.

The output of the rough planning in most application is received in the form of an
ontological network or can be converted into an ontological network. E.g., Kiefer
et al. (2018) create a design graph which is capable of illustrating specific solution
variants in order to design an assembly system for a specific product. These kinds
of approaches require a graph-based design language as prerequisite within the
production planning. However, ontological design languages are further adapted,
and their utilization is seen as the current state-of-the-art in the manufacturing
industry. Thus, the introduced support system must utilize the resulting rough
planning outputs in form of ontological design networks or related concepts.

As important basis within the rough planning, Hagemann (2022) names the prod-
uct, process, and resource (PPR) ontology applied within the Digital Factory. The
concept of the Digital Factory was developed for the tasks of production plan-
ning in order to create an interface between all digital systems and simulations
and thus, is a logical consequence of the ongoing digitalization and improved
computational capabilities. This enabled an optimization of the product, process,
and resource planning using visualization and modeling techniques to fulfill the
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time-to-market requirements of modern manufacturing and also optimizes cost
and product quality requirements (Schäfer et al. 2022a).

In more detail, the planning of the assembly system, an important part of the pro-
duction system in manufacturing applications, is often discussed in the body of
literature as the Assembly Line Balancing Problem (ALBP). The problem deals
with the question of how to assign different tasks to workstations in order to
optimize a given objective function, e.g., total costs of assembly or throughput,
without violating restrictions such as precedence relationships and under consid-
eration of process times (Boysen et al. 2007). With the introduction of robotic
assembly methods, this task is today often adapted to the Robotic Assembly Line
Balancing Problem (RALBP) which was first publicly introduced by Rubinovitz
et al. (1993). In order to achieve more practical realism in the industrial produc-
tion planning of assembly lines, Michels et al. (2018) introduce Robotic Assembly
Line Design (RALD). In contrast to RALBP, RALD focuses on the capabilities
of tools and thus takes parallel workstations, loading and unloading times, and
equipment selection additionally into account. An assembly line is schematically
visualized in Figure 2.8 using two sequential workstations with a different num-
ber of robots utilizing handling and joining processes which are responsible for
picking, placing, or joining parts.

ALBP are in the body of literature further clustered in consideration of their
specific use case. ALBP Type I targets the minimization of the number of
workstations using a given cycle time. On the other hand, Type II problems
aim at the scheduling of task to a set of predefined workstations in order to
minimize the cycle time. Additionally, Type E problems aim at solving a multi-
objective problem of optimizing the number of workstations and simultaneously
cycle times. Type F problems are aiming at an efficient scheduling and examine
whether a feasible solution exists given a certain set-up of workstations under a
given cycle time. Chutima (2022) notes that most research is focused on Type
II problems of task scheduling and the models are limited in their applicability
by considering only a single objective. To meet industry standards, multi-criteria
optimization problems should be targeted in the future.
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Figure 2.8: Schematic visualization of a car body construction assembly line with two sequential
workstations. The robots are equipped with handling and joining tools.

The result of an ALBP are therefore specific arrangements of resources or a
job scheduling of product-related tasks. However, Hagemann and Stark (2020)
note that the planning of a real production system additionally takes into account
building geometry, robotic simulations, material flow simulations, buffers, and
decoupling concepts. Thus, the resulting assembly lines by a RALD algorithm are
tested and validatedwith at least a rough estimation by experts. It is concluded that
the solutions of ALBP might yield overall useful results but still require manual
corrections and further might not include all restrictions of a real production
systems which currently hinders their wide-scale autonomous application.

Concluding this section, the relation between support systems and production
planning is discussed. In general, support systems, often also called expert sys-
tems, decision support systems, or knowledge-based systems, aim at providing
users with essential information, recommendations, and warnings during con-
ducted planning activities. Support systems are therefore computer programs
which use knowledge and deduction measures in order to solve problems which
otherwise would require human expert interaction (Kumar 2019).
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Support systems are responsible for increasing the degree of automatization of
planning tasks with the long-term objective of an autonomous planning. Müller
et al. (2021) name systematic process execution, adaptability to uncertainty, self-
governance, and self-contentedness of the system as key characteristics of an
industrial autonomous system. In contrast, an industrial automation system only
utilizes a systematic process execution, and an intelligent automation system
yields in addition a degree of adaptability (Müller et al. 2021). Thus, most
practically applied systems in manufacturing categorize as industrial automation
systems since task such as governance and external manual input by experts is
still required.

Since a full autonomous production planning is currently not realized, one im-
portant task of support systems in production planning, regardless of whether the
system is autonomous, automated, semi-automated, or manual, is the detection
of faults in the rough planning stage of a production system, the validation of
planning set-ups, and the recommendation of feasible solutions (Schmidt et al.
2014). Currently, this task is still conduced manually by production planning
experts in many industry applications, as also mentioned by Hagemann and Stark
(2020). Thus, an important aspect of support systems is the fault detection,
recommendation, and validation within the rough production planning.

The scope of this doctoral thesis is further refined by focusing on the rough
production planning using ontological designs applied in the Digital Factory of
production systems. This is reasonable since within the application of the man-
ufacturing industry itself and not its suppliers, an application in rough planning
is the focus of the corresponding production planning departments. Thus, the
introduced support system should cover the concept and rough planning phases.
Using this bordering, the detail planning and the successional tasks of production
scheduling or integration during operations as part of the production planning
during operation is not the focus of this thesis.
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2.2 The Paradigm of the Digital Factory

In order to develop an intelligent manufacturing, different paradigms to achieve
this objective were developed. Within Europe, new concepts are often covered
under the term Industry 4.0. This research field resulted in paradigms such as
the Digital Factory and Virtual Factory, in particular within European research
and industries initiatives, while in Chinese research and industry initiatives the
paradigm of Cloud Manufacturing is focused. Both research paradigms focus on
the development of the factory of the future but differ in some respects. Cloud
manufacturing is derived from the concepts of cloud computing, the virtual factory
is based on the environments of manufacturing (Salierno et al. 2019).

In addition, the Digital Factory is often described as successor of the concept
of Computer Integrated Manufacturing (CIM). The CIM concept focuses on the
integration for computer-aided subsystems into the organization of the factory
(Bracht and Masurat 2005). This concept is regarded as a near-failure in its
industrial application due to the inherit complexity of the system integration
(Cagliano and Spina 2000, Bracht and Masurat 2005). However, CIM enabled
improvements in production planning from an academic standpoint and nowadays
have laid the foundation of the Digital Factory, which is focused on the interface of
computer-aided tools for product development, production planning, and factory
operation (Bracht and Masurat 2005).

This thesis focuses on an application of support systems within the framework
of the Digital Factory as a commonly used paradigm within the European man-
ufacturing industry, and its fundamental ideas behind digital planning activities
are discussed in this section. However, different definitions exist for the Digital
Factory in the body of literature. In particular within the context of the German
manufacturing industry, the Verein Deutscher Ingenieure e.V. (VDI) is a leading
organization in defining concepts, norms, and guidelines. Since the definition of
the Digital Factory by the VDI is rather universally applicable, this manuscript
uses the VDI definition for the Digital Factory. The definition is given as follows:
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Digital factory is the generic term for a comprehensive network of
digital models, methods and tools - including simulation and 3D
visualisation - integrated by a continuous data management system.

Its aim is the holistic planning, evaluation and ongoing improvement
of all the main structures, processes and resources of the real factory
in conjunction with the product.

VDI 4499 - Part 1 (2008)

From this definition follows that the scope of the Digital Factory comprises more
than software-based solutions for manufacturing, it also includes the integrations
of processes and methods (Bracht et al. 2018, chap. 1). Using the defined standard
by the VDI, the Digital Factory comprises business tasks along the lifecycle of
the whole business activities for a product. Using VDI 4499 - Part 1 (2008), the
Digital Factory encompasses multiple fields of the production:

1. Product development which includes the definition of market require-
ments, the product design, the creation of a Bill of Material (BOM), project
management tasks, and lastly the first 3D modeling of a product prototype.

2. Production planning as the main application area of the Digital Factory.
This includes the planning of production processes, production systems, and
industrial production plants. In addition, this also comprises themonitoring
of their realization up to the start-up of production.

3. Production start-up which is the realization and start-up following the
production planning and the transition from planning towards series pro-
duction.

4. Production operation which is summarized as the operational perfor-
mance process.

5. Order processing which is the control and monitoring tasks of production
by production orders.
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In more detail, a list of subsequent application areas of the Digital Factory across
the lifecycle of a product is given in Figure 2.9 as defined by VDI 4499 - Part
1 (2008). The aims and target groups of the Digital Factory are derived directly
from the listed application areas. However, the main aim of the Digital Factory is
to accelerate and improve production planning (VDI 4499 - Part 1 2008).

Figure 2.9: Digital Factory in the lifecycle phases of a product across all business activities as defined
by VDI 4499 - Part 1 (2008). The fields of the production are separated by color.

As an essential part of the lifecycle of a product, the Digital Factory comprises
the Digital Factory Operations. While the Digital Factory also includes tasks
such as sales, product design, or project management, the Digital Factory Opera-
tions includes the subsequent tasks of process and assembly planning, production
facility planning, assembly and commissioning of production facilities, start-up
management, and series production (VDI 4499 - Part 2 2011). TheDigital Factory
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Operations are the relevant branch for considerations within the field of produc-
tion planning. The continuous data model is hereby from importance since it
uses the planning results as input for operative IT systems. Thus, Digital Factory
models can be used in order to improve the series production, if they are linked
with real-world data (VDI 4499 - Part 2 2011). The continuous data model along
the lifecycle phases of a production system for a Digital Factory Operations is
given in Figure 2.10.

Figure 2.10: Digital Factory operations in the lifecycle phases of a production system as defined by
VDI 4499 - Part 2 (2011).

As visible in comparison with Figure 2.7, the rough production planning focused
here is covered within the Digital Factory Operations in the steps of the production
process and assembly planning. Hagemann (2022) states that the integration of
information technology, such as the Digital Factory, can improve efficiency in
production planning and enable a continuous data transfer by applying tools from
computer aided design (CAD) and computer aided planning (CAP). CADandCAP
software tools enable a planning within the structure of the PPR model. However,
despite the targeting of a continuous data transfer of planning information in
industry applications, a continuous planning using the PPR model is often not
fully achieved and is often a challenge in industry applications (Hagemann et al.
2019). As a further field of interest in future research, Schäfer et al. (2022b)
add that the relevant interfaces between the Digital Factory and the concept of
Industry 4.0 and Building Information Modeling (BIM) should be focused on
future factory planning and operations.
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Under consideration of the listed challenges of the continuous data transfer of the
PPRmodel within the Digital Factory, the integration of the PPRmodel in industry
practice is from further interest for researchers. The AI support system introduced
here is therefore of particular usefulness if it enables a continuous planning using
the PPR model. As relevant focus of this doctoral thesis, a consistency check
as proposed by Schmidt et al. (2014) of the rough planning models using the
PPR model is targeted. This consistency check should include the validation of
restrictions as highlighted in Figure 2.7 as well as enable an integration of the
PPR model into following processes. Thus, the target is to validate the overall
correctness of a PPR model within the rough planning phase.

Using the taxonomy of methods by Bracht et al. (2018, chap. 4), the AI support
system proposed in this thesis as a solution for the validation of PPRmodels in the
rough production planning phase can be placed in the category of neural networks
in the branch of the AI methods of the Digital Factory. This is schematically
visualized in Figure 2.11. While the usage of an AI is defined as a method, the
whole introduced support system classifies as a software tool.

Figure 2.11: Method categories within the Digital Factory concept as defined by Bracht et al. (2018).
The categorization of the method used in the introduced support system is highlighted.
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Since the PPRmodel as an important method for the production planning emerges
from this discussion, the following section focuses on the PPR model and the use
of ontologies in manufacturing in general. This topic is further embedded in
the concept of knowledge-based systems, also named expert systems, in which
domain knowledge is added to an information system and thus enables decision-
making capabilities (Kumar 2019). A Digital Factory tool which utilizes added
domain knowledge and based on this knowledge enables an inference procedure
is therefore a knowledge-based system since it can develop solutions for given
production planning tasks and exceeds the capabilities of a pure database. Thus, by
integrating ontological domain knowledge and inference tools (like the proposed
AI support system), the core functionality of a Digital Factory tool is a knowledge-
based system (Francalanza et al. 2017). However, the concept of the Digital
Factory encompasses more aspects as presented in Figure 2.11.

Lastly, it is useful to distinguish the Digital Factory from the Digital Twin, Cyber-
Physical Systems, SmartManufacturing, and IntelligentManufacturing since these
terms are sometimes used interchangeable within the body of literature. However,
a comprehensive discussion of these terminologies would exceed the scope of this
thesis and thus, only a short overview is provided.

First, the Digital Twin is originally described by Grieves and Vickers (2017) as
a virtual representation of a physical system which includes all obtainable in-
formation of the assets of the real physical system. Using this definition, the
Digital Twin acts similar to a physical duplicate of the system but in a virtual en-
vironment. Thus, the virtual environment is often regarded as an implementation
requirement (Xian et al. 2023). In contrast, Kritzinger et al. (2018) differentiate
Digital Twins which utilize a bi-directional data flow from the physical object to
a virtual representation and Digital Shadows with only a uni-directed data flow
or Digital Models without an automated data flow. The task of a Digital Twin
varies in the body of literature, but is often from the fields of data management,
monitoring, simulation, control, or optimization (Spoor and Weber 2023). How-
ever, Spoor and Weber (2023) state that the definitions of Digital Twins in the
body of literature are often varying, contradictory, or non-comprehensive from a
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practitioner’s perspective. In addition, Kober et al. (2022) note that the economic
value of implementing a Digital Twin is commonly unclear and intangible.

Although the definition of a Digital Twin is debated, the Digital Factory can be
distinguished since it encompasses not only the virtual modeling and represen-
tation but a comprehensive network of models, methods, and tools. Thus, the
Digital Factory is an overarching concept which can comprise Digital Twins in
addition to other applied methods. However, it should be noted that the excessive
data requirements of Digital Twins will enable the use of support systems due to
the larger knowledge base. Therefore, the here proposed AI support system can
be enrolled for planning data derived from Digital Twins.

Second, Cyber-Physical Systems are defined by Lee (2008) as the integrations of
computation with physical processes. Embedded computers and networks are uti-
lized tomonitor and control physical processes. This is accelerated by the increase
in Internet of Things (IoT) applications and systems which enable a connection,
data transfer, and comprehensive data collection of embedded systems. This con-
trol system includes feedback loops where not only the physical processes are
controlled by the computation, but the conducted computations are also affected
by the underlying physical processes. Thus, a Cyber-Physical System is a "system
of systems" of multiple complex and heterogeneous subsystems interacting with
each other (Khaitan and McCalley 2015). Digital Twins may hereby be subsys-
tems of Cyber-Physical Systems where a physical object has its cyber part as its
digital representation, which culminates in a Digital Twin (Barricelli et al. 2019).

The distinction of the Digital Factory and Cyber-Physical Systems is more nu-
anced. Francalanza et al. (2017) differentiate the Digital Factory as the holistic
planning, evaluation and improvement of structures, processes, and resources of
the physical factory in conjunctionwith the product and state that a Cyber-Physical
System requires more effort in implementation and further research regarding the
integration of systems, but its design can be driven by tools from the Digital
Factory. Monostori et al. (2016) describe the mapping of processes into a vir-
tual representation by the Digital Factory as a prerequisite of the development
of control system capabilities of Cyber-Physical Systems. Thus, Cyber-Physical
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Systems describe systems with a full holistic integration of subsystems compared
to only a continuous data management system by the Digital Factory.

Third, Smart Manufacturing is commonly defined as integrated and collabora-
tive manufacturing systems with the capabilities of responding in real-time to
changed environment conditions, e.g., changes in supply networks or customer
demands, to improve a company’s capabilities to satisfy customer needs (Zheng
et al. 2018). Cyber-Physical Systems, cloud computing, AI, and data science are
hereby often referred to as enabling technologies (Kusiak 2018). However, Smart
Manufacturing lacks a widely accepted definition (Zheng et al. 2018). In contrast
to Smart Manufacturing, the Digital Factory lacks the call for a system integration.
Thus, Cheng et al. (2018) sees the full integration of Cyber-Physical Systems as
a development step from a Digital Factory towards a Smart Factory.

Fourth, the term Intelligent Manufacturing is described as the origin of the Smart
Manufacturing and Cyber-Physical Systems research and itself is described as a
research initiative with a focus on autonomy in manufacturing (Kusiak 2023).
However, Wang et al. (2021) state critically that Smart Manufacturing and In-
telligent Manufacturing share many similarities but yield slightly different focus
areas, e.g., Smart Manufacturing is more focused on Big Data while Intelligent
Manufacturing is more focused on AI. Wang et al. (2021) state further that the
development of these two parallel paradigms is driven by national level strategies
and a closer cooperation of both paradigms might be beneficial.

Despite the different focus of the listed research initiatives, all require as important
enablers the set-up of a comprehensive data and knowledge base and virtual fac-
tory models. Thus, the development of methodologies for the implementation of
Digital Factories becomes itself an enabler of Digital Twins, Cyber-Physical Sys-
tems, and Smart Manufacturing, as exemplarily demonstrated for Cyber-Physical
Systems by Monostori et al. (2016).

To summarize the results by the previous short review of the used concepts in the
digitalization of manufacturing, the commonly named distinctions between the
concepts are highlighted in Figure 2.12.

30



2.2 The Paradigm of the Digital Factory

Figure 2.12: Scope, technologies, enablers, and degree of maturity of the Digital Factory, Digital
Twin, Cyber-Physical Systems, and Smart Manufacturing.

From the author’s point of view, the current research lacks an explicit definition
or distinction of the discussed terms. This is most likely the result of differ-
ent national policies, different school of thoughts within engineering, and the
competition between different research clusters in order to facilitate their termi-
nology, which is also highlighted in the discussion by Salierno et al. (2019) and
Wang et al. (2021). On a further critical note, the aspects of a full integration
of systems by Digital Twins, Cyber-Physical Systems, or Smart Manufacturing
yield similarities with the scope of CIM, which is posthumously often regarded
as failure since the system integration proved itself an insurmountable barrier
(Bracht and Masurat 2005) and the strategic and organizational complexity was
not fully understood within industry implementations (Cagliano and Spina 2000).
In comparison, Spoor and Weber (2023) name an overambitious scope of Digital
Twins, organizational complexity, and opaque business cases as risks in imple-
mentation projects. While current advantages in the areas of AI, Big Data, and
IoT might enable the development of fully integrated systems, the requirement for
a comprehensive integration could still prove to be a significant implementation
hurdle in industrial applications.

Within this thesis, the developed AI support system is defined as a tool of the
Digital Factory which is also applicable for Digital Twins and Cyber-Physical
Systems but does not require the extensive modeling or system integration asso-
ciated with these concepts. Since to the author’s best knowledge no universally
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acknowledged distinction exists, it is advocated to standardize the terminologies
in future research.

2.3 Application of Knowledge-based Systems

As discussed in the previous section, the development and set-up of data models
and knowledge bases is an important requirement for the implementation of the
Digital Factory. This assessment is also true for Industry 4.0 in general, since
Capestro and Kinkel (2020) explicitly state that it is a knowledge-based approach
with different sources providing the necessary knowledge. Thus, the management
of new knowledge becomes a success factor for industrial applications of Industry
4.0. The call for knowledge transfer within an organization is also identified by
Fakhar Manesh et al. (2021) as a common discussed topic in the context of Cyber-
Physical System, Smart Manufacturing, and manufacturing in general. However,
the integration of different necessary knowledge bases along the continuous data
model of the Digital Factory operations and lifecycle phases creates hurdles for
knowledge management. Klein et al. (2014) list a collaboration hurdle subset
driven by:

1. Different syntax of the used database languages across data sources

2. Different visualization methods

3. Different procedural knowledge in handling and using the data

4. Different semantics of data labels and types

Using these hurdles, Klein et al. (2014) derives requirements for implementing
industrial solutions of the Digital Factory. Regarding the hurdles of different
procedural knowledge and visualization methods, Klein et al. (2014) name ver-
sioning, the storage of preprocessed data, and an enablement of different visual-
ization and analysis methods as requirements. Regarding syntax and semantic,
Klein et al. (2014) name the introduction of an extendable, application-specific
semantic description beyond the data source as fundamental requirement.
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Ontologies as methods to add semantic information to data are commonly seen as
the solution for the required knowledge integration (Fakhar Manesh et al. 2021)
and are named by Franke et al. (2016) as explicit solutions to the implementation
of a Digital Factory. In addition, knowledge graphs, which are based on the
development of ontologies (Ehrlinger and Wöß 2016), are an efficient way in
order to enhance the learning ability of robots in industrial applications and
additionally provide a more efficient data storage method using graph databases
compared to relational databases due to their graph structure (Wang and Peng
2023, chap. 6).

A core functionality of ontologies is the expression of a formal logical model
from multiple knowledge domains and to provide this information in a human-
understandable and machine-readable manner (Feilmayr and Wöß 2016). The
aspect of machine-readability is very important in order to embed the ontological
model into the continuous data model of the Digital Factory. The ontology is often
expressed by a standardized knowledge representation languages such as the Web
Ontology Language (OWL). By providing domain knowledge, an ontology can
enable context awareness (Dalzochio et al. 2020). A system which acquires and
integrates information into an ontology to derive knowledge by reasoning is often
described as knowledge graph (Buchgeher et al. 2021).

In general, an ontology uses concepts. Concepts are higher-ranking classes of
objects which share specific attributes. For example, an ontological model could
include the concept of "means of transport" which is a conceptualization of
different kinds of methods for entities to travel distances. Instances are hereby
individual entities or objects within this model. A specific entity is an object
of a concept. In the presented example, a specific car model, e.g., "Model E",
is an instance of the concept "car". Concepts might be in a relation to each
other. A relation models the interaction between two concepts. For example,
the concept of the "car manufacturer" is in the relation "produces" to the concept
"car". In order to circumvent ambiguity of concepts across different domains,
ontologies are mostly domain-specific. Any domain-specific ontology can be
modeled by a network graph, whereby concepts are vertices and relations are
edges. If a specific observation is embedded in this network structure, instances
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are represented by vertices and the applied relations are represented by the edges.
Using the given example, an incomplete ontology of the automotive industry and
an implementation using specific instances is visualized in Figure 2.13.

Figure 2.13: An exemplary (and incomplete) ontology of the automotive industry and an exemplary
implementation for specific instances.

The example in Figure 2.13 shows that complex production planning concepts
can also be modeled by an ontology. As important concepts within the PPR
model, the processes, the products, and the resources are modeled. A specific
process, e.g., a welding application, is therefore an instance of the concept process
and is in a relation with the specific robot, which is an instance of the concept
resource, conducting the process and the specific component, which is an instance
of the concept product. As demonstrated in the exemplary ontology of Figure
2.13, a concept might be further subdivided into more specific concepts. Thus, the
concept resource could be divided among others into the concept robot or conveyor
belt. The rough production planning describes therefore a specific implementation
of instances in relation to each other using the underlying ontology. As a common
example using an ontology, a process planning can be modeled as a specific
combination of ontological process types.
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Hagemann (2022) discusses the individual information models within the rough
production planning using the PPR model. The information models utilizing the
PPR ontology within the rough planning phases are given in Figure 2.14.

Figure 2.14: Information models utilizing the PPR ontology in the rough production planning phase
based on Hagemann (2022).

As shown in Figure 2.14, the product model utilizes the concept of the product
and its lower-level concepts to describe the structure of the product, which is
produced on specific production system. Similar, the process model utilizes all
sub-concepts from the process concept in order to describe the process planning
and steps conducted on the underlying production system. Thus, the production
system model, which is the ontological representation of the used resources, is
referenced to the productmodel and the processmodel. In addition, the production
systemmodel is referenced to the assemblymodel which describes the assembly of
the product structure using individual processes per assembly step. Each assembly
step refers to specific substructures of the product structure and thus, the product
model is referenced. Also, each assembly step is conducted by multiple process
steps and thus the assembly model is referenced to the process model. In the
industry application, Hagemann (2022) notes that the references are often not
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continuously modeled, and data structures are not consistent across the different
planning aspects.

An ontology itself is highly descriptive and allows a semantic modeling of knowl-
edge but lacks the ability for inference. In order to use ontologies for infer-
ence applications, knowledge graphs are applied which utilize ontologies as a
knowledge-base. Ehrlinger and Wöß (2016) define knowledge graphs hereby as
knowledge-based systems which acquire and integrate information from various
sources into an ontology and apply a reasoning engine to derive inference and new
knowledge. In addition, Bellomarini et al. (2017) add Big Data capabilities as
a requirement for knowledge graph management systems in order to distinguish
these systems from knowledge base management systems. The architecture of a
knowledge graph based on this definition is sketched in Figure 2.15.

Figure 2.15: Architecture of a knowledge graph as defined by Ehrlinger and Wöß (2016).

A defined ontology acts within a knowledge-based system as the knowledge-base
and in order to create a reasoning engine, AI methods are commonly used to derive
the new knowledge in the application (Ehrlinger and Wöß 2016). Ontologies are
therefore not developed and applied for their own sake but enable this knowledge
creation process. However, the usage of an ontology may steer the production
planning process by its own by providing standards and a structure information
transfer between users. This benefit is possible since ontologies enable a seman-
tical conceptualization of domain knowledge of the production system in order
for an integration of multiple different systems (Yahya et al. 2021).
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Using the exemplary ontology in Figure 2.13, it is possible to demonstrate the ap-
plication of knowledge graphs and the enhancement of reasoning it might provide
to datamodels. In this simplified example, the carmanufacturer "Mercedes-Benz"
is an entity of the concept "Car manufacturer" and the truck manufacturer "MAN"
is an entity of the concept "Truck manufacturer". A statement saying "I want to
buy a Model E fromMAN" can therefore be analyzed by a reasoning engine using
a knowledge graph. The entities of this sentence are the "Model E" which has the
relation "is a" to the concept "Car". In addition, the entity "MAN" has the relation
"is a" to the concept "Truck manufacturer". Since the ontology in Figure 2.13
explicitly states that only car manufacturer produce cars and "MAN" is not a car
manufacturer, the inference can be drawn that the person making this statement
either wants to buy a car but confused "MAN" and "Mercedes" or wants to buy a
truck but named the wrong model type. Thus, the reasoning engine can identify
incorrect or misleading statements and propose targeted corrections. In addition,
the knowledge graph can draw logical conclusions based on this sentence. Since
the statement uses the relation "buy", it can be reasoned that the person making
this statement is a customer. This simplified example highlights that knowledge
graphs do not only enable checks of the syntax of a given statement (in this
case the sentence is grammatically correct) but can also extract semantics from
a statement. Thus, models using knowledge graphs can draw inferences and add
machine-readable as well as human-understandable contextual information by
using entities ("Model E"), relations ("is a"), and concepts ("Car").

In the case of production systems, ontologies might describe relation of, e.g.,
robots or tools to certain machinery types. If a certain task which requires a
certain type of tool is conducted on a product, a knowledge graph can identify
correct and incorrect tools using the ontological information and the reasoning
engine. Therefore, ontologies and knowledge graphs are of great importance in
manufacturing and are currently conceptualized, developed, and implemented in
order to improve efficiency in production systems. However, Spoor et al. (2023a)
list and discuss requirements with industry experts and show that the application
of knowledge graphs today still has some implementation hurdles in practice,
e.g., industry standards for the integration of heterogeneous data sources are still
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under development and thus the development of reasoning engines is a secondary
objective after the implementation of a fundamental knowledge-base. Overall,
the integration of heterogeneous data sources is also a challenge in the practical
application in multiple different domains besides manufacturing (Noy et al. 2019).
As Hagemann (2022) states, ontologies are not consistently used and modeled
across the whole production planning process and thus, a knowledge graph lacks
the knowledge-base for a consistent utilization across different planning stages.
Glawe et al. (2015) note that the used data within engineering is commonly
not structured in an ontology but rather in hierarchical documents and exchange
formats. Thus, Glawe et al. (2015) state that engineering data and ontologieswhich
represent knowledge require a sufficient connection in practical applications.

Due to the recent accelerated development of Large Language Models (LLM),
knowledge graphs gained popularity since a knowledge graph might be capable
of enhancing and verifying the results by a LLM and vice versa, a LLM might
be able to create large scale knowledge graphs or simplify the creation (Pan et al.
2023). The development of these solutions in an industrial context is still an open
research question but might enable manufacturing companies to adopt knowledge
graphs and ontologies faster.

One common data exchange format for knowledge-based information in auto-
motive engineering is the Automation Markup Language (AML). Bigvand et al.
(2016) show that this data format enables an iterative data exchange despite a
common shared semantic description of the data sources. AML relations enable a
representation of multiple relationships of data models transferred into this stan-
dard. Li et al. (2019) note that AML is useful for structure modeling but lacks a
support of different semantics which requires a semantic mapping of AML and
connected models. However, Hildebrandt et al. (2017) for example conduct a
model implementation using AML as well as OWL. Despite these limitations,
AML files are a useful data format to evaluate planning data from different tools
and data models within a knowledge-based system. This means, however, that a
support system in practice would not utilize the full semantically described do-
main ontology but standardized data models. One limitation of AML is that it is
more specialized on the manufacturing process and is not optimized for the needs
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of other related industries such as construction which are using markup languages
for BIM models (Witte et al. 2018). Therefore, the integration of BIM models
into the Digital Factory is a future field of interest in order to analyze plant facility
information along the production system layout, too (Schäfer et al. 2022b).

2.4 Fault Detection in Production Systems

The task of the AI support system proposed here is a predictive detection and
correction of faults in the rough production planning so that these faults are not
later implemented during the realization of the production facility or that they
must be discovered in a more costly manner during later stages in the overall
planning procedure. For a definition of faults, it is useful to use the standard
defined by the Deutsches Institut für Normung e.V. (DIN).

State of an item characterized by inability to perform a required
function, excluding the inability during preventive maintenance or
other planned actions, or due to lack of external resources.

DIN EN 13306:2018-02 (2018)

From this definition follows that a fault in the rough production planning might
result in a functional inability during the later operations of the planned production
system. Thus, it is from economic usefulness to detect these faults early. Park et al.
(2020) describe the fault detection herby as the first step of an implementation
procedure to optimize a system. After the fault detection, the fault is secondly
isolated, thirdly identified, and lastly a recovery of the process is conducted.
The rough planning stage of the overall production planning procedure is a cost-
efficient stage to detect the faults since most costs in planning a production
system occur during a realization of the production system. Corrections during
the operation of the production system can be even more costly. However, it is
more difficult to detect fault in this early stage since the production system cannot
be observed and analyzed based on its real physical implementation but only
based on an abstraction using ontological information and former knowledge of
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similar production systems. The relation between the degree of realization of the
production system and the ability to detect and correct faults is sketched in Figure
2.16. A low ability to do corrections is equivalent to high costs for correction
procedures.

Figure 2.16: Sketch of the ability to detect faults and to correct the faults during planning stages.

From this follows that it is most beneficial to detect fault in an early planning phase
in order to correct the fault in a timely and cost-efficient manner. Thus, the pro-
posed AI support system aims at an early fault detection in order to steer correction
of the planned production system in time. This should prevent economic costs
and increase the productivity of the production planning procedure. In addition,
if faults are detected faster, the whole production planning can be fastened and
thus, manufacturing companies can optimize the costs of the planning procedure.
This also enables a faster reaction capability to changed business requirements by
faster implementing and rolling-out new products. The rough planning phase is a
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reasonable point during planning for a structured fault detection because it is the
first phase where enough data and information is present to validate first ideas and
to detect faults in a sufficient manner. On the other hand, because the planning is
not too advanced, changes and adjustments of the planned production system do
not become too costly at this point in time.

As 2.16 implies, an early fault detection is difficult to implement since the real
production system cannot be observed. In the case of an observable production
system, sensor signals measured on the production system can be analyzed. Abid
et al. (2021) distinguish in their review sensor data from vibration, current, audio,
and image signals. However, during the rough planning phases no sensor data and
signals are available. Thus, the fault detection procedure must focus on available
data such as the planned system layout, simulations, or ontological descriptions.

A concept related to fault detection is the field of anomaly detection, which is a
method from the field of AI in order to find anomalous, conspicuous, or unusual
data. Chandola et al. (2009) define anomaly detection as the task of finding
patterns in a data set which do not conform to an expected behavior. The patterns
resulting from this analysis are called anomalies. Very similar, Aggarwal (2017,
chap. 1) defines anomalies as derivation from the normal model. In addition,
Mehrotra et al. (2019, chap. 2) add that the deviation of an anomaly from the
normal model should be substantial. Thus, a fault would be recognized in a data-
driven analysis as an anomaly in the sense that the fault would differ in a substantial
manner from the assumed norm of the production system. Anomaly detection is
used as a method in multiple fields of research such as business science, medical
science, or as discussed here in manufacturing for fault detection. Anomalies are
hereby not always incorrect data samples but might yield an underlying relevant
relation, e.g., Spoor (2023) shows that by an application in marketing important
customers, so-called key accounts, can be identified using anomaly detection.

The terms anomaly and outlier are often used interchangeably and sometimes
separated from the similar concept of novelties since novelties are incorporated
into the normal model later (Chandola et al. 2009). Thus, Spoor et al. (2023c)
separate anomalies which are true faults of incorrect or rare system behavior and
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anomalies which are results from the limitations of the normal model. Spoor
et al. (2022b) apply this separation in a system description and separate error
terms using this distinction. While this concept is driven by a root cause analysis,
anomalies are separated in a data-driven analysis by their appearance in the context
of the whole underlying data set. Lindemann et al. (2021) separates point base
outliers, contextual outliers, and collective outliers. Point outliers are single
data points whose values are not in accordance with the other data points. In
contrast, collective outliers are within a tolerance window regarding their values
but the composition of a group of outliers is irregular compared to the normal
model. Lastly, contextual outliers can only be detected in comparison to their
direct neighboring data points. These anomaly types are sketched in Figure 2.17
to further highlight the differences.

(a) Point Outlier (b) Collective Outlier (c) Context Outlier

Figure 2.17: Sketch of common outlier types as described by Lindemann et al. (2021).

Focusing on time series, Blázquez-García et al. (2021) state that also whole time
series from a set of multiple time series can be outliers. Thus, it is possible to
further distinguish local anomalies which are occurring within a set of data points
and global anomalies where a whole set of data points is an outlier compared
to other sets of data. To further distinguish anomalies, Foorthuis (2021) creates
a typology which covers distinct anomalies across multivariate data sets, time
series, and graph structures. The applied methods of anomaly detection also
differ between these types of anomaly detection.
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From particular interest are the anomaly types within graph structures since an
ontological production planning can be modeled as a graph. Ma et al. (2021)
separate the detection of anomalous vertices, edges, and the detection of anoma-
lous subgraphs within a graph structure from the detection of anomalous graphs.
If a production planning is modeled as a graph, anomalous vertices would be
incorrect instances embedded in the production planning and anomalous edges
would be incorrect relations between two instances. Using the example in Figure
2.13, an anomalous edge would be the relation of a truck manufacturer who is
producing a car model. However, an anomalous vertex and edge are in the case of
an ontology always related since incorrect selected instances would also invalidate
the relation. These kinds of violations should be easily detected by observation
of the ontology’s restrictions. However, it is more difficult in the cases where
contextual domain knowledge is required to detect the anomaly. E.g., the addition
of salt and pepper when cooking a meal might be a valid relation in a recipe but it
would be anomalous if it is a recipe for a dessert. Thus, a recipe modeled using
an ontology might require context from other instances. Concluding, the anomaly
detection of incorrect ontological set-ups during a rough production planning be-
comes in practice the detection of subgraphs and whole graphs which are incorrect
combinations of instances and relations.

In a second case, when it is not required to detect a fault but to utilize knowledge
from similar production system layouts, the task becomes the measurement of
similarity of the new planned production system to former known production
systems. Thus, two separate concepts must be applied. First, the former known
production systems must be grouped into similar systems to extract structured
knowledge from the specific type of group and second, the newplanned production
system must be classified as one specific group to use the knowledge from the
similar production systems of the same group to draw inferences.

The task of grouping is also called clustering. Murphy (2012, chap. 25) defines
clustering as the process of grouping similar objects. Fahrmeir et al. (1996,
chap. 9) describe the objectives of a cluster analysis as providing various methods
that assign a set of objects to smaller subsets, called groups or clusters. This
assignment is then called grouping. The objects which are assigned to the same
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subset should be as similar as possible with respect to their features and the
subsets should differ as distinctly as possible with respect to the features of their
assigned objects. The groups formed by a cluster analysis should be homogeneous
with respect to the features of the objects within the group and heterogeneous with
respect to the features of objects within the other groups. However, Fahrmeir et al.
(1996, chap. 9) state that a grouping cannot be assessed as correct or incorrect,
but the usefulness of the grouping created by the cluster analysis is determined
by the consideration of the objective of the overall analysis. In the field of AI,
clustering is commonly conducted by methods from unsupervised learning where
no labeling of the individual objects within the data set is prior known (James
et al. 2013, chap. 2).

The task of assigning the new planned production system is called classification.
In a classification the analyzed objects are assigned labels of their predicted class
assignments. Murphy (2012, chap. 1) distinguishes multi-class classification
where objects are assigned to a class out of a set of different classes, and binary
classification where there are only two distinct classes. By this definition, an
anomaly detection is a binary classification since it assigns an object either to an
anomaly class or a normal class. In addition, an object might belong to multiple
classes so that the task becomes a multi-label classification. Classification is
commonly conducted by methods from supervised learning where labeling is
priorly known and used during a training phase of the AI model to enable a
distinction between classes (James et al. 2013, chap. 2). The distinction between
classification and clustering tasks is schematically visualized in Figure 2.18.

Relevant for anomaly detection, clustering, and classification is the selection of a
metric which describes the similarity (or dissimilarity) between objects. Based on
the similarity to a specific group, class, or outlier characteristic, a tested objected is
assigned the corresponding label. In the case of a production system, a similarity
might be related to the probability that similar behavior or a similar fault might
occur during the operation of the system (Spoor et al. 2022a). Thus, the similarity
of a production system to another system, and thus the assignment to a class of
similar production systems, might be important to draw structured inferences.
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(a) Clustering (b) Classification

Figure 2.18: Sketch of clustering and classification tasks.

2.5 Summary

This section starts with a discussion of production planning, which is an essential
dispositive production factor for companies from the manufacturing industry. The
first phase of a system lifecycle in manufacturing is the development phase, which
encompasses the production planning of the production system in a greenfield
approach. The production planning can hereby be subdivided into the concept
planning, the rough planning, and the detail planning. The rough planning receives
as inputs the current product and assembly structure. First production system and
assembly process layouts are developed during the ideal planning, the first sub-
phase of the rough planning. These layouts are cross-checked with the underlying
restrictions in order to create functional outputs of these layouts and production
factor demands for the production system which is then finalized during the
subsequent detail planning.

In order to gain economic advantages by utilizing an intelligent manufacturing
system, the Digital Factory is introduced. The paradigm of the Digital Fac-
tory describes an applied network of methods and tools along a continuous data
management system during the production planning, as well as in subsequent
production tasks. To ensure this continuous data management and also to enable
a structured planning procedure, ontologies are used to describe, among others,
process, product, production system, and assembly models. Most commonly in
the manufacturing industry, the PPR model is utilized. By enriching the ontology
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with a reasoning engine, a knowledge-based system is created which enables an
inference and creation of new knowledge using the ontology as knowledge base.

If the task of fault detection is focused on such a knowledge-based system, the
rough planning stage is a useful phase to enroll and develop correspondingmethods
as the ability to detect a fault becomes economic feasible and the overall planning
of the production system is still adaptable without costly changes. This is possible
since a fault detection during the rough planning can identify problems before
the final physical production system is fully constructed. As base for the fault
detection, methods from the field of anomaly detection can be utilized. If the
rough planning is conducted using an ontology, the task becomes a detection of
anomalous graph and sub-graph structures.

The AI support system developed in this doctoral thesis should therefore enable
the use case of a fault detection during the rough planning phase using ontological
planning information as required input. In this context, the AI support system can
be described as a reasoning engine in a knowledge-based system embedded into
the paradigm of the Digital Factory.
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Since the importance of production planning for industry application is established
in the previous section, an analysis of the state-of-the-art enables a structured
detection and definition of current gaps in the literature. Among these are too few
researched applications and use cases in production planning as well as methods
which are not often utilized or not fully used to their potential. The detected
gaps in the body of literature are used in order to flesh-out the objectives of this
research by providing a set of open research questions.

In order to screen the body of literature, a structuresmethodology is developed and
presented in the first subsection. This methodology enables an assessment of the
literature, use cases, models, and application. Thus, the methodology results in an
overview of the current state-of-the-art regrading support systems for production
planning. However, the task of this section is not a comprehensive analysis of the
literature but a focused assessment of gaps in the body of literature. Therefore,
not all findings are discussed and presented but only a representative subset of
the literature in order to highlight the most prominent use cases and models.
An additional focus is on the introduction of the models. Thus, the models are
also briefly described mathematically in order to archive an understanding which
then enables a sufficient development of the proposed model of this thesis and a
comparison regarding its design and mathematical implications.

Based on this introduced state-of-the-art, the methods for support systems are
summarized, the gaps in the body of literature are derived, and the limitations in
research and application are discussed in a subsequent subsection. Based on the
gaps in the body of literature, the research questions of this thesis are deduced
and presented in the last subsection.
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3.1 Methodology of Literature Review

In order to systematically grasp the body of literature, a methodology for the
literature review is developed and fleshed-out in an iterative process. The overall
structure of the methodology for the literature review is presented in Figure 3.1.

Figure 3.1: Schematic of the applied methodology in the literature review.

The methodology starts with the set-up of adequate search terms for application
in an online search engine. In order to exclude different fields of research, three
main terms are used, namely: first, the name of the applied model; second, the use
case; and third, the industry sector. In order to not exclude methods which might
be applicable in production planning for manufacturing but currently lack use
cases in this specific field, similar industry sectors are included in the search since
solutions developed theremight be comparable and convertible for manufacturing.
Using these main terms, keywords for each term are defined and composed to a
syntax for the search term used in the online search engine. The initial selection
of used keywords based on the IEEE Taxonomy (IEEE 2023) is given in Figure
3.2. As search engine, google scholar is selected since it comprises most relevant
sources of literature.
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Figure 3.2: Syntax and keywords applied as search terms in the online search engine.

As a second step, the data collection is conducted by entering each composed
search term and extracting title and hyperlink for each publication. Since the list
of resulting publications is still relatively long for conducting a manual screening
in the case of most search term, only the first 100 results per search term are
used. This builds the first list of literature. However, within the third step of
screening and filtering of the results, review papers are separated from use cases.
In addition, results outside the defined subject area are filtered.

Using this list of publications, the literature is reviewed and based on the findings,
the keywords used in Figure 3.2 are adjusted. Instead of the generic term such as
AI, particular model names are usedwhich are extracted from priorly found review
papers. In addition, terms indicating review papers are excluded in the search
using the google syntax (-"Review" -"Survey") in order to find only models, use
cases, and prototypes in this second search run. The literature search is iteratively
repeated with adjusted keywords until a sufficient database of relevant use cases
is created.

This final list of use cases is then clustered and reviewed. In order to structure the
use cases along models as well as use cases, four use case categories are developed
and applied in order to cluster the body of literature:

1. Forecasting, which includes the prediction of either customer demands,
production factor demands, or process times of a certain process, group of
processes, or the whole production process in order to steer the production
planning. Thus, forecasting is the task of uncertainty quantification.

2. Process Planning, which focuses on the sequence of processes and the
assignment of necessary parameters to a process or a set of processes
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in order to assemble a given product model utilizing a given production
system model. The process planning is therefore focused on the process
and assembly model.

3. Resource Planning, which describes use cases where the geometrical lo-
cation, sequence, and set-up of resources within a production system is
planned. Objective of most resource planning tasks is the design of a valid
workstation which handles a given assembly structure. Thus, resource
planning is focused on the production system model.

4. Scheduling, which includes the task of assigning a certain product or pro-
cess to a certain set or sequence of workstations to utilize their resources.
Dynamic scheduling is hereby a subtask which considers changes and flex-
ible assignments during the production system’s operation.

The ALBP, including RALBP and analogously formulated disassembly problems,
are viewed in this analysis as a subtask of resource planning or scheduling de-
pending on their specific type. Type I problems aim at minimizing the number
of stations and are therefore part of the resource planning tasks. Type II prob-
lems focus on the scheduling of task to a given set of different stations in order
to minimize a given KPI and thus are considered scheduling problems. Type E
problems are multi-objective problems which would cover resource planning as
well as scheduling. Type F is analogously a validation task of a resource planning
and scheduling use case.

The categories are build using a screening of the commonly used terms within the
body of literature derived from keywords, titles, and the text body of publications
and clustered by the author. In addition, the taxonomy by Gottschlich et al. (1994)
is used to cross validate the categories. In contrast to the categorization proposed
here, Gottschlich et al. (1994) list three main fields of interest: planning and
integration of design & manufacturing; off-line planning under uncertainty; and
on-line planning, execution & reaction. However, the applied categories align
with the defined subgroups by Gottschlich et al. (1994). Concluding, it should
be noted that these categories do not fully adhere to the mutually exclusive and
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collectively exhaustive paradigm but are rather reflections on the most prominent
research topics and used key word in the field of production planning.

In order to give the reader an understanding of the relevant applications, use
cases, and applied models of support systems in the literature, only a selection of
representative publications is presented in a tabular format in the following section.
If multiple models are used, the model with the best performance as concluded by
the authors is listed. The selection is based on showcasing interesting and diverse
use cases, number of citations of the publication, recency of the publication, and
the reputation of the peer-reviewed journal and publisher in order to prevent the
listing of non-academic or predatory journals.

The result of this literature search and review procedure are presented in the
following subsection along a brief introduction of the mathematical background
of commonly applied models.

3.2 Review of Support System Models

In order to further structure the varying approaches, the different methodologies
for setting up support systems in production planning are categorized along a sim-
ilar differentiation as used by Hagemann and Stark (2018). These categories are
broader in definition, so that the complexity of the methods, their applicability,
and overall methodological approach might differ within the same category. How-
ever, the core idea and field of research are within the categories comparable and
thus, it is possible to derive conclusions based on the conducted categorization.
In this thesis, the available methods for support systems, which are proposing
optimizations or detecting errors in the planning data, are categorized as follows:

1. Rule-based Models, which apply a set of conditional or fuzzy rules.

2. Optimization Models, which search a solution space of an optimization
function under restrictions based on given parameters of the planning data
in order to find a better parametrization.
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3. Artificial Intelligence Models, which derive conclusions based on a math-
ematical model representing the logic of the problem in an abstract manner
and which are parametrized using training data as input. Models with the
capability to draw inference from a statistical and data-driven approach are
often referred to as Machine Learning (ML) models and are considered a
subclass of AI.

The different approaches and models of each category are described in the fol-
lowing separate subsections in more detail and a selection of representative im-
plementations along the use cases categories are introduced as described in the
methodology of the literature review.

3.2.1 Rule-based Models

A core consideration of a rule-based model is a conditional logic applied to
sets of features of a production system. In principle, these rules are defined
using conditional logical operations of ’AND’, ’OR’, and ’IF’, the mathematical
operators, and relational operators. Thus, these rules using multiple operands and
operators generate statements which are either ’TRUE’ or ’FALSE’. By combining
a multitude of rules, the conducted test can cover a wide variety of cases and
incorporate a high complexity of the underlying use case. The operands are
selected from either knowledge bases or are the parameterization of the current
planning data of the production system. The arrangement of rules and operators
is manually designed and programmed within the support tool. An exemplary
conditional statement using an ’AND’ operator and the mathematical operator "="
is given in Figure 3.3

Figure 3.3: An exemplary conditional statement using two operands.
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The decisions itself can be visualized by a directed binary tree structure which
starts at the highest hierarchical node and goes a path towards the branches till
the last node is reached and the final assignment of the tested data structure is
conducted. Each node represents a conditional test and the resulting assignments
of ’TRUE’ and ’FALSE’ for the statement determine the selected edge. From
the tree structure follows that the same rule will not be tested twice. However,
complex directed graph structures of the rules are possible, where branches are
interconnected (which could be transformed into a tree structure without con-
nected branches again by duplicating the rules). This visualization is exemplary
demonstrated in Figure 3.4, whereby each node is a conditional logic statement
and the edges represent the assigned truth values of the corresponding higher-level
node condition. In total, there are four different rules using the third rule twice.
The set of operands is given by the entered data set.

Figure 3.4: Visualization of an exemplary rule-based decision process as a tree structure.

Using the tree structure, it is trivial to see that the number of rules tested is
the number of computational operations conducted by the support system. The
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worst-case computational complexity of testing planning data is a tree with only
one branch and thus the computation time scales linearly in O(n) with the total
number of defined rules n. The average computational time scales withO(log n).

Since the conditional statements follow clear logical assignments, it is in addition
trivial to see that the assignment of an evaluated set of data to a specific truth
value can only change if either the input data or the rule set is changed. Thus,
rule-based approaches are always deterministic.

In practice, the definition of these rules often requires ontological data with
semantics to evaluate the rules. Thus, rules are defined using ontological concepts
which are tested for correctness along defined relations. Lanz et al. (2008) develop
an ontological model including product, process, and system ontologies in order
to derive a reasoning based on rules derived by the ontological relations. Kim
et al. (2006) demonstrate a methodology which uses ontologies that represent
engineering, spatial, assembly, and joining relations of the assembly line and thus,
the implicit constrains can be used for reasoning capabilities. Using the PPR-
model’s data structure, Mas et al. (2016) propose a knowledge-based assistant
system for the production planning of an assembly line in the aviation industry.
Mas et al. (2016) hereby emphasize that the support tool is dependent on expert
knowledge to set-up the ontology and knowledge base. Vice versa, if only limited
knowledge about the underlying problem is available, it might be not possible
to model the ontology and corresponding rule set sufficiently. However, the use
case by Mas et al. (2016) demonstrates that a time reduction in the planning of
the assembly line can be achieved by the proposed support tool if the necessary
knowledge is leveraged during an implementation of the ontology.

As discussed, the use of ontologies enables a human-understandable as well as
machine-readable methodology (Feilmayr and Wöß 2016). Conditional rule sets
can also be visualized and thus offer high explanatory value. Therefore, these
approaches offer a computational time efficient and interpretable way of support
systems for production planning.

In addition to rule sets using a conditional logic as illustrated in Figure 3.3,
other approaches utilize a fuzzy logic. The core idea in fuzzy systems is that
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continuous input variables are transformed into fuzzy sets, which are describing
their membership assignment. This process is called fuzzification. Subsequently,
logical operations are conducted on the different fuzzy variables in order to
create an output function via a rule set. Concluding, the output function is
again transformed into a crisp value during the de-fuzzification. This approach
is illustrated in Figure 3.5 and is called Mamdani system. Mamdani systems
are one commonly applied method in order to develop a fuzzy system, but other
approaches exist as well.

Figure 3.5: Approach of a rule evaluation by a fuzzy logic following the Mamdani system.

During the first step of the fuzzification, a variable is assigned a measure of
vagueness which property it has. In conditional logic, statements are either true
or false, and thus belong to the set {0; 1}. In fuzzy logic, statements are assigned
to values between 0 and 1 for different memberships, often semantic relations
such as, e.g., "low", "medium", or "high". A continuous input value can therefore
be between "low" and "medium" and thus belong to both descriptions with a
different level of vagueness. This is illustrated in Figure 3.6

After the fuzzification of all input variables, rules using operators similar to these
in conditional logic are applied. However, the operators are applied differently
in a fuzzy system, e.g., the logical operator ’x AND y’ is transformed into the
minimum operator min(x, y). These operators are then used to set up a fuzzy
rule set which evaluates the input variables and creates an output function. Lastly,
the output function is again transformed back during the de-fuzzification into a
crisp variable, meaning a real value from a continuous interval or set.

Fuzzy logic proved useful in different applications, in particular in control theory,
and also in use cases of production planning. However, while its capabilities and
possible applications exceed these of normal rule sets using conditional logic, both
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Figure 3.6: Exemplary fuzzification of a continuous input variable into a fuzzy set with a membership
assignment "low" with a value of 0.7 and "medium" with a value of 0.3.

require an extensive rule definition using either conditional or fuzzy statements.
Extensive expert knowledge is also required in the application of fuzzy logic for
the design of the fuzzy rule set. Thus, fuzzy logic might be more nuanced and
enables a better design of rules but also requires a manual knowledge creation
process. In addition, experts do not have to assigned fixed thresholds or critical
values to rules but can work with more plausible vague statements, e.g., in the
case of scheduling: if the current load of a workstation is "low", then assign the
next job to this workstation.

An application of rule sets in combination with non-rule-based methods are also
commonly used, e.g., fuzzy system can be paired with neuronal networks from
the field of AI models in order to create neuro fuzzy systems.

The computational effort for fuzzy rule sets is also mostly depending on the
number of rules and possible membership assignments a variable can have. Thus,
fuzzy rule sets also yield a sufficient computational complexity and are again
deterministic since the rules are pre-programmed and do not change over time or
after certain prior decisions.

An overview of a selection of prominent publications of rule-based approaches
and support systems in production planning is given in Table 3.1.
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Table 3.1: Selection of rule-based models for production planning.

Author Use Case Model

Mahdavi et al. (2009) Scheduling Fuzzy system

Mas et al. (2016) Resource planning Rule set & PPR model

Engel et al. (2018) Process planning Rule set

González Rodríguez et al.
(2020)

Scheduling Fuzzy system & Decision Trees

Widodo et al. (2021) Forecasting Neuro fuzzy system

Zhou et al. (2021) Resource planning Fuzzy system & Decision Trees

Okubo and Mitsuyuki
(2022)

Process planning Rule set & PPR model

Ren et al. (2022) Scheduling Rule set

Some publications, e.g., Guo et al. (2022), focus at the automated or standardized
creation of a knowledge base as a first step in order to develop anAI-based solution
using the knowledge base.

It should be also noted that rule sets are the state-of-the-art in practical applications
in the manufacturing industry of support systems. Most standard software utilizes
rule sets, which can be manually defined by the users, and are evaluating decisions
based on these rules. From the author’s experience, these rule-based solutions
are currently favored by practitioners due to their accessibility and overall strong
performance, if the rule set was designed with sufficient precision. They are
particularly strong if pairedwith forecastingmethods from the field ofAI since this
enables an uncertainty approximation as complement to a human-understandable
and comprehensive rule set.
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3.2.2 Optimization Models

Continuous optimization models utilize an optimization function f : A → R
which assigns a parameter vector x ∈ A from the set of possible solutions A
to a real number. This real number is the target of the optimization which is
either minimized or maximized. Maximizations targets can be rearranged as a
minimization target and vice versa. The function f can be a linear as well as
nonlinear function. The resulting real value might in some applications be an
optimization target with direct relation to an economical KPI such as costs, time,
or profit but might in other cases do not have a direct economical interpretation.
The optimization function is subject to a set of restrictions with a number of
P inequality constrains gi(x) with i = (1, ..., P ) and a number Q equality
constraints hj(x) with j = (1, ..., Q). Thus, the optimization problem can be
generally written using a minimization target:

min f(x)

gi(x) ≤ 0, i ∈ (1, ..., P )

hj(x) = 0, j ∈ (1, ..., Q)

P,Q ≥ 0

(3.1)

The models themselves are from different classes of problems. Convex opti-
mization problems, where Linear Programming (LP) using a linear optimization
function, inequality, and equality constrains is a subclass, are described by a con-
vex optimization function and inequality constraints. Thus, all local optima of the
optimization problem are also global optima. Nonlinear optimization functions
and constrains are also possible and are called Nonlinear Programmingmodels. In
Integer Programming or Mixed Integer Programming (MIP), all, or rather some,
variables are not from the set of real numbers R but from the set of integers Z.
The cases of a set-up where the problem uses an identical description as in LP
models but some variables are integers are called Mixed Integer Linear Problems
(MILP). For large MILP models, heuristics must be applied in order to find so-
lutions since these problems are NP-hard. MILP models are most common in
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production planning use cases since, e.g., the number of workstations is an integer
while the cycle time is not. In addition, combinatorial optimization searches for
an optimal set from a finite set of objects, whereby the solutions and sets do not
have a continuous representation.

In order to describe the optimization model, its mathematical classification is
relevant for the process of finding suitable solutions. In practical application, the
specific design of the optimization function is more important, in particular what
KPIs are optimized and what constrains are considered. Thus, the model layout
is more focused on the process of finding a solution but the core considerations
for production planning are found in the design, not the model.

Optimization problems can be mathematically solved by finding the global op-
timum in specific cases, e.g., in the case of a linear optimization function and
restrictions in LP models. However, in other cases, e.g., MIP models, it is not
possible to analytically find the optimal solution. In these cases, a heuristic is used
to approximate the global optimum. In addition, metaheuristics as higher-level
procedures can be used to find the best heuristic for a given optimization problem.
These classes of problems are often NP-hard and thus, it is assumed that it is
not possible to solve them with a polynomial computational time complexity but
instead with an exponential complexity.

In order to achieve an efficient computation time, heuristics might be aborted if the
solution is close to an assumed optimum. In addition, often not the whole solution
spaceA is searched but only randomly selected values within intervals where the
optimum is assumed. Within these intervals, the current best solutionx′ is slightly
adjusted in order to find gradual improvements. This however creates the risk of
not finding a global optimum but only a local optimum, if the adjustment dx of the
current best solution is not large enough to cross a local maximum between a local
and global (or better local) optimum. However, most algorithms for these kinds of
optimization problems circumvent this problem by multiple random initialization
procedures and parallel testing of different intervals. An optimization trapped in
a local optimum is schematically highlighted in Figure 3.7.
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Figure 3.7: Visualization of an optimization problem trapped within a local optimum.

The random initializations and search within the solution space are the reasons
why these models are non-deterministic. The same initial data set might result
in multiple different solutions in multiple optimization procedures. However, by
using the optimization function the different solutions can be compared for the
best solution, which again does not guarantee a global optimum. By searching the
solution space long enough (depending on the problem), it is reasonable in most
applications to assume that a solution close to the global optimum is found. Thus,
the quality of the results is often high if sufficient iterations of the optimization
algorithm were conducted.

Applied heuristics in order to solve optimization problems are, among others,
branch & bound methods, particle swarm optimization, simulated annealing,
genetic algorithms, ant colony optimization algorithms, or tabu search. However,
various different heuristics are developed. While all heuristics follow a different
approach at searching the solution space A, their specific design is not important
in the review discussed here since they are all based on a given optimization
function which require prior modeling and aim at finding solutions close to a
global optimum in a sufficient computational time. Hence, these heuristics should
not be confused as the underlying models. Instead, they are the solvers for
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these models. As also discussed in the context of the models themselves, the
core design decisions regarding the production planning approach are defined by
specific arrangement of the optimization function.

A selection of representative optimization models, their applied mathematical
model classification, if applicable, the applied heuristic as a solver (or most
efficient solver in case of multiple solvers), and the use case within production
planning are listed in Table 3.2.

Table 3.2: Selection of optimization models for production planning.

Author Use Case Model

Michalos et al. (2015) Resource planning MIP

Colledani et al. (2016) Resource planning MILP

Lopes et al. (2017) Resource planning MILP

Borba et al. (2018) Resource planning MIP (Branch and bound)

Michels et al. (2018) Resource planning MILP

Angizeh et al. (2020) Scheduling MILP

Hagemann and Stark
(2020)

Resource planning MIP (Branch and bound)

Liu et al. (2021) Process planning MILP

Zhang et al. (2022a) Scheduling MIP (Genetic algorithm)

Albus and Huber (2023) Resource planning MILP

Gelfgren et al. (2023) Scheduling MIP (Particle swarm optimization)

Stade et al. (2024) Resource planning MIP (Genetic algorithm)
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This table includes only a short exemplary list of research in this field. For a more
nuanced review of ALBPs and the included KPIs, problem formulations, and
solvers, the reviews by Hagemann (2022) and Chutima (2022) are recommended.
However, this list provides a good overview of the high-level use cases tackled by
optimization models.

3.2.3 Artificial Intelligence Models

There exists a wide variety of AI models in the body of literature for classification
and anomaly detection task which are in principle applicable in manufacturing
applications. As already discussed, AI models can help to solve NP-hard opti-
mization problems under a limited time and data storage complexity. This section,
however, discusses AI models which do not aim at solving a given optimization
function but solve complex tasks without the explicit modeling of an optimization
problem. Thus, these models evade a core limitation of optimization problem
which is the difficult prior definition of an optimization function which encom-
passes multiple and sometimes contradicting KPIs such as costs, throughput, or
cycle times. In addition, these models do not require a manual design of rule sets
but enable an automated generation of rule grounded in a statistical analysis.

Fahle et al. (2020) name as applied methods in the literature of the field of man-
ufacturing process planning Decision Trees, Random Forest, Neural Networks
(NN), Support Vector Machines (SVM), Gradient Boosted Trees, logistic regres-
sion, Bayes inference, and Q-learning. However, it is proposed to use a more
structured view of the varying applied models of AI in order to gain insights into
the state-of-the art. Thus, a morphological analysis in Figure 3.8 is proposed
to discuss the core principles and ideas in detail. It should be noted that this
morphological analysis is no comprehensive review of AI models but a simplified
structure in order to more efficiently discuss the different approaches within the
context of this thesis.

The idea of this structure is to separate approaches along three dimensions:
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Figure 3.8: Simplified morphological analysis of AI models in manufacturing applications.

1. Learning Representation. This describes the process in which the algo-
rithm models the knowledge and the applied structure which is learned.

2. Feedback Representation. Feedback is the interaction of an AI model
with the environment, thus in most cases the data on which a model is
trained. Feedback can be the labeling of data into classes and providing the
model with samples in order to drive the learning process.

3. Ensemble Techniques. Many approaches utilize ensemble learning which
creates multiple different weaker models and adds a meta model which
decides based on the results provided by the weaker models.

Of cause, it is also possible to combine different learning and feedback repre-
sentations within an ensemble. Thus, the morphological analysis in Figure 3.8
could have multiple different expression in the first to dimensions in the case of
ensemble techniques.

Not all combinations of approaches might be applicable for all problems and
vice versa, certain problems require a specific combination of approaches in the
morphological analysis. The individual solutions are separately discussed in the
following subsections.

3.2.3.1 Neural Networks

Since the AI support system introduced in this thesis falls into the category of
NNs, the general layout and the core principles of NNs are discussed in this

63



3 State-of-the-Art

section in more detail. This section follows the notation and structure presented
by Aggarwal (2018) in order to present the core principles of NNs.

The first important learning structure is the Artificial Neural Network (ANN)
layout. ANNs aim at imitating the process of neurons and synapses in biological
brains. Despite ANNs being obvious simplifications of the underlying biological
process, the principles of neuroscience proofed themselves useful in the design of
ANN layouts (Aggarwal 2018, chap. 1). However, the basic process of synapses
and neurons remains the same. A signal is sent via the synapses and if the signal
strength exceeds a defined threshold value, the neuron is activated, which in turn
sends a signal to neighboring neurons via synapses.

In a classification task, input values of an object, which are multivariate descrip-
tions xi = (xi,1, ..., xi,j , ...xi,J) of J features, are provided and the input values
in turn lead to an output signal which provides information about the class mem-
bership of the object. The input values are a list of the active or inactive features
xi,j of the object, represented as input neurons. This is mathematically modeled
by a signal which is transferred from the J input neurons to a connected neuron.
Each binary neuron is hereby either active or inactive:

xj =

{
1, active neuron

0, inactive neuron
(3.2)

If a neuron is active, it sends a signal of the strengthwj ∈ R to the connected output
neuron. This represents the biological function of synapses. The binary output
signal ŷ is activated if the sum of the signals exceeds a predefined threshold. This
neuron starts to be active again and thus, sends also a signal in a corresponding
strength to neighboring neurons. Thus, it is important whether a neuron is
activated by the incoming signals or not. Basically, this ismathematicallymodeled
as a sum of all input signals. The input of a vector of the J input neuron is given
as the x feature vector of the object and the strength of the signal transfer is given
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as a vector of weightsw = (w1, ..., wj , ...wJ) connecting each input neuron with
the output neuron. The signal is modeled as follows:

J∑
j=1

wj ∗ xj = w ∗ x (3.3)

The threshold decision whether the output neuron is activated or not is given as a
function Ψ of the incoming signal strength.

ŷ = Ψ(w ∗ x) (3.4)

A commonly used activation function is the signum function.

ŷ = sign(w ∗ x) (3.5)

Additionally, it might be useful to incorporate a bias which is modeled like a
neuron that always sends a signal in the strength b.

ŷ = Ψ(w ∗ x + b) (3.6)

Thus, the output neuron’s value becomes 1 if the sum of signals is positive and
zero if the sum of signals becomes negative. This output may then act, e.g., as a
predictor of the class membership in a two-class classification task.

Figure 3.9 shows the Perceptron model initially proposed by Rosenblatt (1958) us-
ing 3 input features x1, x2, and x3 which are summarized using the corresponding
weights to create an outgoing signal y by a signum function.

The Perceptron is a very simple layout of a NNwith only an input layer of neurons
representing features and an output layer containing a single neuron with is either
active or inactive to create a binary classifier. Despite is simplicity, it essentially
enables, e.g., a regression classifier whether an object is above or below a curve
dividing a data set.
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Figure 3.9: An exemplarymodel of a Perceptronwith three input features using aweighted summation
and a signum activation function to create an output.

To create a genuine predictor using this ANN layout, it is firstly important to
generate weights which accurately represents the classification task. This is
conducted in a training procedure of a number N objects in a data set D with a
known class membership y. Thus, this ANN layout corresponds to a supervised
method due to the feedback representation.

In order to train the ANN, the quality of the class membership prediction ŷ is
measured as the difference between the output of the ANN and the true class
membership yi of an object. This measurement of the accuracy of the prediction
is very similar to the application in residuals of a regression analysis and of the
Decision Tree. This function for measuring the prediction quality is referred to
as the loss function L.

L =
∑

xi,yi∈D
(yi − ŷi)2 (3.7)

The weight vectorw is selected in order to minimize the loss function. Thus, this
task is similar to the optimization in a linear regression analysis. The resulting
gradient descent corresponds to the to the stochastic gradient descent of the
method of least squares used in linear regression models.

min
w

L = min
w

∑
xi,yi∈D

(yi − ŷi)2 = min
w

∑
xi,yi∈D

(yi −Ψ(w ∗ x + b))
2 (3.8)
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In order to optimize the loss function, the gradient is observed. The gradient is
defined as the course of change of a variable in a particular direction. In the case
of ANN, the gradient of the loss function depends on the respective weights and
is defined as the partial derivative according to the respective weight. However,
in the case of the ANN defined here, the gradient can be represented in simplified
form as a smoothed function, which can be analyzed analogously:

∇Lsmooth =
∑

xi,yi∈D
(yi − ŷi)2 ∗ x (3.9)

The weights can be iteratively adjusted using the known data set for training
purposes. The loss function is minimized by computing the gradient using a
parameter α as the rate of learning applied to the weights for each object trained.

w⇐ w + α ∗ (yi − ŷi)2 ∗ x (3.10)

The weights are therefore recalculated and updated per each object in the training
data set D. Once all weights have been computed using the data set with the
known true assignments y of objects to classes, new objects with as yet unknown
assignments can be fed into the network as inputs in order to compute the pre-
dictions ŷ for the binary class assignment. This allows unknown objects to be
classified in a two-class binary classification task.

The mini-batch method is an optimization method for computing the weights.
In order to compute the weights in a mini-batch procedure, a subset S from all
objects of the entire data set is selected and the weight is updated for all objects
within the subset at the same time. Thus, the weight update is not conducted
individually.

w⇐ w + α ∗
∑

xi,yi∈S
(yi − ŷi)2 ∗ x (3.11)

The application of a mini-batch procedure is a trade-off between computing time
and stability in determining the weights. Due to a computer’s architecture, powers
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of 2 are often chosen for parallelization of the computation task as the size of the
subset S , such as 32, 64, 128, and 256.

The selected function Ψ for activating the output neuron is an important influence
on the performance of the NN. A neuron does not always have to generate binary
outputs but can also accept normalized values between 0 and 1 or even any rational
numbers, depending on the selected function, and then pass this value on to the
downstream neurons with the respective signal strength. Therefore, the values of
the input and output neurons are no longer strictly binary, as in equation (3.2),
but can take on various values, whereby a normalization between 0 and 1 is often
desired. In addition to the signum function in equation (3.5), multiple other
functions can be utilized in an application of an NN. A list of commonly applied
activation functions is given as follows:

Ψ(w ∗ x) = max (0,w ∗ x) ReLU

Ψ(w ∗ x) =
1

1 + e−w∗x
Sigmoid

Ψ(w ∗ x) =
e2∗w∗x − 1

e2∗w∗x + 1
Tanh

Ψ(w ∗ x) = max (min (w ∗ x, 1),−1) Hard Tanh

(3.12)

The different activation functions of equation (3.12) are also schematically visu-
alized in Figure 3.10 in order to highlight their specific properties regarding input
and output signal of a neuron, whereby the different scaling of the input signal
axis should be noted.

In order to use these more nuanced activation functions, the loss function and
thus the gradient ∇L is also adjusted since the partial derivate cannot be set-up
identically as in the case of a signum activation. Thus, the weight updates in
equation (3.10) and (3.11) are also adjusted since they are directly derived from
the gradient. For a general case, the loss function is given as follows:

w⇐ w + α ∗ ∇L (3.13)
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(a) Identity (b) Signum (c) ReLU

(d) Sigmoid (e) Tanh (f) Hard Tanh

Figure 3.10: Schematic diagram of the presented activation functions.

In addition to more nuanced activation functions, it is also possible to apply
different loss functions. The loss function in equation (3.7) corresponds to a least-
squares regression problem. However, a hinge loss function is also commonly
applied, e.g., here displayed with an identity activation function as follows:

L = max (0, 1− yi ∗ ŷi) (3.14)

In the case of binary classification targets, a loss function based on logistic
regression can be applied using the identity activation function as follows:

L = ln(1 + e−yi∗ŷi) (3.15)
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In this case, a learning method based on logistic regression is used. However, the
loss function changes if other activation functions are applied. In addition, the loss
and activation functions are selected depending on the underlying classification
or regression objective, e.g., a multi-class classification task of categorical targets
requires a different loss function compared to a binary classifier.

In addition to the selection of useful activation and loss functions, the structure
of the NN can be extended from the very simple structure in Figure 3.9 by adding
a number of P layers hp between the input layer and the output layer of the ANN
or by using several outputs instead of just one. The resulting ANNs are called
multilayer neural networks. In principle, different structures of this type of ANN
are possible with different numbers of layers which represent the dimensionality
of the ANN. Several bias neurons can also be added at different locations and
layers. Also, different activation functions might be applied within the same
ANN for different neurons or layers. In general, this type of ANN is also referred
to as a feed-forward network since an input signal is passed from layer to layer
until an output is produced at the end of the chain. An example is given in Figure
3.11.

Multilayer neural networks are often also called Multilayer Perceptrons (MLP),
whereby MLPs are often considered as the special case of layout using linear
activations functions, such as the signum function as initially proposed for the
Perceptron, while multilayer neural networks use non-linear activation functions.
However, both terms are in practice often used synonymously.

The processing of the signals per each layer depends on the selected activation
functions of the corresponding neurons and theweights and inputs of the preceding
neurons. The following relation applies to the neurons of each layer with a total
dimensionality of P layers:

h1 = Ψ(w1 ∗ xi)
hp+1 = Ψ(wp+1 ∗ hp)

ŷi = Ψ(wP+1 ∗ hP )

(3.16)
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Figure 3.11: An exemplary model of a Multi-layer network with four input features using two hidden
layers in order to create a two-dimensional output.

When determining the weights, each weight must then be adjusted backwards
based on the prediction and the loss function. The determination of a weight is
then carried out according to the partial derivation of the respective weight.

wj ⇐ wj + α ∗ ∂L

∂wj
(3.17)

This type of back propagation leads to a more complex calculation of the weights
via the partial derivation using the chain rules of the derivation along a single path
P of weights. A path is a single chain of how a signal is passed on from a single
neuron within the input layer to a neuron in the output layer, whereby various
paths naturally exist. For a single path, the following equation applies:

∂L

∂wj
=
∂L

∂yi

 ∂yi
∂hP

P−1∏
p=j

∂hp+1

∂hp

 ∂hj
∂wj

(3.18)
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If multiple paths P exist, the sum over all paths of the signal must be considered.

∂L

∂wj
=
∂L

∂yi

 ∑
hp,yi∈P

∂yi
∂hP

P−1∏
p=j

∂hp+1

∂hp

 ∂hj
∂wj

(3.19)

The complexity of this computation can be sufficiently managed by using dynam-
ical computation methods, the discussion of which exceeds the scope of this intro-
duction. However, there exist various software solutions that have implemented
this computation and enable a user-friendly parametrization and configuration of
an ANN, such as Scikit-learn by Pedregosa et al. (2011) or PyOD by Zhao et al.
(2019) which are used in this thesis in order to set-up NNs during benchmarking.

A problem which can occur when applying an ANN, alike to other models, e.g.,
in linear regression, is an overfitting. This occurs when too many output neurons
in relation to the input neurons exist or the ANN has a layout that allows perfect
linear combinations to be found. In these cases, the linear combinations do not
follow a real relationship, analogous to the problem of overfitting in regression,
but are simply a result of a too restrictive layout or too little or less diverse input
data. Therefore, it is recommended to have a sufficient numberN of objects in the
data set D to determine the weights. Alternatively, it is possible to add a penalty
term λ > 0 as a regularization technique in order to adjust the learning rule in
equation (3.10).

wj ⇐ wj(1− α ∗ λ) + α ∗ (yi − ŷi)2 ∗ x (3.20)

These types of learning rules can successfully avoid overfitting when calculating
weights with a small amount of available data. The progress of regularization can
be interpreted as a kind of forgetting of formerly trained weights. Furthermore,
ANNs can use a technique called bagging. In bagging, a number B of data sets
with Nb < N objects is randomly selected from the data set containing all N
objects. This creates an ensemble of ANNs. The final classification for a tested
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object can be determined by a majority voting of all ANNs within the ensemble
which can also reduce the effect of overfitting.

Similar to the discussion in the section about the optimizationmodels, the resulting
optimization function of an ANN is also non-linear, which can lead to only local
minima being found rather than the global minimum of the problem. This can
be solved with a pre-training of the network by computing the weights for only a
partial section of a single layer of the network.

In general, the layout of the network should be justified for the applied use case
and a specific architecture should be chosen that supports the underlying problem.
In addition, networks with more layers are less prone to overfitting than networks
with many neurons per layer and overfitting can be avoided by adding depth to a
network. However, very deep networks tend to have gradients of input neurons
that are either very large or very small and the back-propagation procedure of the
network becomes unstable. Very deep networks may therefore not converge to a
solution fast enough, which is related to the problem of decreasing gradients for
deep networks.

Worth mentioning as a special layout of ANNs are Autoencoders, which have
fewer neurons in the hidden layers than the number of output and input neurons.
The signal from the input layer is encoded and represented in a lower dimensional
structure in the latent space and then decoded towards the output layer. The loss
function is selected so that the difference between the original input and the first
encoded and then decoded output is minimized using, e.g., the methods of least
squares. Byminimizing the difference between input and output, the Autoencoder
trains the weights in order to create a representation of the inputs within a lower
dimensional space which can be sufficiently decoded into a truthful representation
of the inputs. Thus, Autoencoders can be used to extract essential information
from data while reducing noise and enable a reduced representation of the input.
Using the decoding and encoding procedure, it is possible to design Autoencoders
for an anomaly detection which do not rely on labeled data as commonly used
ANNs. An exemplary layout of an Autoencoder is presented in Figure 3.12.
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Figure 3.12: An exemplary model of an Autoencoder with four input features and a latent space with
only two dimensions. The decoding and encoding are conducted in one layer each.

Another interesting layout is the Radial basis function (RBF) network for regres-
sion tasks. These networks use a single hidden layer with an RBF as activation
function and a single output neuron. The RBF is given as follows:

Ψ(x) = exp−η‖x−bp‖
2

(3.21)

By summarizing the resulting RBFs with a center at bp of each neuron p in the
hidden layer using weights wp as in regular NN in the output neuron, a regressor
is computed.

In summary, it should be mentioned that the computing capacity required for
ANNs might be very large for certain use cases and therefore, either special
hardware must be used or simplifications must be made in order to enable a
computation of complex and deep ANNs in an acceptable time. In addition, a
careful optimization of the hyper-parameters, such as the number of layers and
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neurons per layer, the selection of the loss and activation function, the learning
rate, or the regularization terms, is required when setting-up ANNs.

In addition to the conventional NN layouts, LeCun et al. (2015) nameDeep Neural
Networks (DNN), Convolutional Neural Networks (CNN), and Recurrent Neural
Networks (RNN) as themain direction of research in NN, which are often grouped
under the term Deep Learning (DL) describing NNs with a complex structure and
using multiple layers. DNNs utilize a high number of layers and yield a very
high accuracy in prediction tasks. In addition, DNN can handle a high number
of features and thus, a prior feature space reduction is not required. CNNs use
the principles of DNN and are mostly applied for image processing. CNNs have
convolutional layers and pooling layers. The convolutional layers map the input
in a feature map while the pooling layer merges semantically similar features.

RNNs on the other hand are able to analyze and produce sequential inputs, such
as text in the application in an LLM. RNNs process sequences one item at the
time while storing in hidden units a representation of the history of the past items.
One specific RNN layout is the long short-term memory (LSTM) network using
one memory unit which accumulates memory and a second which can "forget"
the memory if needed. LSTMs are often more effective than conventional RNNs
(LeCun et al. 2015). Since RNNs and LSTMs are focused on the analysis of
sequences, they can therefore be utilized in sequence planning tasks or forecasting
where the next element for a given sequence is searched.

An unsupervised NN approach are Self Organizing Maps (SOM) proposed by
Kohonen (1982) where the positioning of a neuron (and the positioning of its
neighboring neurons) is iteratively updated in order to create a map representing
the data set. Likewise, Hopfield neural networks are single layer NN with a fully
interconnected layer of neuronswhich are iteratively activated, originally proposed
by Hopfield (1984). Hopfield neural networks can memorize inputs by increasing
the weight of a neuron connection if this pair of neurons is active together. Thus,
an incomplete signal can be completed since neurons with a high weight to other
neighboring neurons get also activated or vice versa, deactivated.
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Lastly, it is possible to design agent-based systems with multiple agents using each
an individual reward function. If an agent conducted a task correctly, the rewards
function gives positive feedback in form of a reinforcement learning approach. Via
a process called Q-learning, the agent’s behavior is adjusted based on the received
reward, the action conducted by the agent, and the measured environment factors.
The feedback process is in this case regulated by the rewards function. Thus,
multi-agent systems can be utilized for scheduling tasks. However, the design of
the reward function is crucial for the learning progress since it should directly
reflect the agent’s objectives (Sutton and Barto 2020), similar to the design of an
optimization function in optimization models.

Q-learning is per se not a NN approach. In simple cases, the Q-function is simply
a table containing the set of states and the set of actions which are possible, and
the table is updated using a learning rule. However, the Q-function is in practice
often approximated by an ANN acting as a surrogate function (Aggarwal 2018).
With respect to the initially proposed categorization in Figure 3.8, the Q-learning
per se resembles the feedback representation while the learning (and predicting)
of future states is conducted by a NN.

A list of approaches utilizing NN models in different use cases of production
planning in manufacturing are provided in Table 3.3. This list gives a represen-
tative but not comprehensive overview of the different NN layouts applied across
different tasks in production planning.

When searching the body of literature for the applications of NN approaches in
production planning, it can be concluded that the field of (dynamic) job scheduling
using reinforcement learning with Q-learning strategies is the most researched
application. The examples provided in Table 3.3 act as placeholders for a large
variety of different solutions for scheduling tasks using Q-learning.

Usuga Cadavid et al. (2020) find in their review that most AI approaches in the
literature focus on smart planning and scheduling for self-organizing resources.
The design of smart processes is on the other hand an under-researched field.
However, approaches as provided by, e.g., Ming and Mak (2000) or Amaitik and
Kiliç (2007), highlight the possibilities of NN layouts using supervised learning
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Table 3.3: Selection of Neural Network models for production planning.

Author Use Case Neural Network Layout

Ming and Mak (2000) Process planning SOM & Hopfield Networks

Amaitik and Kiliç (2007) Process planning ANN & fuzzy rule set

Kutschenreiter-
Praszkiewicz (2008)

Forecasting RBF network

Tuncel et al. (2014) Resource planning Q-learning

Wang and Yan (2016) Scheduling Q-learning

Waschneck et al. (2018) Scheduling Q-learning

Wang et al. (2018) Forecasting RNN / LSTM

Kuhnle et al. (2019) Scheduling ANN

Lin et al. (2019) Scheduling Q-learning

Ma et al. (2020) Forecasting LSTM

Chen (2021) Process planning ANN

Mayer et al. (2021) Scheduling Q-learning

Moon et al. (2021) Process planning RNN / LSTM

Tan et al. (2021) Forecasting K-means & LSTM

Zhang et al. (2022b) Scheduling MLP

approaches for the planning of a production system layout with focus on process
and assembly sequences. Based on this consideration, one identified gap in the
body of literature, which this thesis tackles, is the under-researched field of process
planning in production systems. Current promising solutions mostly utilize NN
models for this field compared to other approaches.
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3.2.3.2 Tree-Based Models

In general, tree-based approaches train a structure similar to the tree structure
in Figure 3.4. However, in the case of rule-base methods the rules are defined
manually by expert. Decision Trees, the core algorithm behind most tree-based
approaches, build the tree structure by aiming at minimizing the within difference
of all objects in a node by dividing a node in two sub-nodes with a maximum
reduction of the within variance. All N objects start at the initial node of the
tree. The decision tree then separates all objects in the nodes into two sub-nodes
minimizing the sum of the within variance of the sub-nodes. This is iteratively
repeated for all sub-nodes till only either a maximum depth of sub-nodes is
reached or till every sub-node only contains objects of the same class.

This section follows the notation by James et al. (2013, chap. 8). The separation
is realized by selecting a feature per node and defining a threshold criterium s for
the feature per node. Thus, two new nodes are added to a tree with currently Z
nodes using a decision process of:

RZ+1 = {i | xi,j < sz}
RZ+2 = {i | xi,j ≥ sz}

(3.22)

The decision threshold sz is selected so that the sum of the within variance of the
objects in the sub-node z is minimized. This variance is commonly measured by
computing the difference in entropy of the initial node and the resulting sub-nodes.
The entropy Hz of a data set within a node z is measured using the percentage
pz,k of objects in the data sets within node z which belongs to the class k out of a
total ofK classes.

Hz = −
Z∑
k=1

pz,k log pz,k (3.23)
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Alternatively, the Gini impurity Gz can be applied.

Gz = −
Z∑
z=1

pz,k(1− pz,k) (3.24)

Basic Decision Trees use a supervised feedback system as shown in equation
(3.23) and (3.24) which requires information of the class membership of the data
during the training procedure. However, Isolation Forest by Liu et al. (2008) can
use unlabeled data which creates an unsupervised tree-based approach separating
data in two classes which is particularly useful in anomaly detection use cases
where the true class memberships are unknown.

Decision Trees are deterministic and each training using the same data set will
result in the same tree structure. In order to take overfitting into consideration and
to improve the robustness of the method, Random Forest introduced by Breiman
(2001) uses bagging and thus, an ensemble of trees is created. In addition, from
the J features, only a random subset of Jb < J features can be selected for each
tree. A class for a new tested object can be determined by a majority voting of all
B trees.

Also, trees can use a technique called boosting. In this process, each tree uses
information from the previous tree to adjust its prediction. The prediction of the
previous tree multiplied by a shrinkage factor is added to each prediction of a new
tree. The subsequent tree is then not built by using the multivariate description of
the objects but by using the residuals. At the beginning, these are the differences
of class memberships. The residuals are updated in the course of the training
process as the previous residuals minus the prediction from the previous tree
reduced by a shrinkage factor. The final prediction is then given as the sum of
the individual predictions of the trees weighted by the shrinkage factor. Often a
method called stochastic gradient boosting is applied, which combines aspects of
randomness as used in bagging as well as the gradient of the learning progress
(Friedman 2002).
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From the listed algorithms in manufacturing process planning by Fahle et al.
(2020), Decision Trees, Random Forest, and Gradient Boosted Trees fall into
this category of learning representation. The main advantage of tree-based ap-
proaches is given by the tree-structure itself since the rules can be derived in
a human-understandable manner similar to the rule-based approaches. Thus,
these methods provide a high interpretability but have also the advantage of an
automated rule creation without manual efforts. In addition, ensemble learning
methods like Random Forest often yield very high accuracies and have an overall
good performance in supervised classification tasks (Sagi and Rokach 2018). As
an ensemble learning method, Random Forest can also deal with class unbalances
where different classes are represented in different frequencies within a data set
by balancing the subsets using an over- or undersampling (Batista et al. 2004).

Lastly, methods of hierarchical clustering use a special kind of tree, a dendrogram,
which uses the distance between two nodes of the tree as the length of the edges.
A data set is in these unsupervised methods clustered by splitting (or combining)
the two nearest sets of objects. Thus, a tree structure emerges whereby more
similar objects are longer within the same node and separated only in deeper
laying nodes. The method used to define the distance measure between two sets
of two nodes is called linkage. The most common linkage methods are average
linkage which uses the average distance of all objects within the two nodes, Ward
linkage which uses the within variance as measure, single linkage which uses
the smallest distance of all possible pairs of objects with a pair consisting of one
object from each node, and complete linkage which uses the largest distance of
all respective pairs.

A list of approaches utilizing tree-based models in different use cases of pro-
duction planning in manufacturing are provided in Table 3.4. This list gives a
representative but not comprehensive overview of the different tree layouts applied
across different tasks in production planning.

Isolation Forest is used more commonly in production operation as an anomaly
detection model compared to planning tasks, e.g., in predictive maintenance ap-
plication as investigated by Choi et al. (2022).
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Table 3.4: Selection of Tree-based models for production planning.

Author Use Case Tree Layout

Schuh et al. (2017) Process planning Decision Trees

Lingitz et al. (2018) Forecasting Random Forest

Zheng et al. (2019) Scheduling Random Forest

Garre et al. (2020) Forecasting Gradient Boosted Tree

González Rodríguez et al.
(2020)

Scheduling Fuzzy system & Decision Trees

Zhou et al. (2021) Resource planning Fuzzy system & Decision Trees

Spoor et al. (2023b) Forecasting Random Forest

3.2.3.3 Support Vector Machines

The SVM is another popular method for classification and regression. SVMs
were introduced by Cortes and Vapnik (1995) and are extensions of the concept
of support vectors. This section follows the notation and structure presented by
Hastie et al. (2009, chap. 12) in order to introduce the core principles of SVMs.

The core idea behind support vectors is that the different classes of objects in a
data set are separable by a hyperplane. If a data set with J features is analyzed, it
is possible to define one hyperplane which separates the instances of two classes.
A hyperplane is given for an objects x which lays directly on the plane as follows:

f(x) = xT ∗ b− b0 = 0 (3.25)

The vector b is the unit vector of the hyperplane with ‖b‖ = 0. Since the
hyperplane separates the two classes, a classification rule for the Support Vector
Classifier (SVC) is derived as follows:

ŷi = sign(xTi ∗ b− b0) (3.26)
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The hyperplane is placed in the feature space in order to maximize the marginM
between the objects on the one side of the plane and the objects on the other side.
If the two classes are separable, the total margin becomes 2M = 2

‖b‖ . This is
illustrated in Figure 3.13.

Figure 3.13: Schematic concept of a SVM using two separable classes without overlap.

In this separable case, the hyperplane can be found by an optimization problem
using the correct class memberships yi ∈ {−1, 1} of a number ofN objects. The
optimization problem is given as follows:

max
b,b0,‖b‖=1

M

yi(x
T
i ∗ b− b0) ≥M, i ∈ (1, ..., N)

(3.27)

The equation (3.27) denotes a convex optimization problem. However, in most
cases a clean hyperplane with a clear-cut margin is not possible. Instead, the space
of the two classes might overlap. Thus, each object is assigned a slack variable ξi
which describes how much the condition yi(xTi ∗ b− b0) ≥M is breached. This
is shown in Figure 3.14.
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Figure 3.14: Schematic concept of a SVM using two separable classes with three overlapping objects.

The slack variables can be defined as relative values (unlike Figure 3.14) in order
to define another convex optimization problem. The sum of the slack variables is
bound to a maximum C ′ in order to prevent too many overlapping objects.

max
b,b0,‖b‖=1

M

yi(x
T
i b− b0) ≥M(1− ξi), i ∈ (1, ..., N)

ξi > 0, i ∈ (1, ..., N)

N∑
i=1

ξi ≤ C ′

(3.28)

Since this problem is a convex optimization problem, it can be solved and the
support vectors b̂ and b̂0 can be computed based on the labeled objects (xi, yi) in
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the data set. In order to solve the optimization problem, the problem is rewritten
using only the unit vector without the margin as follows:

min
b,b0
‖b‖

yi(x
T
i b− b0) ≥ 1− ξi, i ∈ (1, ..., N)

ξi > 0, i ∈ (1, ..., N)

N∑
i=1

ξi ≤ C ′

(3.29)

In order to use a Lagrange formulation, the optimization problem is rewritten
using an adjusted constant C as follows:

min
b,b0

1

2
‖b‖2 + C

N∑
i=1

ξi

yi(x
T
i b− b0) ≥ 1− ξi, i ∈ (1, ..., N)

ξi > 0, i ∈ (1, ..., N)

(3.30)

Based on this optimization problem, the Lagrange primal function is derived:

LP =
1

2
‖b‖2 +C

N∑
i=1

ξi−
N∑
i=1

νi
(
yi(x

T
i b− b0)− (1− ξi)

)
−

N∑
i=1

µiξi (3.31)
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The derivatives ∂Lp

∂b , ∂Lp

∂b0
, and ∂Lp

∂ξi
of the Lagrange function are computed and

set to zero. From this results:

b =

N∑
i=1

νiyixi

N∑
i=1

νiyi = 0

νi = C − µi

(3.32)

By substituting these constrains in equation (3.31), the Lagrange dual objective
function is constructed which results in a lower bound of the equation (3.31) for
any feasible object.

LD =

N∑
i=1

νi −
1

2

N∑
i=1

N∑
i′=1

νiνi′yiyi′x
T
i xi′ (3.33)

By maximizing this Lagrange function and using the Karush-Kuhn-Tucker con-
ditions, it is possible to find a unique solution for the optimization problem. The
resulting support vectors are given by the derivations of equation (3.32) and the
estimators ν̂i as follows:

b̂ =

N∑
i=1

ν̂iyixi (3.34)

These support vectors are then used in the SVC in equation (3.26) in order to
classify objects with an unknown class membership. The concept can also be
adjusted to regression problems using a Support Vector Regressor (SVR).

The concept of SVC as discussed earlier only uses linearly separable boundaries.
However, non-linear boundaries are common in practice and thus, the concept of
the SVM is introduced.

85



3 State-of-the-Art

The core idea of a SVMs is that two classes are not separable in the space of the
J feature using for an object i the features xi1, ..., xij , ..., xiJ but might become
separable in a higher space constructed using the features such as, e.g., a space
with 2J features with xi1, ..., xij , ..., xiJ , x2

i1, ..., x
2
ij , ..., x

2
iJ . This is called the

kernel trick since instead of an object xi the higher feature space representation
h(xi) is used. The kernel trick is illustrated in Figure 3.15.

Figure 3.15: Schematic concept of the kernel trick transforming a data set using a higher dimensional
representation in which the classes become linearly separable.

Since the Lagrange function in equation (3.33) uses the inner product 〈xi,xi′〉, it
can also be written as follows:

LD =

N∑
i=1

νi −
1

2

N∑
i=1

N∑
i′=1

νiνi′yiyi′〈h(xi), h(xi′)〉 (3.35)

The function of the hyperplane in equation (3.25) becomes as follows using the
support vectors of equation (3.34):

f(xi) = h(xi) ∗ b + b0 =

N∑
i=1

νiyi〈h(xi), h(xi′)〉+ b0 (3.36)
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Thus, the equations (3.35) and (3.36) only uses the transformation h of the
features within the inner product and thus, only the kernel function K(x, x′) =

〈h(x), h(x′)〉 is required. This kernel function can simply be substituted into the
classifier build by the support vectors.

f(x) =

N∑
i=1

νiyiK(x, xi) + b0 (3.37)

Commonly applied kernel functions are as follows:

K(x, xi) = (1 + 〈x, x′〉)d Polynomial of degree d

K(x, xi) = exp−η‖x−x
′‖2 RBF

K(x, xi) = tanh(κ1〈x, x′〉+ κ2) Tanh

(3.38)

SVMs are related toNNs. The hinge loss function in equation (3.14) is a realization
of the learning approach by SVMs for Perceptrons. NNs also enable multi-class
SVMs (Aggarwal 2018). In addition, SVMs are also related to logistic regression
(Hastie et al. 2009).

Lastly, SVMs can be adjusted for anomaly detection tasks. Schölkopf et al. (2001)
proposes the one-class SVM in order to separate a class of correct objects from
outliers. Thus, SVMs can cover multi-, two, and one-class classification as well
as regression tasks. Conventional SVMs are supervised approaches and one-class
SVM enable in addition an unsupervised feedback representation.

As with the other AI approaches, SVMs are also utilized in different use cases
of production planning in manufacturing. Table 3.5 provides a representative but
not comprehensive overview of their application.

Since one-class SVMs are primarily used for outlier detection, their application
is often in the field of predictive maintenance or quality control, e.g., discussed
by Martí et al. (2015) and Abualsauod (2023).
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Table 3.5: Selection of Support Vector Machines for production planning.

Author Use Case Model

Denkena et al. (2019) Scheduling SVM

Liu et al. (2005) Scheduling SVM

Denkena et al. (2021) Process planning SVM

Rožanec et al. (2021) Forecasting SVR

Doraid Dalalah and Mar-
shall (2023)

Forecasting SVM

3.2.3.4 Neighborhood and Density-based Models

While NNs and SVMs are related to each other and tree-based methods often
utilize a within variance similar to the least square method which also acts as
commonly applied basis for loss functions of NN, neighborhood and density-
based models follow a comparably different approach by evaluating the objects in
a close neighborhood and their respective distance towards each other.

As a relevant representative of algorithms which use an object’s neighborhood
to derive inference, the k-nearest neighbors (KNN) algorithm is often applied in
practice. The principle of KNN was first introduced by Fix and Hodges (1951)
and later fully developed by Cover and Hart (1967). In short, a KNN selects
a number of k closest neighbors of an evaluated object with an unknown class
membership using a distance metric d(x, y) between the objects x and y. The
selected neighboring objects are from a data set with known class memberships.
Thus, KNN belongs to the class of supervised learning algorithm regarding feed-
back representation. The applied metric in order to measure a distance between
the two objects x and y with J features is in most application a Lp metric defined
as follows:

d(x, y) = ‖x− y‖p =

 J∑
j=1

|xj − yj |p
 1

p

(3.39)
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The set of the k closest objects using this distance become the set Nk(x) of
neighbors. The Euclidean distance is a commonly used special case in the L2

space with p = 2 in applications of KNN.

The class membership of these neighbors is then recorded in order to evaluate the
class membership of the tested object by a voting system. The voting can either be
conducted using a majority vote or a weighted voting procedure. The weighting
is commonly based on the distance, but other weighting procedures are possible
depending on the use case. In regression task, the predicted value is analogously
assigned by an average (or weighted average) computed over all neighbors.

An illustrative exemplification of a KNN classifier is given in Figure 3.16 using
the k = 7 nearest neighbors and the Euclidean distance metric. If a majority
vote is applied, the class would be determined as "square" since the majority of
neighbors belong to this class. However, a distance-weighted vote might result in
a classification as "triangle" (depending on the set-up of the weighting procedure)
since the two closest objects belong to this class.

Figure 3.16: Illustrative KNN classifier using the k = 7 nearest neighbor within Euclidean distance.
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While the design andmechanism of KNN classifiers can be intuitively understood,
the resulting classifications however lack sufficient causal explanation in certain
edge cases. The objects within a data set might have a clear edge in the feature
space between two classes, e.g., by a linear curve which in theory can separate the
data, but the objects are differently dense per class. Thus, a majority of cases on
the one side of the edge could overrule the objects on the other side of the edge in
case of objects close to the edge. This is illustrated if the number k of evaluated
neighbors becomes close to the total number of objects within a certain area of
the feature space and thus, all tested objects will be determined as the majority
class in this area. Figure 3.17 illustrates the described problem.

Figure 3.17: Exemplary miss-classification of linearly separable objects by a KNN classifier using
the k = 7th neighbor within Euclidean distance.

This consideration of miss-classification is in particular important if there exists
a class imbalance in the data set. Therefore, the parametrization of k should
be carefully analyzed and the density and balance of the data set taken into
account. However, KNN’s easy to understand principle makes it a commonly
used algorithm in practice.
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Next, the Local Outlier Factor (LOF) is a representative algorithm which uses
the density of neighboring objects. LOF was introduced by Breunig et al. (2000)
and is related to the clustering algorithm of Density Based Spatial Clustering of
ApplicationswithNoise (DBSCAN) byEster et al. (1996)which is also formulated
in more detail by Schubert et al. (2017).

In LOF, the setNk(x) containing the k nearest neighbors of an object x is created
for each object in the data set. The k-distance dk(x) denotes the distance to the
k-nearest neighbors of an object x. In addition to a Lq distance, the reachability
distance drk(x, y) is defined as follows:

drk(x, y) = max (dk(y), d(x, y)) (3.40)

The reachability distance is therefore either defined as the distance d(x, y) within
the Lq space, if object y is not in the neighborhood of object x, or as the distance
of object y to its k neighbor, in the case that objects y is within the neighborhood
of object x. Thus, the distance of an object x to an object y, is at least the
distance of the most distanced object in the respective neighborhood of object y
since d(x, y) < dk(y) if object x is within the neighborhood Nk(y). However,
the distance from object x to y might differ from the distance from object y to x.
Thus, this defined distance measure is not symmetric1.

In order to compare the densities of the data points, a local reachability density,
which is the inverse of the average reachability of an object to its k direct neighbors,
is defined as follows:

ρk(x) =
k∑

y∈Nk(x) d
r
k(x, y)

(3.41)

1 The defined distance it therefore not a distance in the mathematical sense as later defined in more
detail in section 4.4.3
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The LOF score is then evaluated as follows:

LOFk(x) =

∑
y∈Nk(x)

ρk(y)
ρk(x)

k
(3.42)

A LOF score close to 1 indicated that the ratio ρk(y)
ρk(x) of the local reachability

density of an object compared to its neighborhood is very similar and thus, yields
a similar density as its k nearest neighbors. An average ratio of ρk(y)

ρk(x) greater
1 indicates that the objects in the direct neighborhood have other objects than
object x which are closer to them compared to the evaluated object x. This is the
result as the non-symmetric equation (3.40) assigns higher distances to objects
which are not in the direct neighborhood, in which all other objects have the same
distance of the k nearest object, and thus, equation (3.41) results in a lower density
compared to other objects. This relation is illustratively given in Figure 3.18 by
an exemplary outlier detection task using LOF.

Figure 3.18: Illustrative outlier detection with LOF using k = 3. The neighbors (green) of the outlier
(orange) have lower reachability distances and thus, higher local reachability densities.
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LOF can be applied for every object within a data set as a method of anomaly
detection. In contrast to KNN, LOF does not require labeling and thus, is an
unsupervised algorithm regarding its feedback representation. This enables LOF
to identify unusual or anomalous objects within a data set without labeling.

Despite KNN and LOF, other methods and variants of these algorithms exist.
One further algorithm to mention is the Histogram-based Outlier Score (HBOS)
by Goldstein and Dengel (2012) as an unsupervised outlier detection approach
utilizing density expressed by histograms. HBOS compares the occurrence of
objects within the histogram bins, and thus a discrete density measure, to derive
an anomaly score.

Again, Table 3.6 gives a representative but not comprehensive overview of ap-
proaches using neighborhood and density-based models and their respective ap-
plications. In some cases, the base model as listed in Table 3.6 is adjusted for the
respective use case.

Table 3.6: Selection of neighborhood and density-based models for production planning.

Author Use Case Model

Troncoso Lora et al. (2003) Forecasting KNN

Sheng et al. (2018) Forecasting LOF & Gaussian regression

Kück and Freitag (2021) Forecasting KNN

Deng et al. (2022) Process planning KNN

Öngelen and İnkaya (2023) Forecasting LOF & KNN

It should be noted that LOF is seldom applied in planning related tasks. The use
cases by Sheng et al. (2018) and Öngelen and İnkaya (2023) utilize LOF instead as
a weighting mechanism for other algorithms which are conducting the prediction.
However, LOF is more commonly applied in monitoring and fault detection tasks
during factory operations, e.g., by Ma et al. (2013).
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3.2.3.5 Statistical Approaches

The field of statistical methods comprises a wide variety of supervised models,
such as linear regression, logistic regression, Gaussian processes, entropy mea-
sures, or Bayes statistics. In addition to supervised models, unsupervised models
also fall under this umbrella term such as K-means or Gaussian Mixture Models
for clustering tasks. While these statistical approaches are sometimes not de-
scribed as AI or ML models, they are clustered in this thesis in this category since
they do not require the set-up of an optimization function by a domain expert.

Since an individual discussion of all statistical models would exceed the scope
of this section, Table 3.7 shows a set of representative but not comprehensive
statistical approaches in production planning in manufacturing.

Table 3.7: Selection of statistical approaches for production planning.

Author Use Case Model

Salehi et al. (2020) Forecasting Bayes statistics

Tan et al. (2021) Forecasting K-means & LSTM

Brasington et al. (2022) Process planning Gaussian process & Bayes statistics

Zhou et al. (2022) Forecasting Gaussian process

Santander et al. (2023) Process planning Bayes statistics

The tools for statistical analysis, e.g., linear regression, are built into many state-
of-the-art planning tools and are therefore often utilized in practice. However,
since this practical work yields very little novelty, these practical approaches are
seldom published in recent scientific papers.
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3.3 Evaluation of the State-of-the-Art

This section aims at answering two main questions, in order to derive the research
question of this thesis in more detail.

1. What use cases are currently under-research in the body of literature? This
includes the questions whether dominant models, which are primarily ap-
plied for the specific use cases, emerged and act as quasi standards for
solving the use cases.

2. What are the theoretical limitations of the discussed models which hinder
an application in the under-researched use cases? Thus, the mathematical
implications and foundation of the models must be discussed within the
context of the use cases in order to find the reasons why no model emerged
as a dominant solution.

First, in order to further analyze the gaps within the body of literature, the
prominence and maturity of the use cases and their respective solutions within
the body of literature based on the findings of the conducted literature review are
summarized in Figure 3.19.

Figure 3.19: Evaluation of prominence, maturity, and primarily applied models for production plan-
ning use cases in the body of literature.
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The body of literature focuses primarily on use cases of forecasting, scheduling,
and resource planning, in particular using ALBP. Forecasting and scheduling
use cases have a high maturity of the research methods. Scheduling is mostly
conducted by agent-based systems using a reinforcement learning mechanism and
Q-learning. This enables highly dynamic scheduling methods. Solutions differ
between use cases since the design of the reward function is a major challenge
in order to design such a system. This complex reward function design is a
current limitation for generalization of the models. However, many authors show
sufficient prototypes and use cases. Similarly, the resource planning is mostly
conducted using optimization model where the main concern is the set-up of a
useful optimization function. The solvers for the optimization function differ
between authors and no dominant solver which performs leading in multiple use
cases is available (which is another application of the no-free-lunch theorem).

One interesting aspect is that the conventional solution for scheduling problems
was until recently to use optimization functions and respective solvers. However,
in the current literature, Q-learning and reinforcement learning approaches are
more dominant and might replace optimization models in the future. The ratio-
nale is that it is no longer necessary to develop a specific optimization function
and constrain functions but to enroll a more generic agent-based system with a
useful reward function. This, after a training procedure, does no longer require the
computational complexity compared to the solving of a large-scale optimization
problem in case of adjusted parameters since the underlying NN might already
provide a good surrogate function to cover the solution space. A similar process
might be applicable for resource planning models where the majority of research
utilize optimization functions. Thus, a more data-driven and generic approach us-
ing easy-adjustable and enrolled AI methods might replace the use of optimization
models in the future.

Forecasting is also a common use case in production planning, but the applied
methods vary. In contrast to resource planning and scheduling, no dominant
model has emerged in the literature. In contrast, ensemble methods seem to be a
solution which prove themselves in some scenarios as more efficient. By applying
an ensemble of models, forecasting yields a medium maturity: the solutions are
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often precise, but no single model can create a causal prediction process which
can simply be followed.

Two under-researched field emerge however: first, process planning and second,
resource planning without the use of optimization models. No primarily used
models and strategies for process planning emerge and the use cases are currently
limited by a lack of interpretability of the result created by, e.g., NNs. Rule-based
models are still leading solutions in these applications in practice which require a
high amount of expert knowledge and ontologies in order to derive a useful (fuzzy)
rule set. Thus, these use cases can be identified as relevant gaps in the body of lit-
erature without a commonly applied data driven models and best practices. These
use cases will therefore be investigated in more detail using the developed and
introduced model in this thesis. In addition, models and approaches combining
process planning as well as resource planning in a multi-criteria approach are rare
and mostly focus on one use case primarily using a given solution from the other
use case. This is consistent with the observation by Hagemann (2022) that the
information models in Figure 2.14 are not continuously modeled and they do not
sufficiently interact with each other in practical production planning applications.

An interesting aspect from the author’s point of view is that it is quite easy to find a
large body of prominent use cases, prototypes, and implementations of scheduling
tasks in a literature review using "scheduling" as a keyword as described in Figure
3.2. In contrast, the majority of highly cited and prominent papers using keyword
such as "production planning" or "process planning" are reviews or meta concepts
about the integration of AI methods without specific showcases. While the field
of scheduling proofs the methods’ applicability, the field of process planning
is more focused on fundamental discussions about implementation frameworks,
application scenarios, or strategies.

On a critical note, one could argue that the research community of process planning
often talks about AI but seldom uses it. In addition, the discussed use cases often
lack the necessary depth in evaluating and implementing the AI models, e.g., no
or only a rough discussion of the (hyper-)parametrization, use of only a hold-out
instead of a full k-fold orMonte Carlo cross-validation, and a limited discussion of

97



3 State-of-the-Art

model intrinsic limitations. Instead of a fine-tuning or adjustments of models, out-
of-the-box frameworks are often applied and benchmarked. This might indicate
a lack of engagement by experts from the domain of manufacturing with the
mathematical foundation of AI models which may hinder research progress in this
area. These considerations are key aspects behind the rational of the conducted
maturity assessment in Figure 3.19. As Garre et al. (2020) also note, a reason
for the limited practically applied use cases might be the reduced interpretability
of AI methods for production planning experts. Additionally, since many models
are simply enrolled without fine-tuning or adjustment, the lack of novelty in
these scenarios might restrict the amount of published use cases on real data and
applications in production planning in manufacturing.

In addition to the gaps in the literature, the models’ theoretical set-ups are in ad-
dition summarized and a conclusion for their respective applicability is discussed.
The high-level descriptions, advantages, limitations, and use case of the different
methodical approaches are listed in Figure 3.20.

First, rule-based models require the set-up of an algorithmic rule set to correct,
update, or annotate planning data along the planning stages. While rules can follow
the typical if-else logic, a more complex arrangement of logical test can also be
modeled by combining rules. These solutions are developed for a certain problem
using extensive domain knowledge with varying detail levels. Most noteworthy
is that they require a manual update in case of changes in the environment, such
as used technologies. These approaches are deterministic and deductive, but the
quality of results might not be optimal since no true optimization is conducted.
However, the computational effort is low and the algorithm themselves are highly
human understandable and interpretable.

Second, optimization models use solvers or mathematical heuristics in order to
find global optima of an optimization function. A given problem can be modeled
using this optimization function and then a solution can be derived. In the
case of support systems, a planning expert might input the given features of a
planned production system and use the support system in order to optimize the
selected parameters or identify restrictions which are not met. The set-up of the
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Figure 3.20: Overview of the characteristics, advantages, limitations, and use cases of the different
methodical approaches for support systems in production planning.

optimization function and restrictions is crucial in these methods since they build
the target for all optimization procedures and missing restrictions or incorrect
functions can highly distort the quality of the results. Thus, extensive domain
knowledge is also required. The resulting solutions will be optimal, or close
to optimal, based on the input data and optimization function. These models
are not deterministic, since methods such as simulated annealing use randomly
generated values in order to limit computational effort and efficiently test the
search space. The closer the model should come to the true optimum, the more
computational effort is required. Since most optimization functions are NP-hard,
the computational complexity is assumed to raised exponentially with the number
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of searched features. With knowledge about the optimization function, the results
of the optimization can be manually tested and interpreted.

Third, AI models are quite diverse and serve different use cases and require differ-
ent attention to different parametrization obstacles and have different limitations.
AImodels benefit from the data-driven approach since no optimization function or
knowledge derived from domain experts is require in their set-up. However, they
still require a testing and (hyper-)parametrization procedure and a solid under-
standing of their applicability. Most importantly, supervised AI models require a
labeled data set which must be priorly created. In particular models with a strong
performance such as DNNs require a large data set in order to produce sufficient
results. Reinforcement models require a set-up of a reward function, which is sim-
ilarly complex as the set-up of an optimization function and unsupervised learning
is mostly relevant for outlier and anomaly detection. The biggest draw-back of AI
models, in particular NNs, is their "black box" characteristic which hinders their
acceptance by domain experts in practical use cases. While misclassifications
will occur in most AI models, a bad rule set or optimization function in the other
approaches might also results in suboptimal solutions. While the computational
complexity of a NN as well as its accuracy for complex problems with many fea-
tures scales with the number of layers, the training can be conducted in advance
and the testing of new objects during operation of the system is considerably
faster.

In conclusion, AI models seem on paper the most suitable for very complex
problems within production planning since little effort in constructing a problem-
specific knowledge base is required and since the existing data sets and knowledge
bases can be utilized. Their low interpretability and perceived complexity how-
ever hinder a wide-scale application in practice. For smaller or easy to delimit
problems with a little number of features to consider, rule-based approaches and
optimization problems might still be beneficial.
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3.4 Open Research Questions

The body of literature indicates that AI models in production planning are under-
investigated, in particular in process and resource planning. However, AI models
might enable intelligent process and resource planning if the right circumstances
are given. In addition, there is a lack of models combining process and resource
information models within a multi-criteria approach.

First, a sufficient amount of training data must be available. While manufacturing
companies have an increasing amount of data available (Tao et al. 2018), faulty
data is often deleted during the planning procedure and only correct planning data
is available (Spoor et al. 2022a). In addition, contextual data must be leveraged
to form an understanding of the problem and possible solutions (Friederich and
Lazarova-Molnar 2021).

Second, the AI model must have an acceptance from the planning experts during
operation since this is often not given in use cases (Garre et al. 2020). This
acceptance can only be achieved by overcoming the "black box" characteristic of
AI models without forfeiting too much predictive power of the model (Goldman
et al. 2021).

Third, the use cases of process planning and resource planning should be focused
since the maturity and prominence of research in these fields of production plan-
ning is relatively low compared to scheduling and forecasting. An introduction of
an AI model in order to solve problems within these to use cases could enrich the
current body of literature and add a significant contribution to the state-of-the-art
in AI models for production planning.

Based on these considerations, a main research question is derived.

"How can an AI model be developed which addresses the use cases
of process and resource planning using the available databases and
knowledge within a manufacturing company without the need of
contributing a significant effort in manually adding use-case specific
additional domain knowledge during the procedure?"
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Based on this research question, the main focus of the research of this thesis lies
on the task of process and resource planning in a data-driven approach utilizing
existing data which can be enrolled without prior fine-tuning of the knowledge
base, data collection, or manual labeling of data sets.

This research question is accompanied by a second objective in order to ensure an
applicability and acceptance by the domain experts in production planning.

"How can a highly accurate and data-driven AI model for process and
resource planning be designed in order to be sufficiently interpretable
by the domain experts and to also generate human-understandable
knowledge which is returned to the domain experts and knowledge
base of the manufacturing company?"

This second questions aims at reducing the "black box" characteristics of com-
monly applied AI models, in particular DNNs, and thus enable a structured data
and knowledge management.

This thesis aims at providing a novel approach which sufficiently answers these
questions and provides practitioners with a data-driven, accurate, and human-
understandable model in order to solve complex tasks in production planning
with a focus on process and resource planning. The resulting AI model which
fulfills the demanded framework conditions can therefore enhance the state-of-
the-art of support systems in production planning and close a major gap in the
current body of literature.

3.5 Summary

First, this section provides a distinction between different solution approaches
which are applied in support systems for production planning: rule-base models
using manual constructed rule sets utilizing domain knowledge by experts, opti-
mization models which require the careful definition of an optimization function,
andAImodels which solve the underlying problem in a data-drivenmanner using a
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structured machine-readable knowledge base. In addition, the most important use
cases in production planning are derived, namely: forecasting, process planning,
resource planning, and scheduling.

By conducting a structured and comprehensive literature review, the body of
literature is recorded and discussed. In addition, the concepts and core principles
behind each method and model are discussed in more detail. In particular, NN,
tree-based model, SVM, KNN, and LOF are introduced as state-of-the-art AI
models applied for production planning in the literature. Using the results from
the structured literature search, representative publications using a wide variety of
models across all defined use cases within production planning are listed for each
approach. The body of literature is then critically discussed with the result that
the prominence and maturity of the uses cases of process and resource planning
using AI models is comparably low and that these use cases are currently under-
investigated. One reason for this research gap is the "black box" characteristic of
AI models and the limited availability of labeled and structured data.

Using this research gap, two research questions are derived. In summary, this
thesis aims at providing a data-driven, highly accurate, and human-understandable
AI model which can in particular be applied in the use cases of process and
resource planning. These tasks lay the foundation for the subsequent objective,
conceptualization, and layout of the proposed novel AI model for support systems
in production planning.
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As solution for the previous described limitations of the models in the body of
literature and in practical applications, a support system is proposed using an AI
model for a streamlined and explainable inference procedure which utilizes only
as correct labeled configurations within a statistical approach. The objective of
this model is a fault and inference procedure of a newly planned configuration
or production layout during production planning. This inference should enable a
detection of incorrect configurations, an identification of similar configurations,
and an inference on possible errors, bottlenecks, or inefficiencies for the new
configuration based on already known and implemented configurations.

First, the overall design principles to develop a support system which can be
utilized within production planning are introduced and described according to
the findings by Spoor et al. (2022a). The resulting objectives are derived in the
subsequent second section. Based on these principles, the third section describes
the overall sequence of the procedure and introduces the core functionalities of
the support system. The proposed design is a set-up within production planning
in manufacturing but discussed in a generic manner so that an adaptation to
other domains is possible. The core of this introduced support system is a
novel AI model. This AI model is based on the concept of a modified Hopfield
neural network by Spoor and Weber (2024) and further introduced in the fourth
section. Within this section, theAImodel is analyzed regarding its network layout,
its derived anomaly detection model and classification model are introduced,
and its explainability capabilities are discussed. Concluding, the fifth section
discusses how the introduced Hopfield neural network layout is embedded within
the Digital Factory of manufacturing and how the AI model corresponds to the
former proposed elements of the support system.
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4.1 Design Principles

Analyzing support systems for fault detection, Spoor et al. (2022a) propose fun-
damental principles for support systems in production planning improving former
considerations by Gelwer et al. (2020). Building on these formerly proposed
principles and considerations, five relevant considerations for AI support systems
in production planning are derived and highlighted in Figure 4.1.

Figure 4.1: Five applied design principles of an AI support system based on Spoor et al. (2022a).

The applied design principles in Figure 4.1 and their reasoning can be described
in more detail as follows:

1. Althoughmanufacturing companies are collecting increasingly larger amounts
of production data and are utilizing Big Data capabilities (Tao et al. 2018),
Arinez et al. (2020) state that obtaining data for the training of a system
is difficult for researchers since a wide-scale data collection is often oper-
ationally prohibitive and data access and exchange is often restricted due
to security concerns. Furthermore, faults and errors in applied production
systems are very rare and thus, labeled incorrect data for training AI models
are also rare. Since the resulting training data sets are either heavily imbal-
anced or even consisting only of true negatives, the detection of faults must
be capable of a training using smaller data sizes and must be conducted
based on a normal model as used in anomaly detection (Spoor et al. 2022a).
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2. In addition to specific production system configurations, contextual in-
formation must be additionally used and embedded into a fault detection
model. Context is capable of characterizing a situation and should encom-
pass within manufacturing typical entities such as parts or products as well
as planning information. This context is then able to improve decision mak-
ing (Giustozzi et al. 2018). Furthermore, contextual data such as metadata
about production assets or condition monitoring might be able to enrich a
fault detection and might enable a causality analysis of detected faults in
the production system (Friederich and Lazarova-Molnar 2021).

3. Any production system configuration must utilize an ontological structure
to provide and express the required necessary context besides the quantity
structure of the proposed configuration. The utilization of ontologies is
important since the quantity structure does not disclose the relation of
the included entities and do not describe similarities along an ontological
hierarchy (Spoor et al. 2022a). Therefore, the requirement for the ontology
is directly derived from the contextual data requirement since ontologies
provide context awareness (Dalzochio et al. 2020). Ontologies enable
a human-understandable as well as machine-readable way of expressing
formal models from multiple knowledge domains. Thus, domain experts
and the support system can utilize the same database and models. Vice
versa, ontologies provide a user highly interpretable and logical structures
which can be utilized by experts to gain further insight into the application
(Feilmayr and Wöß 2016).

4. Based on the developed and used ontology, a similarity measure must be
derived to compare configurations of production systems with each other.
This measure must enable a comparison independently from the hierarchi-
cal positioning within the quantity structure and must also be compatible
with configurations during, after, and at the start of the production planning.
A quantifiable similarity measure can derive further context about a con-
figuration by comparing it directly with similar instances and documented
former lessons learned (Spoor et al. 2022a).
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5. Any results, recommendations, and decisions taken must yield a high inter-
pretability and the reasoning must include an explainability capability since
domain experts must use and evaluate all results by the support system in
order to implement changes and proposed countermeasures. Thus, users
must trust and understand the reasoning engine implemented in the sys-
tem. Goldman et al. (2021) claim that the usage of explainable systems can
facilitate the adoption and implementation of AI models in manufacturing.

It should be noted that principles number 2 up to 4 are associated and successively
build on each other.

Under the consideration of these principles, it is necessary to develop a support
system along an inference procedure for the evaluation of production configura-
tion within different stages of production planning, macroscopic or microscopic
planning scenarios, as well as within different level of details. It is proposed in
this discussion to separate the user’s view of the inference procedure from the
components of the support system. The users of the support system should be ca-
pable of analyzing their production planning configuration along logical business
process steps reflecting the planning approach. The support system is regulating
this inference procedure by providing the necessary inputs and data.

Besides the database consisting of applied production data, planning information,
and the ontology, the AI application is a major component of the support system.
The AI system should fulfill the principles of using only true negatives during
the training procedure and the application of an appropriate similarity measure to
draw inferences. On the other hand, the overall manual configuration procedure
by planning experts is not evaluated using statistical information but using human
logic, currently implemented rule-based tools, and practical use cases and planning
scenarios. It is therefore important that the users of the support system specify
context and ontological information during configuration in order to be able to
run a statistical inference analysis driven by the AI model. To enable the support
system, the manual configurations are designed using the ontology and thus, are
already machine-readable by the AI model.
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4.2 Objectives

The core idea of the support system is to give users who have entered a newly
planned configuration of a production system into the support system, recommen-
dations about optimizations of the entered configuration, provide a list of possible
errors within the configuration and accurate countermeasures to fix these, and to
provide details about the lessons learned from former similar production system
configurations. Lastly, the systemmust also include further context about possible
considerations when dealing with similar configurations and utilize the documen-
tation of experts who have worked on former planning projects. Thus, the system
should first, include an anomaly detection to find errors within configurations and
second, a classification to find similar configurations of production systems. All
objectives must be enabled by a high explainability, and the system must provide
human-understandable interpretations of its decisions.

These objectives are directly derived from the discussed research questions and
summarized in Figure 4.2 along the task of anomaly detection and classification.
The principle of explainability is an enabler of the objectives, in particular for the
descriptive task, but not a separate technical task in itself.

Figure 4.2: Objectives of an AI support system separating the associated tasks related to (1) anomaly
detection and (2) classification.
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4.3 Design of the Support System

Using the derived design principles, the sequential steps to fulfill the discussed
objectives of the proposed inference procedure during production planning tasks
are schematically visualized in Figure 4.3. In addition, the core components of
the AI support system as inputs along the inference procedure are also given.

Figure 4.3: Schematic overview of the sequential inference procedure and of the elements of the
introduced support system.

The support system yields five steps along the inference procedure which are
enabled by six core functions within the backend of the support system. The five
steps of the inference procedure are further explained as follows:

1. Configuration. This is the new layout, structure, parametrization, and
set-up of the analyzed production cell or whole production line proposed
by the experts from production planning. The configuration is a new but
similar approach for a production system layout.
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2. Anomaly Detection. The defined configuration in this step is analyzed for
errors or incorrect configured set-ups. This is therefore the first validity
check whether the newly planned production system is set-up correctly.

3. Classification. If the proposed configuration is valid, it can be classi-
fied within the known types of different production layouts. This step is
important if multiple approaches or types of set-ups exist with each type
yielding different characteristics such as specific errors. By classification,
the lessons learned from former configuration can be applied for the newly
planned configuration.

4. Explanation. If the configuration is labeled as incorrect during the anomaly
detection, an explanation why the system derived this assessment is given
in this step. Also, the reasoning behind its classification is provided and
the specifics of this particular configuration and differences to the existing
classes are displayed.

5. Inference. In case of incorrect configurations, a proposal is provided on
how to correct this configuration. In the case of a classification, the known
errors, specifics, bottlenecks, costs, and lessons learned from this class of
configurations are displayed and first countermeasures proposed. Similar
existing layouts and configurations are also listed.

While anomaly detection and classification are displayed in Figure 4.3 as consec-
utive steps, it is possible to utilize only one or both functions within an applied
procedure depending on the target and context of the analysis and thus focusing
on either objective group (1) or group (2) of Figure 4.2. The explanation step is
also from the perspective of an end user considered optional since further context
on the recommendation by the system is not in all cases required by the users of
the support system. In addition, the explanation step can highly vary regarding
the scope of the analysis depending on the requested context from the user.

The steps of the inference procedure are enabled by the following six core func-
tionalities of the support system, whereby the functionalities B up to E are en-
compassed by the applied AI model.
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A Ontology. Base for any configuration is the development, implementation,
and utilization of a valid ontology. Any configuration is described by
an ontological layout and thus, this ontological assessment is the initial
point of interest of any support system. Thus, the ontology is an input for
any planned configuration and all former configurations are included in its
design.

B Normal Model. To detect a combination which is anomalous, the baseline
of this assessment is the definition on what a normal configuration within
the context of the applied production planning task is. Normal in this
context is stated as the absence of incorrect, rare, or novel layouts and
set-ups of the configuration.

C Configuration Types. These are essentially the possible layouts used in the
context of the specific applied planning tasks. The core idea is that multiple
possible approaches exist and any new configuration can be classified as
belonging to one (or multiple) of these approaches.

D Similarity Metric. To enable a comparison with a normal model or any
layout type, it is necessary to define a metric which describes the similarity
or dissimilarity to the normal model or to other classes. This metric should
enable a direct comparison regarding the similarity of the newly planned
configuration and existing configuration(-types).

E Decision Logic. The AI model must encompass a structured reasoning
why certain assessments were conducted and provide an explainable math-
ematical and statistical approach behind recommendations or decisions.

F Case Database. This database includes all lessons learned from former
configurations. Using the defined similarity metric, this enables a direct
evaluation of errors occurring in former configurations and possible so-
lutions on how a newly planned configuration might prevent these errors.
Results from newly planned configurations are fed-back into this database.
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The foundations of this evaluation are the configurations developed by production
planning experts. These configurations might include detailed layouts of robotic
facilities, parameterizations of the used components, or whole set-up descriptions.

To analyze configurations in a structured manner, a data preprocessing of these
configurations is proposed. First, the support system is extracting the context
and particular scenario of the planned configuration. This can be granular use
cases of a single production cell but also configurations of whole production lines
or factories. For each particular scenario, the configuration is embedded into a
corresponding ontology, e.g., the PPR model, using for the applied scenario an
appropriate ontological hierarchy level. The resulting input data of the model are
abstractions of the configuration using the applied combination of instanceswithin
the configuration (meaning there exists a relation between the two ontological
instances), the intensity of applied relations along these ontological instances,
and sequential information of the order of the instances. The data preprocessing
is visualized in Figure 4.4.

Figure 4.4: Data preprocessing of a configuration within a specific scenario by embedding the con-
figuration into an ontology to convert the configuration into the applied input data format.

Using this approach, each production planning set-up or layout is displayed as
a combination of, e.g., processes, resources, and products, which together build
the PPR model as used by, e.g., Agyapong-Kodua et al. (2014) or Ferrer et al.
(2016), or additionally other entities from ontologies such as sensors, location,
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or situation used by Giustozzi et al. (2018). Thus, each production system uses a
specific combination of these ontological entities.

For simplicity and generalizability in other use cases, the ontological instances are
in the following called objects. An object is defined in the introducedmethodology
as a single instance from the used ontology on a corresponding hierarchical level
of the analyzed scenario. An object is called active if it is within an applied
combination. Since each object belongs to a group based on its ontological
hierarchy, the combinatorial description can be adjusted for a higher-level view
of object groups using a specific hierarchy level. Furthermore, restrictions to
the combinability of the applied combinations of objects or object groups apply
in a production planning task. Since the number of combinations might be too
large to individually check for restrictions, a statistical approach is necessary and
rule-based approaches cannot be applied. Furthermore, combinations of objects
with themselves must be considered and restriction might also include rules for
combining objects with themselves or objects from groups with other objects from
the same group if a higher-level view is used in the analysis.

The proposed support system adheres to the formulated principles in Figure 4.1
by utilizing a normal model and classes trained on only true negative data, by
pre-processing its data using an ontology and context-based scenarios taking the
steps in Figure 4.4, and by applying a similarity metric which enables a direct
comparison of planned configurations with former similar configurations. Thus,
an AI model must also be developed which is capable of fulfilling these defined
requirements. Its core functionalities directly enable the support system to fulfill
the listed objectives in Figure 4.2.

4.4 Modified Hopfield Neural Networks

As a feasibleAImodel which is able to fulfill the prior defined design requirements
for a support system and inferences procedure in production planning, the neural
network proposed by Spoor and Weber (2024) is presented in this section for the
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tasks of production planning. The model is introduced in a generalized manner
for applications in multiple use cases.

First, the conceptualization of the algorithm and the layout of the proposed neural
network is described. The context to the research questions of production planning
is derived and it is described how production planning data is converted into a
connection matrix which acts as basis for the proposed algorithm. This set-up of
the connection matrix is generalized so that different applications and use cases
from production planning but also use cases from other domains can be analyzed
using the proposed modified Hopfield nets. Next, the energy measurement for
this specific network layout is defined. Afterwards, the training procedure of the
network is derived in more detail. In addition, adjustments to the network layout
for multi-dimensional ontologies and sequential data are presented.

Second, the anomaly detectionmodel is introduced using the priorly defined layout
of the network. This anomaly detection model is presented in a general manner so
that use cases of other domains also apply to the proposed model. The anomaly
detection model follows the proposed methodology by Spoor and Weber (2024).
Concluding, a recommendation phase is discussed which enables users to adjust
inputs which are classified as anomalous in order to correct them.

Third, building on the layout of the neural network and the anomaly detection
model, a classification model is introduced. In addition to the classification
capabilities, the model enables a similarity measure between different classes.

Fourth, the explainability capabilities of the anomaly detection as well as the
classification model are discussed in more detail.

4.4.1 Neural Network Layout

The core idea of the proposed modified Hopfield neural network is that early
planning data are displayed as combinations of objects described in an ontology.
In the case of a problem complexity using a number of V possible objects which
can be used when building a combination, all combinations of objects can be
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modeled using a network of a number of V vertices and E edges representing
the combinability. The set of objects of one specific combination is called C.
If two objects are active in a combination C, the resulting graph must have an
edge between the two vertices representing the objects and if the same object
is applied twice in the combination C, thus combined with itself, the graph has
a loop in the corresponding vertex. Therefore, the combination is represented
using an undirected simple graph permitting loops. The maximum network
layout if all objects are active and also all loops are applied yields a number of
Emax =

∑V
k=1 k = V (V+1)

2 in the case of a full combination set including all
objects and combinations of objects with themselves. All possible combinations
are subsets of the full combination set. This network is schematically illustrated
in Figure 4.5.

(a) Full combination set (b) Subset C = (A,A,B,C)

Figure 4.5: Schematic display of combinations as a network using V = 4 objects and a maximum of
Emax = 10 edges. Unused edges and vertices are grayed out.

Using this network structure, it is also possible to derive the maximum number of
possible unique combinations C excluding impossible combinations, e.g., when
the subsets {A,B} and {A,C} are within a combination set, the subset {B,C}
is also included. Each object i can be within a combination once, twice (and thus
a loop exists), or not even once. Thus, there are 3 distinct cases for objects within
a combination. Each of the 3 cases of object i can be combined with the 3 cases
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of another object j and thus, there are 3 ∗ 3 = 32 distinct cases for both objects.
Using a derivation of the rule by induction, it can be reasoned that for V objects,
there are 3V unique combinations. However, to calculate the number of possible
unique networks, this number of combinations must be reduced by V since in
the cases of only one and no object within set C, there are no active edges of the
network. Thus, the number of unique networks when considering the edges is
given as 3V −V . Since the number of networks grows exponentially, it is reasoned
that rule-based approaches for individual combinations or specific combination
constraints are not feasible for larger numbers of objects and a statistical approach
must be considered.

The first objective of the proposed methodology is to assign a weight to each edge
of the full combination network, resulting in a weight network which gives an
estimation of the likelihood of a combination of objects. This weight network
layout is similar to the full combination network since the vertices represent the
objects and the edges represent the combinations. Therefore, the weight network
has Emax edges and V vertices and the resulting weight network is given as an
undirected multigraph with loops, also called pseudograph. This weight network
should then be capable of computing an anomaly score of new combinations tested
using the given weight network. This anomaly score is used as likelihood whether
the tested combination is incorrect, novel, or generally speaking anomalous.

As a second objective, the proposed model should result in a recommendation on
how to adjust the tested network to create a correct and valid combination. Ad-
ditionally, the resulting anomalies scores and weight networks’ recommendations
must yield a good interpretability in order to discuss results with domain experts
and evaluate why and how specific results are derived. The results by the model
should be understandable for experts with mainly engineering expertise since a
safe application of this methodology must include the considerations of the en-
gineering domain. Production planners must understand the reasoning behind an
anomaly or recommendation to alter the production planning appropriately. The
methodology should also create awareness of errors or mistakes during planning
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and highlight these problems within any production planning layout. To sum-
marize, the model must have a high explainability in order to be enrolled in a
practical application.

The proposed procedure is displayed in Figure 4.6. First, the objects are ordered
and classified using an ontological hierarchy. The objects are analyzed along one
specific level of the ontological hierarchy. Thus, also groups of objects can be
analyzed as one object by selecting a higher hierarchy level. Second, the former
correct combinations are aggregated as database for the training of the proposed
modifiedHopfield neural network. Third, all former correct combinations are con-
verted into the described network structures. Fourth, using the network structures
the edges of the weight network which represent the likelihood of combinations
are trained. Fifth, new combinations of objects are evaluated using the weight
network which was trained using the former correct object combinations. Thus,
new object combinations can be classified as anomalous and errors within the
tested combinations are derived. In addition, a recommendation is formed on
how to adjust the object combination to create a less anomalous or even valid
object combination.

Figure 4.6: Sketch of the proposed procedure in five phases for the anomaly detection and evaluation
of combinations using modified Hopfield nets.

In conclusion, the conceptualization and the resulting use cases can be generalized
as the task of anomaly detection of unusual, wrong, and novel graph structures
and networks using a set of true negative networks for the training of the model.
By computing an anomaly score of a tested network, the likelihood whether an
observed combination is correct can be evaluated with a high explainability.

A third objective is derived from the anomaly detection model for the specific case
of different classes which utilize the same set of objects for combinations but are
viewed as separated classes. Each scenario uses different typical combinations
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so that each resulting weight network differs after an individual training for each
scenario using only combinations from this specific scenario. Therefore, new
combinations which are not yet grouped into a scenario are classified according
to which scenario they most likely belong. Thus, this task can be generalized as
the task of a classification of networks into different network classes which were
priorly trained using known labeled networks. The adjusted proposed procedure
for classification task is given in Figure 4.7.

Figure 4.7: Sketch of the proposed procedure in five phases for the classification of combinations
using modified Hopfield nets.

The overall sequence and logic of the procedure of an anomaly detection task
stays unchanged for the procedure of classification tasks. However, in the case
of a classification task a labeling is added in phase 2 so that a weight network is
computed for each class in phase 4. In phase 5, new objects are not evaluated
for anomalous combinations but for the most likely class to which the analyzed
object should be assigned to.

4.4.1.1 Set-up of a Connection Matrix

For any combination set C using a maximum number of V different objects, each
combination is given by a V × V connection matrix M. This connection matrix
shows if two vertices, which are the objects, are active together. If objects are
combined with themselves, the connection between a vertex and itself is also
analyzed. Active edges of this network represent the existence of a combination.
Thus, an active edge shows whether the two corresponding vertices are both
active and thus an edge is marked as active, if both vertices are currently active.
This means in the application that both objects are currently within the applied
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combination set. For each elementmij of the connection matrixM the following
condition is evaluated:

mij =

{
+1, active edge

−1, inactive edge
(4.1)

The resulting connection matrix is symmetrical so thatmij = mji since the order
of objects is not analyzed in the connection condition.

Equation 4.1 is applied for Boolean values of the active vertices. However, if
the activation is not given using Boolean values but in terms of intensity values
of each vertex, the equation must be adjusted using an intensity threshold ti per
vertex for the intensity ci of vertex i. To transform the intensity values into a
Boolean activation, it can simply be checked if the intensity exceeds the predefined
threshold. If both vertices of a combination exceed their respective threshold, the
edge is active. The connection condition is adjusted as follows:

mij =

{
+1, ci ≥ ti ∧ cj ≥ tj
−1, ci < ti ∨ cj < tj

(4.2)

Combinations of vertices using Boolean values and intensity can be computed
by setting an edge as active if the vertex using an intensity exceeds a Boolean
intensity threshold and the vertex using Boolean values is simultaneously active.

In some cases, the sum of both vertices’ intensity might be relevant and high
intensity values of one vertex might compensate lower intensities of the other
vertex so that a connection is still applied despite one vertex yielding a lower
intensity. In these cases, a combination is given by both intensities fulfilling a
sum condition of bijci + cj = tij and the connectivity condition is adjusted as
follows:

mij =

{
+1, bijci + cj ≥ tij
−1, bijci + cj < tij

(4.3)
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A disadvantage of a linear condition is that high intensity values of one vertex can
result in active connections despite very low value for the corresponding other
vertex. Therefore, the linear condition should be mitigated so that both vertices
yield high intensities. This is achieved by adjusting the connection condition to
apply a linear mitigated threshold using a slope Φi for the threshold of vertex i.
This slope can be translated into a slope of linear function using bi = 1

tan(Φi)
.

The condition for the connectivity is adjusted as follows:

mij =

{
+1, ci ≥ ti + bi(tj − cj) ∧ cj ≥ tj + bj(ti − ci)
−1, ci < ti + bi(tj − cj) ∨ cj < tj + bj(ti − ci)

(4.4)

It should be noted that when using intensities, the combinations of vertices with
themselves are either excluded or should be interpreted as simply high values of an
object and not as a combination. The resulting connection matrices for intensity
values are also symmetrical.

The proposed thresholds for intensity values are illustrated as a sketch in 4.8. It
should be noted that the intensity values might use different scales or units and
have a different order of magnitude. Thus, the parametrization should consider
each vertex, i.e., the intensity of each object, carefully. The thresholds should be
evaluated using domain experts and should have a technical significance.

(a) Boolean (b) Linear (c) Linear Mitigated

Figure 4.8: Sketch of proposed intensity thresholds for combinations with objects using intensities.
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It is assumed that in most applications a Boolean threshold is most useful due
to lower parametrization efforts. However, the selection of the intensity thresh-
old type should also consider the application and domain knowledge about the
underlying objects.

4.4.1.2 Energy Measurement

Each edge’s combinability between vertex i and vertex j is represented by a weight
wij which describes the strength of the connection. These weights are displayed
as a V × V weight matrixW. The individual weights are within the range of −1

and 1 such that following statement is applicable:

− 1 < wij < +1 ∀i, j (4.5)

The weight matrix is for the analysis of combination symmetrical so that wij =

wji is applied. A negative weight indicates a negative correlation of two vertices,
i.e., both objects are more likely to be not combined. On the other hand, a positive
weight shows that this combination of vertices is usually applied and both vertices
are more likely to be active together.

To evaluate whether a combination is an anomaly or not, the network using the
weight matrix W gets stimulated using a specific connection matrix M which
represents the analyzed combination of objects. The energy of this stimulated
state is measured using an adjusted energy measurement of Hopfield networks
(Hopfield 1984) or of the Lenz-Ising model (Brush 1967), respectively. For this
adjusted energy measurement, the edges are used for calculation instead of the
vertices and thus loop requirements, i.e., combinations of verticeswith themselves,
are enabled. Thus, the applied requirement of wii = 0 of the Hopfield model
is circumvented. In addition, the energy level is corrected for higher and lower
numbers of combinations using a correction value θ and the discrete unit sample
function δ[n], which is a special case of a two-dimensional Kronecker delta
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function with δ[n] ≡ δn0 ≡ δ0n and counts the active vertices. If the weight
network is stimulated, the energy is measured as follows:

Hstim = −
V∑
i=0

V∑
j=i

wijmij − θ ∗ δ[mij − 1] (4.6)

It should be noted that the energy is summed over just one half of the sym-
metrical weight and connection matrix including the complete diagonal. Due to
the symmetry each combination is counted only once and thus the symmetrical
counterparts are not additionally added in the energy calculation.

Since the correction value should balance the different number of active com-
binations, it is computed as the average effect on the system energy when any
combination is active. Thus, a negative correction value indicates that within a
normal combination only a small number of combinations are active. A posi-
tive correction value indicates that it is more likely for combinations to be active
than inactive. The weight wij is used as an estimation of the probability if the
connection, i.e., the edge, between vertex i and j is active. For the correction
value applies therefore accordingly −1 < θ < +1 as in the case of the individual
weights wji of the weight matrix W.

θ =
2

V (V + 1)

V∑
i=0

V∑
j=i

wij (4.7)

Regarding the correction value, it is assumed that in some cases the averageweights
do not sufficiently balance the frequency of active and inactive combinations. To
take infrequently active combinations into consideration, the usage of a biased
correction value is recommended for some applications. In general, a biased
correction value is constructed by applying a weighted average of the connection
matrix entries instead of the average as initially suggested. This weighted average
is able to compensate an imbalanced number of sets of combinations in the training
data set with highly frequently active combinations. The calculation of the bias
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is adjusted using weightings aij when averaging the weight matrix entries. If the
weightings are restricted by

∑V
i=0

∑V
j=i aij = 1, a general equation for a biased

correction value is given as follows:

θbiased =

V∑
i=0

V∑
j=i

aijwij (4.8)

If diagonal entries, which are corresponding to loops and connections of objects
to themselves, are more common in the connection matrix, Spoor and Weber
(2024) use a biased correction value which weights the diagonal entries less by
counting the non-diagonal entries twice. The application of this biased correction
is useful, if diagonal entries have significantly higher weight values compared to
other entries and thus are falsely computing active connections as more likely.

θbiased =
1

V 2

V∑
i=0

V∑
j=0

wij (4.9)

To compare the stimulated energy, an equilibrium energy of the network without
a specific connection matrix as an input is analyzed. This equilibrium is an
equivalent to the Lenz-Ising model without any stimulation applied. The weight
wij is again used as the estimation of the probability that a connection is active.
Thus, no connection matrix M is applied. The equilibrium energy is defined as
follows:

Heq = −
V∑
i=0

V∑
j=i

w2
ij (4.10)

The equilibrium is set-up in an equivalent manner to the Lenz-Isingmodel without
applied external forces.
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4.4.1.3 Training Procedure

The objective of the training is that a weight matrix is created which indicates,
when stimulated using a new combination, if this combination is memorized
or unknown. This objective is achieved by minimizing the absolute difference
between the energy in the equilibrium and the stimulated state in order to average
out the impact of more unusual and more usual but overall correct combinations
within a training data set of combinations.

∆H = Hstim −Heq

= −
V∑
i=0

V∑
j=i

wijmij − w2
ij − θ ∗ δ[mij − 1]

= −
V∑
i=0

V∑
j=i

wij(mij − wij)− θ ∗ δ[mij − 1]

(4.11)

The network will be stimulated for each combination of objects within the training
data set T and an optimization function is set up to reduce the energy difference
by adjusting the weights so that the simulated state’s energy changes in direction
to the equilibrium energy (minus the correction value). Since the objective of
the learning procedure is that the difference ∆H between stimulated energy and
equilibrium energy becomes zero, a gradient descent dt per iterative step t using
a learning rate α ∈ (0, 1) for the step size must be computed so that following
update procedure of the weight applies:

wt+1
ij = wtij + α ∗ dt (4.12)

It is trivial that the energy difference ∆H is optimized by the sum of the terms
(mij − wij) becoming zero. However, the optimization target can be formally
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transformed into a minimization objective by using each terms’ squared value
since all terms are linearly separable.

min f(w) =

V∑
i=0

V∑
j=i

(mij − wij)2 (4.13)

This representation highlights a benefit of the optimization method: a minimiza-
tion objective can be solved by a gradient descent method using dt = −∇f(wt).
Each element of the resulting vector of length E is given as follows:

∂

∂wij
f(w) = −2 ∗ (mij − wij) (4.14)

The Hessian matrix is given as follows:

∇2f(w) = diag(2, ..., 2) (4.15)

It is possible to set a gradient descent dt per iterative step t for the optimization
of f(w) so that the following weight update using a learning rate α ∈ (0, 1) for
the step size applies:

wt+1
ij = wtij + α

(
mij − wtij

)
(4.16)

The initial weight matrix entries are given as wt=0
ij = 0 ∀i, j. The scaling factor

of 2 is shortened since the direction of the descent is independent of this scaling
factor. Formally, the proposed iterative weight update process also follows the
gradient descent of the optimization function f(w) using Newton’s method with
a descent of dt = −

(
∇2f(wt)

)−1∇f(wt).

This applied learning rule also follows the optimization of a squared error eij =

(mij − wij)2 which is describing the difference between the desired value and
the current values. Thus, the learning rule corresponds to the stochastic gradient
descent of the method of least squares used in linear regression models. This is
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also visible in the optimization function which is the sum of all squared errors
f(w) =

∑V
i=0

∑V
j=i eij and thus similar to the optimization function in linear

regressionmodels. Furthermore, the appliedweight update is similar to the weight
update rules for Autoencoder using the Widrow-Hoff rule (Abdi et al. 1996).

In order to not penalize inactive combinations, it is possible to only update weights
which have active combinations in their corresponding row or column. Thus, the
weight update is only applied for a weight between vertex i and j if the following
condition is met:

V∑
j=0

mij > −V ∨
V∑
i=0

mij > −V (4.17)

It should be noted that if the outlined condition is applied, combinations including
a single object once will not affect the training process. If this feature is required,
the condition can be mitigated by only updating weights corresponding to com-
binations of two objects where are at least one of the two objects occurs at least
once in the underlying combination set.

In commonly applied Hopfield neural networks, the network’s vertices are acti-
vated iteratively after another whether the summarized weights of the predecessor
vertices exceed a defined activation threshold. In this proposed modification of
the Hopfield neural network layout, for each applied network in the training data,
the corresponding values of the edges, in other word the active combinations, are
imprinted in the weight network. This approach distances the proposed modified
Hopfield model from the conventional design of neurons in neural networks.

Furthermore, it is possible to add two commonly used regularization techniques
as adjustments to the weight updates:

1. A reduction of the training rate β ∈ [0, 1] after each iteration for a number
of training data T so that the learning rate of the weight updates is linearly
reduced in later iterations.
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2. A decay γ ∈ [0, 1) towards zero since in the case when only a limited
amount of training data is available for a specific edge, these rare weight
updates for this edge are not overestimated and slowly corrected.

It is quite common to use decay during the training of neural networks to prevent
an overfitting. The usage of a reduced training rate is also common to enable a
higher learning rate α at the beginning of a training procedure and thus preventing
the optimization function becoming trapped within a local optimum. After mul-
tiple iterations, the step size of the learning rate is then reduced to stabilize the
solution. Thus, the reduced learning rate enables a sampling of the area around
a possible optimum of weights by using smaller increments of weight changes.
Both regularization techniques can be applied for the proposed Hopfield neural
network using an adjusted weight update as follows:

wt+1
ij = wtij + α

(
1− β t

T

)(
mij − wtij

)
− γ ∗ wtij (4.18)

For the evaluation of a conducted training procedure, it should be noted that
each individual weight correlates with the probability that this specific edge is
active within a combination. Since only correct combinations are available during
training, all combinations should arrange themselves closely around an average
energy level, and thus the energy of a common or usual combination of objects
should be within a certain range of the average energy of the training data.
However, rare or unusual combinations should yield a higher energy in average
than the average energy of the combinations in the training data.

During the training of the weight network, the equilibrium and average stimulated
energy of correct states will converge towards a similar energy level minus the
correction value. In case of just identical combinations used during training,
the equilibrium energy converges towards the stimulated states of correct com-
binations minus the correction value times the number of active combinations.
However, since the connection values mij are given as Boolean data of −1 and
1, the correct combinations will yield different energies as the equilibrium at the
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beginning of the training, even when the correction value is not considered, since
it uses weights −1 < wij < 1 smaller (or higher) than the connection valuemij .

If multiple different combinations are used in the training data set, the weights
wij will always be different compared to the correct combination’s connection
value mij and thus result in a higher equilibrium and average stimulated energy.
Nevertheless, the equilibrium and average stimulated energy of the training data
should also converge towards a constant energy level minus the correction value.

The training procedure is illustrated using the exemplary network set-up of the
example in Figure 4.5. The network is trained using (a) only the exemplary
combination set of C1 = (A,A,B,C) and (b) in addition a random order of
the equally often occurring combinations sets of C1, C2 = (A,C,C), C3 =

(A,A,C,D), and C4 = (B,C). The results of the training procedure are given in
Figure 4.9. The equilibrium energy, the moving average stimulated energy over
10 iterations, and the moving average’s interval within 1-standard deviation are
displayed in the evaluation of the exemplary network in Figure 4.5.

(a) One combination (b) Four combinations in random order

Figure 4.9: Training procedure of two exemplary cases using (a) only one identical combination and
(b) four equally often but randomly arranged combinations.

As clearly visible in Figure 4.9, in the case of only one combination the equilibrium
and average stimulated energy converge towards a stable energy level which is
identical if the correction value is deducted. Since the correction value is negative,
the stimulated energy is slightly below the equilibrium energy. The already very
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low standard deviation of the moving average also declines during the training
since the weight matrix also converges towards a final weight matrix. The entries
of this final weight matrix reach values through a high amount of training data
which come close to the input matrix of the one combination set. There is only
the exception of matrix entries where no rows or columns were affected during
the training so that these values stayed at zero.

The second case in Figure 4.9 shows a higher equilibrium and average stimulated
energy level since multiple different combinations are applied. Since the com-
bination sets also highly differ in their combination setups and number of active
edges, the standard deviation is higher. However, the equilibrium and average
stimulated energy converge towards an energy level which is higher than the en-
ergy level in case of only one trained combination. The correction value in this
case is also slightly negative but since the stimulated energy levels are fluctuating,
the difference is not visible.

The analysis of the energy level progress is very important to evaluate the quality
of the training. First, it can be checked if the energy levels converge towards
a stable energy level. If this is not the case, more training data are required.
Second, the standard deviation and fluctuations give a good first indication of the
necessary thresholds which are used to detect anomalies: the average stimulated
energy level plus the standard deviation can often be used as a rough estimate.
Third, if the fluctuations of the average energy levels are too high, there might
be a hidden variable involved which separates certain types of combinations in
distinct classes. In these cases, the training data should be checked, and the
different classes should be differentiated prior to the analysis since the applied
combinations during training should all be applied within a distinct scenario.

For calculating the computational complexity, a total of T iterations per available
combination in the training data set is considered. Per iterative step, a weight
update of a V × V connection matrix is calculated. Considering the symmetrical
properties of the connection and weight matrix, a total of V (V+1)

2 updates are
necessary per iterative step t. Thus, the highest order of the variables for compu-
tation of the complexity are V 2 and T and the computational complexity of the
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training procedure is given as O(TV 2). Hence, the complexity of the training of
the proposed modified Hopfield neural network mostly depends on the number
of possible objects considered when setting up combinations. Therefore, higher
ontological hierarchy levels which are grouping multiple objects into one cluster
might be preferable since these will reduce the number of vertices V from the
number of objects to the smaller number of clusters. In addition, if a new object
must be considered, the model stays unchanged as long as the new object can be
grouped within an already existing and analyzed cluster.

In order to decrease the necessary computational time of the training, the equation
(4.18) of the proposed Hopfield neural network can also be adjusted using a mini-
batch procedure as described in equation (3.11) in the case of an ANN.

4.4.1.4 Adjustments for Sequential Data

A common application within production planning is the sequence planning of
processes and finding a sequence which is optimizing KPIs such as costs, cycle
times, waste, and produced units. The introduced methodology is not able to
create such sequences but is capable of checking existing or proposed sequences
for correctness. Thus, the use case shifts from an analysis of combinations to an
evaluation of sequences whether they are correct or incorrect.

In the case of sequences, the combinatorial information over the whole set-up is
less important and the focus is on which objects are predecessor or successors of
other objects. Therefore, the connection matrix must be constructed using this
data as input. The connection matrix is adjusted as follows:

mij =

{
+1, object i is successors of object j
−1, else

(4.19)

An object can be its own successors and diagonal entries of the connection matrix
are then set as mii = 1. This is the case if, e.g., the same process is conducted
consecutively within a sequence planning of a production task.
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Furthermore, it is possible that multiple different objects are successors of the
same objects and vice versa, it is possible that a single object is successor of
multiple different objects. The connection condition applies unchanged and the
connection matrix entrymij is set as +1 for each successor object of an object j
or for a number of multiple objects.

Instead of analyzing the successors sequences, this connection condition can be
adjusted by swapping the indiceswhich represent the objects in order to analyze the
predecessor sequences. If the successors sequences result in a connection matrix
M, the predecessor sequences will result in the transpose of the connection matrix
MT . Thus, the selection of a successors sequences the predecessor sequences
condition does not affect the overall set-up of the neural network.

By using sequence data, the connection matrix is no longer symmetrical and can
yield different entries for the values mij and mji. From this follows that the
weight matrixW is also no longer symmetrical and the individual weight matrix
entries wij and wji might be different. Furthermore, the maximum number of
edges of the networks representing the sequences is given as Emax = V 2.

In the case of sequential data, the network layout illustrated in Figure 4.5 can be
adjusted to a directed multigraph permitting loops. Edges are now directed and
thus, twice the number of edges which are not loops are required (one for each
direction) but the same number of loops are applied. As a result, the connection
and weight matrix are no longer symmetrical and they yield information about
the sequence’s order. The new visualization of the network layout for analyzing
sequential data is given in Figure 4.10.

As a result, the stimulated energy computation as per equation (4.6) is also affected
since all entries of a matrix must be summarized.

Hstim = −
V∑
i=0

V∑
j=0

wijmij − θ ∗ δ[mij − 1] (4.20)
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(a) Full combination set (b) Sequence set C = (A,A,B,C)

Figure 4.10: Schematic display of sequences as a network using V = 4 objects and a maximum of
Emax = 16 directed edges. Unused edges and vertices are grayed out.

The same adjustment is necessary for the equilibrium energy of equation (4.10).

Heq = −
V∑
i=0

V∑
j=0

w2
ij (4.21)

Lastly, the correction value in equation (4.7) must also be adjusted and becomes
identical to the former biased correction value as used by Spoor andWeber (2024)
of equation (4.9).

θ =
1

V 2

V∑
i=0

V∑
j=0

wij (4.22)

The regular biased correction values of equation (4.8) can still be calculated
analogously using the changed weight condition of

∑V
i=0

∑V
j=0 aij = 1.

The overall training procedure stays the same with the only difference being that
the weight updates of the weights wij and wji are different. Thus, sequential data
can be analyzed in the same manner as combinatorial data. Using the common
conventions for the notation of computational complexity, the computational
complexity does not change and is still measured as O(TV 2). However, the
actual runtime in a practical application is slightly higher since the full matrix
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of weights using V 2 entries must be considered and not, as in the case without
sequences, the reduced matrix with V (V+1)

2 entries due to the connection and
weight matrices’ symmetry.

It should be noted that in certain use cases of production planning, subse-
quences might be conducted multiple times, e.g., process A in the sequence
in the example in Figure 4.11, but the resulting graph structures do not differen-
tiate sequences with multiple repetitions of subsequences. Thus, the sequence
C = (A,A,B,D,D) and C = (A,A,A,B,D,D) do result in the same network.
This might limit the applicability of the model in certain use cases, if repetitions
of subsequences are a characteristic of anomalous process sequences. However,
this limitation applies to all analyses and anomaly detection methods using only
the graph structure. Therefore, a separate anomaly detection model to find con-
spicuous repetitions of subsequences can be used in combination with a modified
Hopfield neural network in order to fully validate the sequence data.

Themodel for anomaly detection and classification described in the following sec-
tions can also be applied for sequential data. It will be noted whether adjustments
for sequential data are necessary.

4.4.1.5 Adjustments for Ontologies with multiple Concepts

Within an application in production planning, there might be multiple different
ontological concepts and hierarchies of sub-concepts within a concept applied for
a specific use case. Thus, objects might come from different concepts within an
ontology, e.g., if the PPR model is applied, objects might be products, processes,
or resources and a planning set-up includes objects from all three concepts. How-
ever, the model also applies for application where multiple different ontological
concepts are used in an analyzed combination. This is discussed for a general
case using G distinct ontological concepts.

In the case that objects belong to one of a numberG different ontological concepts,
the total number of possible used objects within any combination is given as Vi for
the objects within concept g. These numbers might differ. Thus, the total number
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of possible objects included within a combination is given as V =
∑G
i=1 Vi. The

connection matrix M is then still a V × V matrix. However, the connection
matrix consists of multiple matrices which are of interest.

M =



M11 ... M1i ... M1G

... ... ... ... ...

Mi1 ... Mii ... MiG

... ... ... ... ...

MG1 ... MGi ... MGG


(4.23)

The connection matrixM contains the Vi × Vi matricesMii which are the com-
binations of objects with objects from the same ontological concept. In addition,
the connection matrix contains the Vi×Vj matricesMij which are the combina-
tions of objects from an ontological concept iwith the objects from an ontological
concept j. Within production planning, these might be the combinations of, e.g.,
products, processes, and resources in a case of G = 3 and the matrices Mij

describe how these different ontological concepts are combined within a single
applied combination.

The resulting connection matrix M is still symmetrical. For each combination
matrix applies Mij = MT

ij since they share the same combinatorial data. In
addition, the matrices Mii are also symmetrical since the same conditions as
discussed in the previous sections also apply. The number of unique edges for a
connection matrix Mii is given as Eiimax = Vi(Vi+1)

2 and the number of unique
edges of a connection matrix Mij are given as Eijmax

= Vi ∗ Vj . The total
number of unique edges can still be computed as formerly described and equals
the sum of all edges of the unique matrices.

In the case of planning scenarios using multiple concepts from an ontology, the
network layout visualization in Figure 4.5 can be improved by highlighting the
different matricesMij and objects from the different ontological concepts. Thus,
an updated exemplary visualization of the network layout for analyzing sequential
data is given in Figure 4.11 using color codes to differentiate objects from different
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concepts and the different connectionmatricesMij building thewhole connection
matrixM.

(a) Full combination set (b) Subset C = (A,A,B,D,D)

Figure 4.11: Schematic display of ontologies with multiple concepts as a network. The resulting
sub-connection matrices are differently colored, unused edges or vertices are grayed out.

In the exemplary case in Figure 4.11, two ontological concepts are analyzed.
The first concept contains object A, B, and C colored in blue, and the second
contains object D, E colored in red. Thus, the number of objects per concept
is given as V1 = 3 and V2 = 2 and the connection matrix M includes in total
V = V1 + V2 = 5 objects. The edges corresponding to the connection matrices
M11 using a maximum of E11max

= 6 edges and M22 using a maximum of
E22max

= 3 edges are colored using gradients of their ontological concepts.
The edges corresponding to the connection matrix M12 using a maximum of
E11max

= 6 edges are colored in yellow. Thus, the total number of maximum
edges is given as Emax = 15.

Since the problem using multiple ontological concepts can be transferred into the
same set-up as already discussed, the layout of the neural network and the training
procedure does not change. Therefore, different concepts from an ontology and
objects from these concepts can be analyzed using the introduced network layout.
However, since the model’s computational complexity scales over-proportionally
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with the number of vertices V , increasing the number of used concepts might neg-
atively affect the runtime of the training procedure. Due to the over-proportional
computational complexity increase, it might be beneficial in practical applica-
tion to not divide concepts into too many fragmented sub-concepts. It is rather
beneficial to use higher-ranking concepts which combine objects.

On the other hand, it is possible to individually train the weight matrices Wij

corresponding to the connection matrices Mij of two concepts and only later
combine them into a model covering all ontological concepts. Additionally, it is
possible to add a new ontological concept to an already trained model by only
training the affected matrices without the need for re-training the other matrices.
Vice versa, it is possible to use only a specific combination of ontological concepts
from a trained weight matrix W containing multiple concepts. However, this
requires that the condition of equation (4.17) is not used or mitigated as described
in the corresponding paragraph.

If there are specific types of ontological product planning structures which should
be analyzed separately and which utilize distinct applied concepts and combina-
tions, the task becomes an anomaly detection where anomalous combinations do
not belong to any class out of a number of different classes. This case is discussed
in the following section about the classification model.

4.4.1.6 Adjustments for Ontologies with multiple Relations

In some use cases, two objects might not only relate to each other by one single
relation described by one edge but by multiple directed logical relations. In these
cases, an edge describes a certain relation r from a finite set containing all possible
relations between two objects R. The number of all possible relations between
two objects is given by R. Therefore, it is important to model the kind of relation
between two objects. It is possible that two objects yield multiple, one, or no
relations between each other. A sketch of an exemplary annotated directed edge
for a relation r is given in Figure 4.12.
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Figure 4.12: Sketch of an annotated edge using a certain logical relation r ∈ R between two vertices
representing the objects.

Analogously to the network layout in Figure 4.11, each data set is represented by a
connection network which is a subset of the fully connected network of all vertices
using all relations. However, since the type of relation adds more information
to the network, the connection is not modeled by a connection matrix but a
connection tensorM(3) = V ×V ×R in order to represent the full complexity of
the relations. This connection tensor includes the connections between all objects
for each relation r. Thus, a connection is given as follows:

mijr =

{
+1, object i relates to object j by r
−1, else

(4.24)

In the case of multiple possible relations between objects, the weight matrix
therefore becomes analogously a weight tensorW(3) = V ×V ×R. Each weight
entry wijr of the weight tensor describes the weight between two objects i and
j for a specific relation r. In case of directed logical relations, the resulting
connection tensor is not symmetrical. In the case of undirected logical relations,
the tensor will yield a symmetry within the V × V matrix of a specific relation.
However, the directed case is more common and thus, the following equations are
based on the equations of the prior adjustment for sequential data.

Since the new model must also consider the different relations, the stimulated en-
ergy computation as per equation (4.21) summarizes over all relations in addition.
The resulting stimulated energy is given as follows:

Hstim = −
R∑
r=0

V∑
i=0

V∑
j=0

wijrmijr − θ ∗ δ[mijr − 1] (4.25)
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The equilibrium energy of equation (4.22) also changes accordingly to the new
energy definition which includes multiple relations.

Heq = −
R∑
r=0

V∑
i=0

V∑
j=0

w2
ijr (4.26)

Concluding, the correction value in equation (4.23) is adjusted.

θ =
1

R ∗ V 2

R∑
r=0

V∑
i=0

V∑
j=0

wijr (4.27)

In the case of logically undirected relations, the equations (4.6), (4.8), (4.10) are
accordingly adjusted by adding a summarization over all relations.

Since the number of connections and weights is increased due to the dimension-
ality of the tensor by the number of relations R, the complexity of the training
procedure is also increased by the number of modeled relation and thus, the new
computational complexity is given as O(RTV 2). The complexity scales linearly
with the number of different relations, which can enable an efficient computation
of use cases utilizing ontologies with multiple modeled relations. In addition,
a model can be trained for an individual relation and only later combined with
other models using different relations but the same ontological concepts. Thus,
an existing model can be enhanced without re-training if an additional relation is
added. Vice versa, a model consisting of multiple relations can also be evaluated
only for a subset of the included relations.

The following sections will use modified Hopfield neural networks with only a
single relation and the case of annotated edges is not discussed in further detail.
However, it is possible to adjust the described models for anomaly detection and
classification by considering the summarization over all relations and defining a
suitable tensor norm in order to measure distances between weight tensors.
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4.4.2 Anomaly Detection Model

The presented anomaly detection model follows the approach proposed by Spoor
and Weber (2024) and is more generalized in the following section to enable a
broader field of use cases. First, the anomaly detection procedure is described.
Second, a recommendation procedure is introducedwhich enables user to adjusted
anomalous combinations to correct them.

4.4.2.1 Anomaly Detection

The core idea behind the anomaly detection model is that stimulated energies of
common combinations are lower than stimulated energies of more uncommon
or rare combinations. Thus, the probability that a combination is anomalous
is given by the height of the computed stimulated energy. High energies are
more anomalous than low energies. If multiple combinations are analyzed by
stimulating the modified Hopfield network, the combinations with lower energies
are more normal or usual occurrences of combinations while the combinations
with higher stimulated energies are more rare, uncommon, or anomalous. The
specific energy level depends on the weight matrix and thus, the energies must be
evaluated in comparison to the given weight matrix and the set of combinations.
For a given combination C, a connection matrix M can be computed. This
connectionmatrix is used as an input to the stimulated energy function as described
in the previous section. Thus, for a given combination which is tested whether it
is anomalous or not, the stimulated energy H(C) is computed. This energy acts
as a benchmark on how likely a combination is anomalous.

As discussed in the training procedure, it is useful to compare this stimulated
energywith the average stimulated energy of the known correct combinations used
during training. The used training set T has a number of ‖T ‖ = T combinations
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used for the conducted weight updates. Therefore, the average stimulated energy
of this training data is computed as follows:

H =
1

T

∑
l∈T

H(Cl) (4.28)

Since the energy fluctuates between the correct combinations, it is useful to cal-
culate the standard deviation σ of the stimulated energy of correct combinations.

σ =

√
1

T

∑
l∈T

(
H(Cl)−H

)2 (4.29)

Using the average stimulated energy and the standard deviation, it is possible to
define a critical energy Hcrit. Combinations with stimulated energies above this
critical energy are then considered anomalous. Thus, the critical energy should
be selected so that Hcrit > H + c ∗ σ given a selected confidence interval factor
c. It should be noted that only a one-sided evaluation of this confidence interval
is necessary since low energy states are assumed to be correct or common.

For any selected critical energy, the assignment of a combination m is given
by ẑm ∈ {0, 1} where 0 denoted outliers and 1 denotes common or correct
combinations. The assignment is computed as follows:

ẑm =

{
1, H(Cm) < Hcrit

0, H(Cm) ≥ Hcrit

(4.30)

By adjusting the critical energy value Hcrit it is possible to detect anomalies
using a different true positive rate and corresponding false positive rate. Thus,
a receiver operating characteristic (ROC) can be computed. Using the ROC, a
critical energy valueHcrit can be selected which optimizes true and false positive
rates for any given use case.
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To conduct a test for a single combination, the stimulated energymust be computed
using the entries of the weight matrix. Therefore, each computation of an energy
must summarize over the V (V+1)

2 weight entries. This results in a computational
complexity of O(V 2) for testing whether a combination is anomalous or not.

It should be noted that a sufficient anomaly detection can only be conducted
if the combinations within the training data show a sufficient similar behavior
or combinatorial patterns. If the combinations within the training data highly
vary, it might be impossible to detect incorrect combinations since the network
cannot detect any combinatorial patterns of common combinations of objects or
objects which cannot be combined. This case should be visible by a high standard
deviation of the stimulated energy and a high fluctuation of the moving average
stimulated energy during the training procedure.

If there exist multiple types of combinations whose stimulated energies are within
the same type less fluctuating, these combinations can be assigned to a specific
class. Combinatorial patterns might emerge within the separated classes but not
within the whole data set. In this case, the method should be adjusted to a
classification task with an additional outlier class. This method is described in
detail in the following section about the classification model.

4.4.2.2 Recommendation Procedure

It is possible to directly evaluate why a certain combination C results in a specific
stimulated energy evaluation H(C) by directly analyzing the impact of an object
i within the combinational set C. If an object is within the analyzed combination
set so that i ∈ C, the impact on the energy evaluation is measured as follows:

Ii =

V∑
j=0

wij +

 V∑
j=0

wijmij − θ ∗ δ[mij − 1]

 (4.31)

The first term of the equation describes the energy as if all combinations of
objects with object i were given as mij = −1 and the second term describes the
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resulting energy of the current connection applied in the connection matrix. Both
terms are subtracted so that the difference of the energy between a combination
C which includes object i and a combination C∗ without object i is measured.
If Ii > 0 applies, the energy is increased and the combination is less common
due to the impact of object i within the combination C. Thus, this specific
combination is evaluated as less common or potentially incorrect within the
analyzed combinations. Vice versa, if Ii < 0 applies for the impact, the energy
is decreased and object i is a reason why the combination is more common.
The higher the impact, the higher the effect of this specific object within the
combination on its evaluated correctness or incorrectness.

If only the combination of an object with itself within a combination set (a loop
in the combination network) is analyzed but not the overall impact of the object
on the combinations with other objects, the impact changes to:

Ii = 2 ∗ wii − θ (4.32)

This analysis is equivalent to reducing the number of object i within the combi-
nation set C to one. The impact is essentially the change of the energy by the
weight wii. As before, a positive impact increases the energy indicating a less
likely occurrence of this loop and a negative impact reduces the energy indicating
that this loop is common within the analyzed combinations.

To summarize, the impact can be used to evaluate if an object i or the multi-
ple occurrences of object i is seen as more correct or incorrect for any given
combination.

In addition, an anomalous combination can be evaluated on how it should be
changed, by adding or removing objects from the set. The idea is to iteratively
add or remove objects from the analyzed sets of objects within the combination
and to reduce the stimulated energy. For each object of the set of all of objects,
it is computed whether adding or removing it from the set C is reducing the
energy. The object with the largest energy reduction is then selected and added
or removed from the set C. Thus, a more common process combination C is
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created using the trained weight matrix as baseline for evaluating combinations as
correct or incorrect. Objects are added or removed iteratively until the stimulated
energy of the adjusted combination has decreased below the selected critical
energy level Hcrit and thus, is assumed to be a correct combination. This
results in a recommendation procedure on how to correct an as incorrect classified
combination. The conducted iterative procedure is similar to the state changes of
commonly used Hopfield neural networks. Concluding, two cases are evaluated
for all V objects per iteration when conducting a recommendation procedure.

1. Removing one object i from the set C∗ = C − {i}

2. Adding one object i to the set C∗ = C + {i}

It should be noted that in case that two object i are within the set C, removing one
object i only deletes the combination with itself and thus only the loop connection
but does not affect all other connections. Also, if an object is currently in the set
of combination only once, adding another same object creates a loop connection
and thus not affect the other connections.

In both cases, a new connection matrix M∗ is created. However, in case of only
removing an object, the impact computed by the equations (4.31) and (4.32) can
be used and no new connection matrix must necessarily be created. In general,
the energy difference can be evaluated as follows:

Ii = H(C∗)−H(C) (4.33)

The object with the highest negative stimulated energy impact is selected and
removed or added. This recommendation procedure is iteratively reevaluated
using the optimized set C∗ as new starting point until the stimulated energy of
the new set C∗ falls below the critical energy. The progress of the set C∗ should
be tracked to later evaluate the steps and thus, this creates a recommendation
procedure where combinations are iteratively corrected.
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4.4.3 Classification Model

Building on the anomaly detectionmodel as proposed by Spoor andWeber (2024),
the Hopfield neural network also enables a classificationmodel. In the field of pro-
duction planning, new combinations of ontological planning data can be assigned
to known types of planning set-ups. Nevertheless, the proposed classification
model has use cases in multiple domains and is thus introduced in a generalized
manner and in later section the applications for production planning are derived.

First, the classification procedure is introduced which utilizes the already intro-
duced modified Hopfield neural network layout and training procedure. Second,
a distance measure is derived to compare different classes.

4.4.3.1 Classification

In the cases that a set of classes K exists where each class is distinct from each
other, it is possible to classify a combination Cl and assign a class to this specific
combination.

For each class k, a weight matrix is trained using a training data set Tk with a
number of included combinations of ‖Tk‖ = Tk. This training set only contains
combinations which are known to be assigned to this specific class. The weight
matrix resulting from the training procedure is given asWk and the corresponding
correction value computed from the weight matrix as θk. Each class has an
individual weight matrix and correction value. The training follows the procedure
described before in the previous sections. It should be noted that each training
procedure for each analyzed class should converge during training towards a stable
energy level.

Using the weight matrix, the stimulated energy of each combination of the training
data set is evaluated. For each combination lwhich belongs to the training data set

145



4 Methodology

of combinations of the class k, the stimulated energy is calculated and an average
energy is computed as follows:

Hk =
1

Tk

∑
l∈Tk

Hk(Cl) (4.34)

In addition, the standard deviation of the stimulated energy of all combinations
within the training set is computed as follows:

σk =

√
1

Tk

∑
l∈Tk

(
Hk(Cl)−Hk

)2 (4.35)

For any combination m with no prior known class, it is possible to calculate a
score on how likely this combination is assigned to a specific class k by comparing
the difference between the stimulated energy of combinationm using the weight
matrix of class k with the average stimulated energy Hk of combinations from
this class. Thus, a score smk for the likelihood of the assignment of combination
m to class k is given as follows:

smk =
Hk(Cm)−Hk

σk
(4.36)

The lower score smk, the higher is the probability of a combinationm belonging
to class k. In case of multiple classes, the class with the lowest score is selected
as assigned class. A class assignment ẑm is computed as follows:

ẑm = arg min
k∈K

smk = {k | smk = min
k∈K

Hk(Cm)−Hk

σk
} (4.37)

If multiple combinations are tested, this class assignment results in a partition of
all combinations D using the following partition definition:⋃

k∈K

Kk = D , Kk ∩ Kl = ∅ ∀k, l ∈ K (4.38)
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In the case that a classification as well as an outlier class is required, combinations
with scores higher than a critical value scrit can be assigned to the outlier class.
Thus, anomalous combinations can be detected which do not match with any of
the available classes. In addition, the problems of high fluctuating stimulated
energies when combining multiple classes in one data set during an anomaly
detection procedure is prevented. The resulting classification is due to the outlier
set no longer a partition and enables a conduction of the anomaly detection task
in the case of combinations from multiple different classes. The class assignment
using outliers is computed as follows:

ẑm = {k | smk = min
k∈K

Hk(Cm)−Hk

σk
∧ smk < scrit} (4.39)

The classification procedure also works if a combination is assigned to multiple
classes. In this case, a labeled combination is included in all training data sets
of the classes to which the combination was assigned. Instead of selecting the
minimum score for a class assignment, the procedure is adjusted using a critical
value similar to the anomaly detection procedure. If the calculated score is smaller
for a tested class than the predefined critical value, this class is assigned. The
adjusted class assignment is given as follows:

ẑm = {k | smk < scrit} (4.40)

This method of class assignment will also result in an outlier class which cannot
be assigned to any of the classes in set K. If no outlier class is requested, all
outliers can be assigned to the class with the smallest score smk as given in the
partitioning single class assignment procedure.

Since the training procedure must be conducted for each class, the computational
complexity is increased. For a number of K different classes using each a
number of T training data per class, the computational complexity derived in the
previous section is adjusted to O(KTV 2). Main complexity driver is still the
number V of possible objects within combinations but the training complexity
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additionally scales linearly with the number of classes. The classification of a
single combination is given by the number of classes and the scale of the weight
matrix to compute the energy. Thus, a classification yields a computational
complexity of O(KV 2) which is again similar to the complexity of anomaly
detection times the number of classes which are separately evaluated.

It should be noted that a sensitive class assignment is only possible if the corre-
sponding classes are sufficiently distinct. Thus, classes should significantly differ
regarding the common combinations. Therefore, it is important to priorly test the
classes regarding their similarity.

4.4.3.2 Distance Measure between Classes

To compare different classes of combinations and evaluate similarity or dissim-
ilarity between classes, the trained weight matrices can be used. Each class k
yields a specific weight matrix Wk which was computed by training only with
combination or sequence data from this class. The difference between two classes
k and l can be compared by the individual entries of the weight matrices and
squaring the results. Thus, the delta weight matrix ∆Wkl between class k and l
using the Hadamard product is computed as follows:

∆Wkl = (Wk −Wl)� (Wk −Wl) (4.41)

Each element of the delta weight matrix is calculated as follows:

wijkl = (wijk − wijl)2, wijkl ≥ 0 (4.42)

Values close to zero indicate that these combinations between object i and j are
as common (or uncommon) in both classes. Values larger zero, in particular
values larger 1, will indicate combinations which are very likely in one class but
highly unlikely in the other. Thus, these are the combinatorial possibilities which
separate the classes. If two classes yield entries in their weight matrices which
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are very close, they will be more difficult or even impossible to separate during an
anomaly detection as discussed in the previous subsections. On the other hand,
classes with high delta weight values wijkl for all combinations will be easily
separable by the anomaly detection method. Thus, classes with overall high delta
weight values are more different to each other and classes with low high delta
weight values are more similar to each other.

If the direction of the relation between class k and l is relevant, a score qijkl ∈
(−1, 1) using a percentage ratio for each weight matrix entry can be calculated.
A score of 1 indicates that a combination between object i and j is always active
in class k but never in class l, while a score of −1 would indicate that this
combination is always active in class l and never in class k. Zero acts as a neutral
value of combinations which are equally common in both classes. This score is
computed as follows:

qijkl =
wijk − wijl

2
(4.43)

It should be noted that only the absolute value of the score qijkl is relevant for a
distinction between two classes and the sign of the score is only a measure of the
"direction" of the relationship of a combination between two classes.

To estimate the similarity or dissimilarity between two matrices, the matrices
can either be compared using a matrix norm or a distance. A distance d(A,B)

between two matricesA andB is measured using a metric which must fulfill the
following requirements:

1. The distance between a matrix and itself is zero. (Nonnegativity)

2. The distance between matrices is positive. (Positivity)

3. The distance from matrix A to B is equal to the distance from B to A.
(Symmetry)

4. The triangle equation applies.

A matrix norm is different from a metric since it measures the size of a matrix
but not the distance between two matrices. In addition, a norm must fulfill the
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requirement of homogeneity: If a matrix is scaled by a scalar factor a the resulting
matrix norm also scales by the absolute scalar value | a |. The Nonnegativity
requirement becomes the requirement of definiteness: The norm of a matrix
becomes zero, only if it is the zero matrix 0m,n. In addition, the requirements of
subadditivity and submultiplicativity are often required. Therefore, it is possible
to derive a metric from a norm; and thus, also the distance can be computed using
a matrix norm. Vice versa, if a metric fulfills the norm requirements, the distance
d(A, 0) is a norm for measuring matrix A (Horn and Johnson 1985, chap. 5).

Since the similarity between two weight matrices is computable by using a norm,
it is possible to derive a suitable norm from the commonly used Frobenius norm
‖ • ‖F . The Frobenius norm adheres to the requirements of homogeneity, defi-
niteness, subadditivity, submultiplicativity, and the triangle equation applies. The
Frobenius norm of aM × N matrix A with the matrix entries aij is defined as
follows:

‖A‖F =

√√√√ M∑
i=0

N∑
j=0

| aij |2 (4.44)

Since the weight matrix is in case of combinations symmetrical, the applied norm
should only summarize the unique entries. Thus, the matrix norm is adjusted for
the purpose described here to the norm ‖ • ‖F∗ . In addition, the delta weight
values wijkl are already squared and non-complex scalars. Therefore, the applied
norm becomes as follows:

d(Wk,Wl) = ‖Wk −Wl‖F∗

=

√√√√ V∑
i=0

V∑
j=i

(wijk − wijl)2

=

√√√√ V∑
i=0

V∑
j=i

wijkl

(4.45)
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The derived norm ‖ • ‖F∗ adheres to all listed norm requirements only in case
of symmetrical matrices and thus, is in this defined case applicable as norm
to compute a similarity. In the case of sequential data, the Frobenius norm
‖Wk −Wl‖F can be applied unchanged since it is here required to summarize
over all entries. In the case of combinations, the norm ‖Wk −Wl‖F∗ induces a
metric to compare two weight matrices k and l and thus, a distance between these
two classes is defined.

If there exists a number of K classes, a K × K distance matrix D for the
dissimilarity between all classes can be created. The distance matrix yields at
position k and l the corresponding entries d(k, l) = ‖Wk −Wl‖F∗ . Using
this distance matrix, the classes can be formally compared and evaluated, e.g.,
by applying a hierarchical clustering algorithm. Results could be displayed by a
dendrogram. Classeswithin the same subtrees aremore similar to each otherwhile
classes on subtrees which become separated early are more different and easier
to distinguish when applying an anomaly detection. Furthermore, if the moving
averaged stimulated energy after a training, which utilizes multiple classes for an
anomaly detection task, fluctuates too much, specific classes can be excluded by
analyzing the distance matrix first. In addition, classes which are highly different
to all other classes can be excluded. These outlier classes can be detected, e.g., by
applying a LOF as proposed by Breunig et al. (2000) using the distance matrix as
input for the anomaly detection model.

It should be noted that the proposed metric induced by the Frobenius norm is just
one useful example of norms to compute the distance matrix. Other entry-wise
Lp,p matrix norms might also be applicable. A Lp,p norm is defined as follows:

‖A‖p,p =

 M∑
i=0

N∑
j=0

| aij |p
 1

p

(4.46)

It is assumed that Lp,p norms are preferable over a Lp,q norm since columns and
rows should be handled the same since the arrangement of objects is in most cases
arbitrary or without any domain-specific technical considerations.
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In addition, further norms, distances, and approaches exist to compare matrices,
e.g., the Kullback-Leibler divergence or a comparison using the eigenvalues, since
a metric can in principle be freely defined and selected. However, the Frobenius
norm proves itself most useful in this application since it directly relates to the
delta weight matrix analysis of equation (4.42) and is thus not freely selected but
directly derived from the model’s definition and layout. Therefore, the Frobenius
norm yields in this case a stronger interpretability compared to other methods,
which is favorable for an application in manufacturing.

4.4.4 Explainability

While the recommendation procedure in case of the anomaly detection model and
the distance metric in case of the classification model are already introduced tools
for modified Hopfield neural networks to gain insights into the decision logic of
an applied model, a further discussion about explainability is useful since the
topic of Explainable Artificial Intelligence (XAI) is of great interest in research
and application. In addition, planning experts confronted with such system also
demand high levels of explainability for their production planning tasks since they
need to adjust and alter their current layouts and process planning based on the
recommendations proposed by the introduced system. This demands trust in the
system as well as an understanding of the decisions and recommendations of the
system in human comprehensible terms. Therefore, it should be evaluated if the
introduced modified Hopfield neural networks encompass sufficient functionality
to be classified as an explainable model or at least provide some explainability in
their decision and recommendation procedure.

Confalonieri et al. (2021) describe the origins of XAI in the development of
knowledge-based expert systems and it is nowadays revived as a research field with
the objective to convey safety and trust to users by adding further information about
the "how" and "why" into an automated decision-making for AI models applied
within different domains and applications.
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A commonly assumed hypothesis (cf. Došilović et al. (2018) and Barredo Arrieta
et al. (2020)) within the body of literature is that there exists a trade-off between
explainability and performance of a model, e.g., DL models provide a high accu-
racy in multiple domains and applications but lack the necessary explainability.
On the other hand, decision trees have a very high explainability but limited ac-
curacy. Decision trees can be expanded into a Random Forest, an approach from
ensemble learning, and thus, they lose explainability but gain accuracy. There-
fore, Angelov et al. (2021) state that the objective is not to create any XAI solution
but an XAI solution with an accuracy comparable to DL models.

Angelov et al. (2021) distinguish in the context of XAI for ML and DL models
the terms of transparency, interpretability, and explainability. Gilpin et al. (2018)
use completeness as an additional term for XAI systems. Derived from these
definitions, the terms are in this thesis defined as follows:

1. Transparency. A model can potentially be understood without a consulta-
tion using further tools or models and thus is the opposite of a "black box"
which does not disclose its internal design as defined by Adadi and Berrada
(2018).

2. Interpretability. A model provides the capability to explain or to present
using human-understandable terms as defined by Gilpin et al. (2018).

3. Completeness. A model can be described in an accurate way and thus, the
system’s behavior can be anticipated by users in multiple situations (Gilpin
et al. 2018).

4. Explainability. A model provides an interface between itself and human
users and is accurate as well as comprehensible to any human user. Thus,
the model encompasses interpretability and completeness whereby expla-
nations allow a trade-off between both for users to select. This can be
archived by either explaining the processing or representation of the data
inside the model or by creating system architectures which are designed to
deliver interpretations of their behavior (Gilpin et al. 2018).
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Angelov et al. (2021) note that these very similar terms regarding their meanings
still confer to different levels of AI accepted by human users. Gilpin et al. (2018)
note that explainable systems should not hide complexity but allow for more
detailed descriptions with more completeness at the cost of interpretability.

A further discussion of XAI and developed taxonomies for these models would
go beyond the scope of this work. In the following discussion, modified Hopfield
neural networks are evaluated in regard to the previously discussed tasks and
concepts of XAI.

First, the analysis of the weight matrix W is of importance to understand the
decisions of the anomaly detection or classification model. As already discussed,
the entries of the weight matrix are directly interpretable as the probability of
a combination of two corresponding objects. The weight entries are bounded
by wij ∈ (−1, 1) and thus, a weight of +1 can be interpreted that this specific
combination of objects must be present at all times within correct or common
combinations. Using the same idea, weight entries close to one indicate combi-
nations of objects which are most of the time within a combination C and their
absence would indicate some sort of irregularity. If multiple common combi-
nations with values close to +1 are not within the set C, the set is most likely
anomalous. Vice versa, if weight entries are −1, these combinations are never
present within correct combination sets C and values close to −1 indicate very
unlikely combinations. Thus, if many combinations are active with weight entries
close to −1, the combination is most likely anomalous. This is directly measured
by the impact Ii of an object within a combination as given in equation (4.31).

Using the formulated idea, the weight matrix computed in an anomaly detection
model or for a single analyzed class in a classification model can be visualized
using a heatmap plot in the case of a low number of possible objects. An exemplary
weight matrix with V = 5 possible objects is given in Figure 4.13.

In the example in Figure 4.13, combinations of object D and E are very likely.
Thus, most sets C will contain {D,E} as a subset. On the other hand, connections
of object C with itself are very uncommon and sets will most likely not contain
subsets of {C,C}. Overall, all combinations including C are more uncommon.
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Figure 4.13: Exemplary weight matrix visualized by a heatmap plot. Highly common combinations
are colored red, anomalous combinations are colored blue.

Furthermore, by observing the highest values of this weight matrix, very common
types of combinations can be extracted. In case of the weight matrix in Figure
4.13 these common combinations are {B,B}, {D,E}, and {A,A,D} as well
as its resulting subsets. The neutral values of the weight matrix close to zero for
combinations of {A,E}, {B,D}, and {E,E} indicate that these combinations
are sometimes within the analyzed sets. Thus, an exemplary combination of
{A,A,D,E,E} would be most likely a correct combination since it contains
multiple highly common subsets. Therefore, it is possible to derive common and
uncommon combinations by directly analyzing the weight matrix. In case of large
object number V , the most likely and most unlikely combinations can be extracted
to reduce the matrix to its most relevant values in a manual analysis.

By analyzing the highest and lowest weight matrix entries, a user of a modified
Hopfield neural network can directly evaluate possible combinations and create
valid interpretations of why some combinations are anomalous. It is further
beneficial that the weight matrix entries are wij ∈ (−1, 1) and thus, a metric
to evaluate single combinations is directly derived from the model. The impact
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Ii can furthermore evaluate single objects within a combination and also gives a
direct interpretation by computing whether the impact is negative or positive.

In case of the comparison of two distinct classes k and l within a classification
model, the introduced weight matrix ∆Wkl can be analyzed. Each entry of this
matrix yields a value of wijkl ∈ (0, 4) and can be analyzed in a similar manner
as the single weight matrices. Values close to zero are indicating combinations
of objects i and j which are common in both classes. Vice versa, values close to
4 are indicating combinations of object which are very common in one class but
uncommon in the other and thus, are the main distinguishing factors between the
two analyzed classes. If a combination with a high value ofwijkl is present within
a combination set, this will highly influence the decision of the classification
model. However, combinations with values of wijkl close to zero will have a
smaller influence on the classification decision. This can also be analyzed by
using the score qijkl as given in equation (4.43). This score has the additional
advantage of showing the "direction" of the effect and whether a combination is
more likely in class k or l. An analysis using the score qijkl is conducted in a
similar manner as using the delta weight matrix, whereby the delta weight matrix
is more focused on the absolute difference between two classes and the score is
more focused whether a combination is more common in one class or another.

From this follows that classes with very distinct weight matrices (thus multiple
high values are present within ∆Wkl) are easier to separate within a classification
task. This is directly measured by the computed distance matrix D using the
matrix norm applied in equation (4.45). If this distance matrix is visualized using
a dendrogram, classes which are easier to separate are in distinct trees of the
dendrogram and vice versa, classes which are harder to separate are within the
same subtrees. Using classes in a classification model which are harder to distinct,
will result in a reduced accuracy of the model due to mistaken classification in
particular between the similar classes.

An exemplary delta weight matrix is visualized for a classification model using
also a heatmap plot for the case of a low number of possible objects of V = 5 in
Figure 4.14.
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Figure 4.14: Exemplary delta weight matrix between two classes visualized by a heatmap plot. Shared
common combinations are colored blue, distinguishing combinations are colored red.

In this case, combinations of {E,E} are very likely to occur within one class but
mostly never present within the other analyzed class. Thus, if the combination
{E,E} is present, this will highly affect the outcome of the classification. The
combinations {A,C}, {A,E}, and {D,D} are also very common in one class but
uncommon in the other class. Thus, a combination such as {A,C,D,D,E,E}
will most likely result in an unambiguous classification. On the other hand,
combinations between objects with small values of wijkl such as {B,C} or
{A,B} will have little relevance during the classification regardless of whether
they are common or uncommon in both classes.

Similar to the anomaly detection model, it is possible to derive common and
uncommon combinations for each class by directly analyzing the delta weight
matrix and thus, create an interpretation whose combinations are typical for a
specific class. Furthermore, the analysis of all classes using the distance matrix
D and a dendrogram gives additional context regarding the similarity of classes.
Again, in case of a large object number V , the most distinguishing combinations
can be extracted from the delta weight matrix to reduce the matrix to its most
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relevant values in a manual analysis. It is also beneficial that the delta weight
matrix entries are within a bound of wijkl ∈ (0, 4) and the values can be directly
interpreted.

To summarize, the introduced modified Hopfield neural network is highly trans-
parent due to the direct computation of the weight matrices W, the delta weight
matrices ∆Wkl as per equation (4.41), and the impact Ii as per equation (4.31).
The decisions and recommendations of the model can be understood using only
the already computed parameters and evaluation metrics of the model and no
further analyses or tools are required. The bounded values of the weight matrix
entries wij and delta weight matrix entries wijkl can be used to directly derive
an interpretation of combinations and classes as well as the evaluation whether
the impact is positive or negative. The dendrogram using the distance matrix
D computed by the matrix norm in equation (4.45) is a further capability of
the model to directly interpret result, recommendations, classes, and combina-
tions. These interpretations are given in human-understandable visualizations
and values. Therefore, it is concluded that the model is transparent as well as in-
terpretable as summarized by Angelov et al. (2021). Since the weight matrix also
encompasses the decision process of the model, an interpretation using the weight
matrix and impact also adheres to the objective of completeness as described by
Gilpin et al. (2018) since the used description is an accurate representation of the
model’s decision process.

The performance of modified Hopfield neural networks very high is in certain
use cases and can excel the performance of One-class SVM (Schölkopf et al.
2001) and of Isolation Forest (Liu et al. 2008). This is shown by Spoor and
Weber (2024) in the case of an anomaly detection task where only true negative
cases are available during the training procedure. The model’s performance is
also further analyzed and benchmarked in later sections about the validation of
the methodology. However, using the already analyzed performance, modified
Hopfield neural networks can be placed within the accuracy vs. interpretability
evaluation as given by Angelov et al. (2021) in the context of the use case of
anomaly detection of combinations using true negative training data. Since ac-
curacy as well as interpretability of modified Hopfield neural networks are very
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high in the use cases which they were designed for, the scoring in the evaluation
reflects its competitive edge for these applications: its accuracy exceeds those of
SVMs or decision tree-based approaches and its interpretability is more straight-
forward compared to those of Random Forests. The accuracy vs. interpretability
assessment including modified Hopfield neural networks is given in Figure 4.15.

Figure 4.15: Accuracy and interpretability assessment for different ML models by Angelov et al.
(2021) including modified Hopfield nets for the evaluation of combinations.

To evaluate whether the model is explainable using the taxonomy by Angelov
et al. (2021), it is more important how to design the HMI within an application of
the model and how to document, aggregate, and display data. The model has the
capability to show the specific objects which are most relevant for the evaluation
in an anomaly detection task for any combinations and can provide recommen-
dations on how to adjust a tested combination. The classification is also capable
to provide the same reasoning. Therefore, the model is in principle capable of
being explainable. However, this term highly depends on the implementation of
the HMI in particular, which is domain and application specific. Thus, the imple-
mentation should consider the trade-off between completeness of an explanation
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and interpretability. Completeness within an explanation is archived by using
the full weight matrix and computations steps. An easy interpretability for users
is archived by renouncing to display too many details or precise mathematical
computations and rather highlight the domain-specific object and combinatorial
relations in order for users to better understand and fully trust the system. How-
ever, users should be capable of selecting their required level of interpretability
and completeness to prevent any concealment of complexity.

Within the field of production planning analyzed in this thesis, the proposed design
and extend of the HMI is further discussed in the following section describing
the embedding of modified Hopfield neural networks within a support system in
production planning. Therefore, the following sectionwill showhow to implement
an explainable support system for production planning in practice using modified
Hopfield neural networks.

4.5 Implementation in Production Planning

This section aims at a discussion of the relevant interfaces of the methodology
to an applied production planning process within the manufacturing industry.
Firstly, the implementation might highly differ between individual industrial ap-
plications, manufacturing systems, and companies. Thus, this section does not
propose a detailed implementation plan but provides context and guidance for
any implementation. As main field of interest in a practical implementation, the
information system architecture, the data management and governance, which can
be summarized to the overall data quality, and the usability of a planning software
which incorporates the methodology, often also referred to as user experience
(UX), is discussed in more detail.

First, the information system architecture is discussedwith a focus on the data flow
and data management of the support system and the corresponding ontological
information. Figure 4.16 proposes a generic view of an implementation of the
production planning tool into a manufacturer’s IT architecture.
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Figure 4.16: Schematic design of the IT system architecture for the management of the required data
transfer from different subsystems into the product planning tool.

Most notably in Figure 4.16, a variety of databases must be utilized in order
to create a consolidated database for the production planning. The knowledge
domains within manufacturing often utilize different systems and an integration
of multiple structured or unstructured systems using heterogeneous data sources
is a key requirement. An integration might require data from domains such as
factory, building, product, process, resources, systems, strategy, or management
(Agyapong-Kodua et al. 2014). From a system perspective, this may include,
among others, a product, components, and auxiliary products database, a process
library, a resource database, and a BIM database, including energy or consumable
material such as pressurized air requirements. Within larger organizations, these
databases will be managed and owned by different interorganizational stakehold-
ers, e.g., the product data might be managed and primarily owned by the product
development department, while the resource data might be managed by the prod-
uct planning department (Bazaz et al. 2020). Thus, ownership over the master
data will be distributed over the organizations across departments. In some use
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cases, the integration of supplier systems might be required (Galkin et al. 2017).
This integration of data sources from heterogeneous systems is a commonly dis-
cussed hurdle when designing knowledge-based systems, in particular discussed
for knowledge graphs by Noy et al. (2019). Therefore, a data picker module within
a backend must create and manage a tool-specific database in order to establish a
suitable consolidated database acting as a central point of truth for the production
planning tool. The data picker conducts in addition a data preprocessing and a data
cleansing procedure in order to circumvent incorrect or redundant data since du-
plications are a common problem in knowledge-based systems such as knowledge
graphs (Galkin et al. 2016). The resulting database includes the full ontological
PPR model data in a suitable data format and in a sufficient data quality to enable
the production planning tasks. In order to utilize the ontological data, a graph
database might be superior to a relational database in this application (Wang et al.
2021, chap. 6).

Since the different stakeholders of the databasesmight result in deviating or redun-
dant master data, it is proposed to additionally utilize a data synchronizer which
documents and corrects contradictory information across the different databases.
This enables a continuous updating and improvement of the ontological models
within an organization. This described data synchronizer acts as an automated
solution for data governance. The task of data governance includes data secu-
rity, data consistency, a strategy to enable a profitability of data usage, and also
an organizational concept for the accountability regarding the data quality (Al-
Ruithe et al. 2019). However, an automated solution still requires organization
and company guidelines.

Lastly, the production planning tool is located in the frontend using the created
tool database by the data picker within the backend. Users of the system interact
via an HMI with the planning tool in the frontend layer.

It should be noted that the specific layout of the IT system architecture will differ
between companies. However, the core elements of the proposed schematic design
in Figure 4.16 are essential in order to manage the complexity of a PPR model
and the distribution of data sources within a manufacturing company.
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As the second field of interest in a practical implementation, the organizational
data ownership and governance is discussed. This topic has already been touched
on in the discussion about the databases, data picker, and data synchronizer.
However, these technical solutions might in short-term mitigate a problem which
should be tackled in the long-term by an organizational approach of handling
planning data. Bazaz et al. (2020) note in the context of the Digital Twin devel-
opment that future research should aim at providing solutions for issue of data
ownership. The requirements are summarized as data quality which should fulfill
five principles based on the prior considerations byWang and Strong (1996), Jarke
and Vassiliou (1997), and Reuter and Brambring (2016):

1. Data Consistency. The data gathered from different data sources do not
result in contradicting information, this requires in particular a concept
for long-term use after updating of the data which might result in time
inconsistencies.

2. Data Correctness. The gathered data reflect the underlying real circum-
stances correctly and errors are systematically documented and corrected.

3. DataCompleteness. The data were gatheredwithoutmissing instances and
are fully accessible, in case of the ontological data this requires a complete
data modeling along the PPR model.

4. Data Relevancy. The data are relevant for the user of the system, redun-
dancies are avoided, and users are enabled to draw conclusions without a
consultation of additional data sources.

5. Data Representation. The data are documented in an intelligible and clear
manner, e.g., in the use case discussed here using a machine-readable as
well as human-interpretable ontology.

Organizations address data quality in traditional data governance concepts with
the roles of Data Stewards and Data Custodians. Data Stewards focus on content,
context and business rules while Data Custodians focus on safeguarding, storage
and transfer, and application of business rules (Kasrin et al. 2018). Since the
support system proposed here heavily relies on data quality, it is recommended
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that in addition to a data quality focused IT system architecture, an organizational
concept for data management must be developed in order to safeguard a long-
term usability of the support system. This is particularly important if lessons
learned from similar production systems are documented and utilized as part
of the inference procedure to derive knowledge about new planned production
systems as targeted in the objectives of the support system in Figure 4.2. The
roles of Data Stewards and Data Custodians might be applicable solutions but to
the author’s best knowledge no standardized concept within the manufacturing
industry exists in practice which solves the data quality requirements. Thus, it
is proposed that the organizational aspects of data quality must be individually
addressed within any practical implementation of the support system as part of
the implementation and development process. In particular the ontology and case
database of the support system highlighted in Figure 4.3 should be a focus of the
considerations regarding data quality.

As the third field of interest, the task of UX design is discussed as a central aspect
when implementing new software solutions in the manufacturing industry since
business and user requirements are becoming increasingly important success fac-
tors (Pokorni et al. 2020). In addition, UX design is a core aspect in implementing
the XAI principles for users of an AI support system. Thus, the task becomes
the visualization of the anomaly detection, classification, and recommendation
procedure in a manner which satisfies UX as well as XAI requirements.

Regarding the interface of usability and XAI principles, it is important that the
system does not hide any complexity but enables a more detailed and complete
explanation based on user preferences (Gilpin et al. 2018). Thus, it is proposed
to visualize the resulting weight matrix, in particular the weight of combinations
whichmight explain a detected anomaly. A simplistic approach is the visualization
of the planned production system as a graph network. However, the software
should enable detailed analysis of subgraphs within a larger network and also
enable a view of different ontological levels. A user should be able to analyze
the connection along the PPR model but also a deeper view of used tools, sub-
processes, or product components should be enabled.
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In case of the visualization of the results of the support system, it should be
noted that in practice no uniform systematic methodology is applied but tools
are situationally selected which are determined as appropriate by experts for this
specific application (Parsons 2022). However, as a basis for future implementa-
tions, a concept for a visualization method of the support system’s results is in the
following proposed using the inherited graph-based structure of the data.

As an exemplary mock-up of a planning software using the anomaly detection
model which utilizes a graph-based visualization in order to represent the weight
matrix is given in Figure 4.171. Weight entries with values close to 1, i.e., very
common and likely combinations, are colored in green, weight entries with values
close to−1, i.e., unlikely and anomalous combinations, are colored in red. Values
between 1 and −1 are colored using color gradings between green and red. This
enables an interpretable view of the manufacturing cell planning layout utilizing
the anomaly detection model. Users should also be able to handle the proposed
recommendation system. Based on the manufacturing cell in Figure 4.17, an
exemplary mock-up of the recommendation procedure is given in Figure 4.182.

As proposed, the recommendation procedure selects the objects with the highest
negative stimulated energy impact and proposes this as an addition to the cur-
rent manufacturing line. In Figure 4.18, objects are only added. However, the
recommendation might add and remove objects. Since a user might not always
automatically want to select the object with the highest impact on the energy
measure, a list of possible objects should be proposed. The order in which the
proposed objects are listed within the software should reflect their relative impact
compared to the computed best option. This can be displayed in percent in order
to hide the full energy computation while also providing a detailed and complete
explanation but aggregated explanation of the recommendation. This approach
is only semi-automated since the final manual decision is made by the users of

1 The robot icons were made using the AI image generation platformMidjourney. The CADmodel
shows a car body component in the underbody of the vehicle and was made available by the
Mercedes-Benz AG.

2 See footnote 1
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Figure 4.17: Schematic mock-up of a software using the graph-based visualization of the weight
matrix of a manufacturing cell for an explainability of a detected anomaly.

the production planning software. However, the proposal of useful alternatives
might steer and fasten the manual correction of an automatically created assembly
design by optimization methods, as discussed by Hagemann and Stark (2020).

It should be noted that Figure 4.17 and 4.18 are stylized suggestions in order
to highlight a possible design which utilizes the explainability provided by the
weight matrix. Genuine solutions within a software implementation might differ
sincemore production planning aspects such as documentation, datamanagement,
or KPIs might also become relevant which impact meaningful and practical UX
designs. Additionally, the trend in automotive manufacturing, in particular in
production planning, is to introduce collaborative work environments. This trend
is driven by an increasing international collaboration in planning new manufac-
turing systems where experts from different company locations and international
supplier networks are working collaboratively. On aspect hereby is the develop-
ment of Digital Twins as enablers of an Industrial Metaverse (Yao et al. 2022)
which is a form of an immersive collaborative virtual environment. Usability is
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Figure 4.18: Schematic mock-up of a software for the recommendation procedure in order to correct
the manufacturing cell of Figure 4.17.

a main factor for the acceptance of immersive collaborative virtual environments
(Mayer et al. 2023) and thus, the development of refined UX concepts is required.

As a main take-away of this section, it is concluded that the aspects of IT system
architecture, data quality, and UX design are core requirements to safeguard
an implementation in practice. The applicable solutions to these challenges
are case-specific and might differ between different manufacturing companies
implementing the proposed support system (or similar support systems in general).
However, the discussed aspects should not be handled as afterthoughts but as key
success factors in a practical application of the proposed AI-based support system.
Thus, adequate measure must be taken regarding these fields of interest in any
implementation of the model.
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4.6 Summary

This section provides a comprehensive methodology for the fault detection during
the rough production planning. The AI support system follows the principles of a
utilization of only true negative data during training, the consideration of context,
the embedding of ontological information, the derivation of a similarity measure
between ontological set-ups, and the securing of interpretability of results. The
first objective of this AI support system is the detection of anomalous configura-
tions, the showcasing of problems, and the recommendation of alternatives. This
is enabled by an anomaly detection model. The second objective is the identifi-
cation of similar production systems and the provisions of lessons learned from
former set-ups. This objective is solved by a classification model. Both objectives
require a high explainability and result in a structured inference.

In order to fulfill the listed principles and resolve the objectives, a one-layer NN
which follows the idea of Hopfield neural networks is introduced. Ontological
planning information are mathematically modeled as a graph network. Instances
of the ontology are modeled as vertices and the relations between instances as
edges. Each configuration is transferred into a connection matrix. In order
to describe which edges are common or uncommon, a weight matrix is derived
measuring how likely it is whether the specific edge between the instances is active
or inactive. Using this model, a stimulated energy is defined and the model can
be trained so that likely ontological configurations yield low stimulated energies
and anomalous configurations yield high energies. The training procedure is
conducted iteratively by weight updates. It is shown that the training can be
broken down into an optimization method using least means squares in order
to optimize a defined equilibrium energy. By evaluating the stimulated energy
level, an anomaly detection is enabled. In order to define a classification model, a
specificweightmatrix is trained for each class. Configurations can be assigned to a
class by comparing the resulting stimulated energy levels using the corresponding
weight matrix of each class.
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This model yields a high explainability and interpretability by analyzing the
resulting weight matrices. In addition, specific recommendations can be created
to optimize configurations based on the weights for specific edges. In addition,
the model can be used for configurations using sequences, different types of
relations between instances, and ontologies using multiple concepts. Concluding,
conceptualizations of the IT system architecture andmock-ups are provided which
show how the model can be embedded into production planning software. Thus,
the introducedAI support system using themodifiedHopfield neural networks can
be utilized in the rough production planning as a tool for an early fault detection.
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In order to validate the developed methodology, three use cases are presented in
the first subsection. Two use cases are from the field of manufacturing and are
direct implementation of the proposed support system and AI model in different
subfields of production planning. The third use case is an excursus within the field
of oncology in order to demonstrate the application of modified Hopfield neural
networks in a more general manner. By analyzing the use cases, the application of
the methodology is demonstrated in practice, the performance of the underlying
AI model is benchmarked, and the method is validated by applying the support
system as a proof-of-concept in the specified use cases.

Concluding, the found benefits, limitations of the AI model and support system,
relevant details or conditions for an application, and occurring challenges in the
presented use cases are discussed. This discussion complements the validation of
the methodology by providing practitioners with the relevant information whether
a specific use case is a possible field of application and which prior considerations
need to be accounted for in an application. In addition, the discussion provides
researchers with potential fields of action for a further development or an adjust-
ment of this AI support system in order to enable more use cases and applications
across multiple domains. Furthermore, the AI model using modified Hopfield
neural networks is discussed as the core functionality of the developed support
system in production planning in order to generalize its application, encourage
an application in domains outside of production planning, and highlight modified
Hopfield neural network as original and independent AI models for multiple kinds
of data analysis.
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5.1 Use Cases

In the following section, three use cases are presented in order to demonstrate and
validate the develop methodology. The first two use cases are from the domain of
manufacturing, in particular, the first use case is from the field of automotive Body-
In-White assembly, and both use cases are direct implementations of the proposed
AI support system using the modified Hopfield neural networks. In addition, the
third use case showcases the capabilities of modified Hopfield neural network
within another domain as part of an excursus in order to prove the versatility of
the AI model for anomaly detection and classification tasks.

The use cases differ in their domain, in the underlying type of objects which are
analyzed in the connection matrix, in how object values induce a combination,
in what kind of training data is available, and in the task of the use case. The
overview of the demonstrated use cases of this section is presented in Table 5.1.

Table 5.1: Overview of the basic information of the analyzed use cases.

5.1.1. 5.1.2. 5.1.3.

Use Case Process
Planning

Simulation with
Synthetic Data

Leukemia
Diagnosis

Domain Automotive
Manufacturing Manufacturing Oncology

Objects Ontological
Process Groups

Ontological
Resource Groups

Gene
Expressions

Object
Values Boolean Boolean Intensities

Training
Data

Correct
Combinations

Correct
Combinations &

Sequences

Labeled Subtypes
of Leukemia

Task Anomaly
Detection

Anomaly
Detection Classification
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Amajor difference between the use cases are the different object values. In the two
use cases of process and resource planning, the connection matrix is computed
using a Boolean condition for the active edges between two objects which are in
the analyzed combination set C. In these use cases, the connection condition of
equation (4.1) applies. In the case of gene expressions, all genes are always present
in a patient but yield different intensity values. Thus, a combination is assumed
in cases of bilateral high intensity values of the measured gene expressions as
visualized in Figure 4.8. The second difference is the overall task and the used
underlying training data. The first use case describes an anomaly detection and
utilizes only correct data in order to identify incorrect data as postulated in the
design principles of a support system in Figure 4.1. The third use case describes
a classification where the data set is labeled according to the corresponding class.

The presented use cases encompass the relevant design principles and objectives
of the AI support system and are therefore capable of providing application ex-
amples, a demonstration of an analysis using the support system and modified
Hopfield neural networks, and they validate the methodology by showcasing the
performance and application of the AI model and support system.

5.1.1 Process Planning in the Body-In-White Assembly

This use case was first presented by Spoor and Weber (2024) and is discussed in
this subsection within the context of the proposed AI support system. First, the
use case is described in more detail and the context and relation to the introduced
AI support system is discussed, in particular to the design and functionalities
of the system. Next, the training procedure and hyperparameter optimization is
presented. Based on the result of the parametrization, an anomaly detection is
conduced. The results are analyzed regarding performance and benchmarked with
other commonly used AI models. Concluding, a recommendation procedure as
embedded tool of the Digital Factory is described and the explainability of the
model is demonstrated, which enables a transparent support system in adherence
to the XAI principles.
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5.1.1.1 Use Case Description

The presented use case comprises the automation and the assistance of the early
planning phases of production planning of the Body-In-White assembly in man-
ufacturing. Spoor and Weber (2024) demonstrate a fault detection for production
systems during the early process planning. In the case of a process planning task
for production systems, which could be conducted automated, semi-automated, or
manually, a validation whether a specific process combination is a correct set-up
of a production system is necessary. In the practical application, this is often still
a manual approach and all planned process combinations are evaluated by domain
experts. As a semi-automated solution and to increase the planning speed, Spoor
and Weber (2024) propose a validation procedure of process combinations in-
cluding a recommendation score of the likelihood whether a new planned system
configuration is incorrect or correct. Thus, the objective of the support system is
a highlighting of the suspicious process combinations while accepting commonly
used process combinations. This is an improvement of the overall planning proce-
dure since the manual validation efforts can be concentrated on suspicious cases.
Thus, the presented use case follows the objective 1a – 1c of Figure 4.2. These
objectives correspond to the explainable anomaly detection functionality of the
support system as given in Figure 4.3 and the use case can be conducted along the
methodology of training and evaluation the modified Hopfield neural network as
summarized in Figure 4.6.

As presented by Spoor et al. (2022a), state-of-the-art methods of anomaly detec-
tion face common limitations, in particular incorrect process combinations are
commonly disregarded during production planning and are neither documented
nor archived. Thus, this use cases can only utilize correct combinations for the
training procedure. The large amount and variety of processes results in a difficult
implementation of rule-based approaches as first state-of-the-art methods of the
Digital Factory in Process Planning. In addition, the analyzed database of imple-
mented and correct process combinations is limited by the number of the current
and former running production systems of the manufacturer. The second type of
state-of-the-art methods of mathematical optimization approaches using linear or
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nonlinear programming are also not feasible since a modeling of the restriction
functions would as in the case of the rule-base approaches require a high initial
effort. Also, the definition of an optimization function is not feasible since the
objectives are difficult to quantify, in particular objectives such as operability,
safety, or processing quality. Also, the trade-off between costs and cycle times
is also hard to quantify beforehand. Therefore, Spoor and Weber (2024) apply
a modified Hopfield neural network for this task in order to identify anomalous
process combinations based on a training procedure conducted with only correct
process combinations.

The data used by Spoor and Weber (2024) contain 8674 different process combi-
nations which are former and current implementations of production systems of
six years between the year 2017 and 2022 in the Body-in-White assembly from
two different sites of the European automotive manufacturer Mercedes-Benz AG.
The processes analyzed by Spoor and Weber (2024) cover the construction of the
body frame, including assembly of the front, substructure, and rear carriage, the
assembly of the side panels, and the assembly of doors and hatches of a premium
car series. Therefore, the applied real-world data set covers the complete range of
operations of the different manufacturing lines of the Body-In-White assembly.

The 8674 different process combinations are set up using 586 different individual
processes. However, prior to the analysis, the data were grouped along their
ontological data into 12 process clusters containing processes on the same onto-
logical hierarchy level and thus, they cover similar tasks, applications, and uses
from an ontological perspective. The ontological analysis was done by domain
experts. In case of a newly developed process, this process would be assigned to
the corresponding ontological group and could be analyzed in a similar manner.
The data set used by Spoor and Weber (2024) is summarized in Table 5.2.

Each process combination is based on a combination from the set of the 586

unique processes. Processes can be combined with themselves. Spoor and
Weber (2024) conducted the analysis based on the 12 ontological process groups.
Thus, each process combination is a combination of objects from the set of
the process groups, whereby process groups can be combined with themselves
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Table 5.2: Description of the applied data set of process combinations.

Instance Quantity Comment
Process combinations 8674
Unique processes 586
Unique process groups 12
Years 6 from 2017 to 2022
Plants 2 full Body-In-White assembly

which follows from the combination of processes with themselves or with other
processes from the same ontological group. In addition, certain restrictions
may apply resulting in processes and process groups which cannot be combined
together in one production system. Also, it is possible that some processes or
process groups can only be combined in one production system if in addition one
or multiple specific other processes are also within the combination set. Thus, a
complex set of restrictions applies to the use case of process combinations for the
production systems in the Body-In-White assembly and these restrictions must be
modeled and furthermore be explainable during the interpretation of the results
of the anomaly detection task.

In this application analyzed by Spoor and Weber (2024), the 8674 process com-
bination are transformed into process group combinations using the ontological
grouping. This process is highlighted schematically by Figure 4.4. Thus, the
resulting complete network is an undirected multigraph permitting loops with
V = 12 vertices and Emax = 78 edges corresponding to the exemplary network
layout in 4.5. Each individual combination is a subgraph of the full combination
network and thus, is also modeled as an undirected multigraph permitting loops.
No sequential information was given in the analyzed data set.

The 12 process groups results in 312 − 12 = 531,429 different possible process
combinations in the production planning. This number includes combinations
of process groups with themselves and is corrected for impossible combinations,
e.g., if a process combination of group (A, B) and group (B, C) is applied, the
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combination (A, C) must also be applied. Since there are duplicates within the
list of process combinations, the number of unique combinations in the analyzed
data set is < 1.7% of the total number of possible combinations. The frequent
occurrence of duplicates follows in particular from the use of process groups
since different combination of processes may anyway result in similar or the same
process group combinations. However, duplicates are not removed from the data
set since they indicate often occurring combination which should be weighted
accordingly.

Considering the exemplary number of combinations, it is trivial to see that rule-
based approaches are limited in their applicability. Furthermore, in a practical
application of production planning mostly correct instances are recorded but
incorrect instances are deleted or insufficiently documented during the planning
of former production systems. Thus, the available combinations only include
validated correct combinations of objects. If an anomaly detection from the field of
AImodels is applied instead of rule-based approaches, only true negative instances
are available for the training of a supervised anomaly detection algorithm.

The applied network structure does not change when additional processes are
added to the ontology. It is assumed that new individual processes are most
likely added to an existing ontological group. Spoor and Weber (2024) assume
in this use case that in the case of a distributive technological change, a new
ontological group is added and the underlying network structure changes. If a
novel ontological group is added, another vertex is added to the network including
the corresponding edges. This ontological group is then a new process group in
addition to the existing 12 groups analyzed. Thus, it would be necessary to redo
the analysis. However, in case of a distributive technological change, all previous
knowledge would require a reassessment and also other AI models, optimization
models, or rule-based approaches would require a reevaluation.
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5.1.1.2 Training Procedure

For the analysis, the data sets are first transformed into symmetrical connection
matricesM using equation (4.1). Thereafter, a training procedure is conducted to
iteratively adjust the weights of a 12×12 weight matrixW using equation (4.18).
For the purpose of the evaluation and since no incorrect combinations are within
the analyzed data set, Spoor and Weber (2024) created 30 incorrect combinations
for this evaluation in cooperation with domain experts.

First, the relevant parameters of equation (4.18) must be selected. Thus, a hyper-
parameter optimization for selecting the values of the training rate α, reduction
of training rate β, and decay γ is necessary. The hyperparameter optimization is
conducted by Spoor and Weber (2024) using a grid search minimizing the False
Positive Rate (FPR) and using a fixed True Positive Rate (TPR) of 90%. True
Positives (TP) are defined as process combinations which are incorrect and are
also classified by the applied anomaly detection model as incorrect. Vice versa,
True Negatives (TN) are defined as process combinations which are correct and
also accurately classified as correct. False Positives (FP) are defined as correct
process combinations which are falsely classified by the applied anomaly detec-
tion model as incorrect combinations and False Negatives (FN) are defined as
incorrect combinations falsely classified as correct. Using these definitions, the
evaluation criterions FPR and TPR are computed as follows:

TPR =
Number of TP

Number of FN +Number of TP
(5.1)

FPR =
Number of FP

Number of FP +Number of TN
(5.2)

TPR is in the body of literature often also called sensitivity or recall. It should be
noted that the relation between FPR and TPR is not linearly and may not follow
a specific trend. However, if the TPR is increased by a selected parametrization,
the FPR does not decrease and instead may either stay stable or also increases.
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Vice versa, a decrease of the TPR either results in a decrease of FPR or the FPR
stays unchanged.

This classification into FP or TP combinations is conducted using equation (4.30)
from the anomaly detection model. If the energy evaluation exceeds the criti-
cal energy value Hcrit, the combinations are denoted as anomalous (and thus
incorrect) combination. The critical energy value Hcrit is hereby set so that the
selected TPR of 90% is realized and the resulting FPR is computed. As discussed
before, there might be more favorable combinations of TPR and FPR from a
domain perspective but in order to compare the parametrization, the TPR is fixed.

The resulting FPR are computed for 30 Monte Carlo cross-validations. 90% of
combinations from the data set described in Table 5.2 are used for the training
procedure and the remaining 10% as well as the 30 incorrect combinations are
used for the evaluation of the model. In addition, the biased correction value
as specified in equation (4.9) is used in the evaluation by Spoor and Weber
(2024). The biased correction value is used since Spoor and Weber (2024)
state that diagonal entries in the connection matrices M of the combinations are
more common, which means that processes are combined more commonly with
processes from their own process group. Thus, the biased correction value might
improve the results by accounting for this imbalance in the data set. The resulting
FPR for each tested parametrization is listed in Table 5.3. The lower the FPR,
the less combinations are falsely classified and therefore it is supposed that the
anomaly detection model is better.

First, from Table 5.3 results that the parametrization is rather stable. Small
changes in the applied parameters do not distort the resulting anomaly detection
in a significant manner. This is a benefit of the modified Hopfield neural networks
since they enable a rather easy and fast parametrization and since users of the
anomaly detection model do not need to extensively adjust all parameters. Only
in case of higher values for training rate, decay, and reduction of training rate, the
model loses in performance regarding FPR.

Second, the error of the 30 Monte Carlo cross-validations is rather small and thus,
the order of the training data as well as the split between training and test data
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Table 5.3: Effect of parametrization evaluated by the FPR using a given 90.0% TPR.

α γ
β

0 0.1 0.25 0.5

0.01

0 (1.7± 0.4)% (1.6± 0.5)% (1.4± 0.4)% (1.5± 0.4)%

0.02 (1.6± 0.5)% (1.5± 0.5)% (1.6± 0.4)% (1.4± 0.4)%

0.04 (1.8± 0.6)% (1.6± 0.7)% (1.5± 0.5)% (1.3± 0.5)%

0.1 (1.7± 0.6)% (1.6± 0.5)% (1.8± 0.8)% (1.7± 0.8)%

0.05

0 (1.3± 0.5)% (1.4± 0.5)% (1.5± 0.5)% (1.4± 0.4)%

0.02 (1.5± 0.5)% (1.7± 0.6)% (1.8± 0.6)% (1.4± 0.5)%

0.04 (1.6± 0.6)% (1.5± 0.5)% (1.4± 0.6)% (1.6± 0.6)%

0.1 (1.9± 1.0)% (1.8± 1.1)% (1.8± 1.0)% (1.5± 0.7)%

0.1

0 (1.4± 0.5)% (1.5± 0.6)% (1.4± 0.5)% (1.5± 0.6)%

0.02 (1.8± 0.8)% (1.7± 0.7)% (1.4± 0.6)% (1.6± 0.6)%

0.04 (1.8± 0.7)% (1.6± 0.8)% (1.7± 0.8)% (1.4± 0.5)%

0.1 (2.1± 1.1)% (2.0± 1.1)% (1.9± 1.1)% (1.6± 0.7)%

0.25

0 (2.7± 1.5)% (1.8± 1.3)% (1.9± 0.8)% (1.9± 1.0)%

0.02 (2.0± 1.0)% (2.1± 1.2)% (2.1± 1.1)% (1.7± 0.9)%

0.04 (2.4± 1.3)% (2.0± 1.0)% (1.9± 0.9)% (1.6± 0.7)%

0.1 (2.9± 1.5)% (2.6± 1.7)% (2.6± 1.9)% (2.1± 0.9)%

*Results by Spoor and Weber (2024)

also does not strongly distort the analysis. Thus, the model can be safely applied,
and the selection of training data is capable of representing the complexity of the
process combination task.

Third, the grid search enables the parametrization of the model. While the grid
search might not have found the global optimum of the parameter optimization,
the small occurring changes of FPR when changing the parameters indicate that
any further improvement of the global optimum might be rather low. In addition,
it is assumed that the standard deviation of the cross evaluations is larger than
the possible improvement of FPR in the optimum. Thus, the parameters can
be quite freely selected in the range of 0.01 ≤ α ≤ 0.1, 0 ≤ β ≤ 0.5, and
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0 ≤ γ ≤ 0.04 since no significant changes of the FPR are computed for this range
of parametrization. It should be noted that changing the parametrization within
this range might affect the resulting equilibrium and stimulated energy level but
will still enable in all cases a selection of useful critical energy valueHcrit which
separates incorrect and correct process combinations efficiently.

Since the effects of the reduced training rate β and decay γ are not significant,
Spoor and Weber (2024) propose to simplify the training procedure by setting
β = 0 and γ = 0 and selecting a positive training rate α ≤ 0.1. Thus, the
iterative adjustments of weights in the training procedure simplifies to equation
(4.16). However, other data sets or use cases might benefit from these parameters
and it should in each case evaluated in advance if the iterative weight updates are
simplified.

Next, Spoor and Weber (2024) apply a training rate α = 0.05 and test the effect
of different splits of the training size during the evaluation. Thus, different splits
between the training data size and test data size are evaluated using 30 Monte
Carlo cross-validations. As prior, an TPR of 90% is selected and the results
are tested whether they minimize the FPR. The biased correction value is again
applied in this evaluation. The results are given in Table 5.4.

Table 5.4: Effect of different training sizes evaluated by the FPR using a given 90.0% TPR.

Training size to data set size ratio

50 % 60 % 70 % 80 % 90 %

T 4337 5205 6072 6940 7807

FPR (1.5± 0.5)% (1.6± 0.4)% (1.6± 0.5)% (1.5± 0.5)% (1.3± 0.5)%

*Results by Spoor and Weber (2024)

As visible in Table 5.4, the training size does not affect the results of the anomaly
detection in a significant manner. Since all tested training data sizes do not
significantly differ in their results, it is assumed that the performance is rather
independent regarding this parametrization. Furthermore, it is possible to conduct
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a useful anomaly detection using only 4337 combinations as training data and
therefore, the iterative trainingwill begin to stabilize prior to reaching this number.
Thus, the number of currently used combinations in this evaluation is sufficient
for conducting the analysis. Based on this result, Spoor and Weber (2024) select
a training size of 90%.

The last relevant parametrization is the selection of the correction value. In the
prior analysis, the biased correction value of in equation (4.9) is applied. Using
a training rate α = 0.05 with a simplified weight update as per equation (4.16),
a training size of 90%, and 30 Monte Carlo cross-validations, the resulting FPR
is given in Table 5.4 as (1.3 ± 0.5)% for the biased correction value. If the
regular correction value as per equation (4.7) is applied, the FPR is computed
as (1.9 ± 0.6)%. Thus, Spoor and Weber (2024) conclude that the usage of the
biased correction value increases the performance of an anomaly detection in
this use case. It is assumed that the imbalance of common process combinations
with other processes from the same group is adequately addressed by the biased
correction value.

It should be noted that nonlinear effects between all analyzed parameters might
exist, and thus, the parameters might be further optimizable by an analysis of
the effect between different training sizes, weight update parameters, and bias
or unbiased correction values. However, since the FPR is already rather low
and the effects of the parametrization are also low, Spoor and Weber (2024)
assume no significant effect of a different parametrization. Also, more advanced
methods of the parameter optimization such as pattern search could potentially
be applied but are assumed to not significantly change the outcome. While
the parameters might be further optimizable, the overall anomaly detection is
assumed to be rather stable and significant effects are not assumed, which enables
a set-up of an anomaly detection model without an extensive hyperparameter
optimization procedure. However, other use cases might benefit from a more
in-depth parametrization. The final applied parameters as selected by Spoor and
Weber (2024) are summarized in Table 5.5 and the described anomaly detection
model uses this parametrization as well as the biased correction value.
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Table 5.5: Applied parameters for the training procedure.

Parameter Symbol Value
Training data size T 7,807
Training rate α 0.05
Reduced training rate β 0.0
Decay γ 0.0

Using the selected parametrization, the iterative training procedure can be visu-
alized by plotting the progression of the equilibrium energy during training as
well as the stimulated energy, which can be averaged over the last 100 iterations.
Using the moving average, the corresponding 3-standard derivation indicates how
much the applied combinations during training differ in their stimulated energy
level. Thus, the training procedure can be analyzed as exemplarily demonstrated
in Figure 4.9. If the training procedure results in a stable energy level of the aver-
aged stimulated energy and a small standard deviation, the training successfully
converges towards a final weight matrix and the anomaly detection model can be
applied. The resulting progression of the energy level is given in Figure 5.1.

First, it can be seen in Figure 5.1 that the training procedure stabilizes after
around 1000 processed training data during the weight updates. Thus, the amount
of training data is sufficient to conduct the analysis and additional training data
are not necessary in the case that they correctly represent the underlying use case
in its full complexity. This is also shown during the parameter optimization of
the training data size where the smaller training sizes do not result in significantly
different FPR. Second, the moving average does not fluctuate too much and the 3-
standard derivation area is also quite narrow. This indicates that the used process
combinations do all share a similar combination logic and no set-up of different
classes is necessary in the analysis. The upper edge of the 3-standard derivation
area can also indicate a first useful critical energy value Hcrit for the resulting
anomaly detection.
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Figure 5.1: Training procedure using the moving average of the stimulated energy over 100 iterations,
its 3-standard derivation area, and the equilibrium energy.

In conclusion, the training procedure successfully results in a weight matrix W

and a biased correction value θbiased. These can then be used to evaluate the
energy level of new combinations and conduct the following anomaly detection
as in equation (4.30).

5.1.1.3 Anomaly Detection Results

The anomaly detection conducted here utilized the same parametrization and
evaluation procedure as Spoor and Weber (2024) but the weight matrix and the
corresponding anomaly detection is re-computed. Thus, the results slightly differ
but the following analysis shows that in both analyses the results are within the
same order of magnitude and both are showing results which are significant.

First, the correction value is analyzed and interpreted. The biased correction
value is computed using the final weight matrix after the training procedure as
θbiased = −0.79. A negative correction value indicates that combinations be-
tween multiple different process groups are uncommon, vice versa a positive
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correction value would indicate that combinations between many different pro-
cess groups are very common. Since this computed value is close to −1, most
process combinations are only between a limited number of process groups and
most entriesmij of the connection matrix are negative. This holds true and most
combinations in the analyzed data set have only between one and five process
groups applied. Since most weights of the weight matrix are negative, combina-
tions with a large number of connections are more penalized during the energy
measurement, which the correction value slightly compensates to create a better
comparability between combinations with more and less applied process groups.
However, combinations with a large number of connections will still be penal-
ized in a manner which increases the stimulated energy of this combinations and
therefore makes them less likely when evaluated using the anomaly detection
model. Despite the penalization, it is still possible that process combinations
with many different process groups achieve low energy levels in the case that the
corresponding individual process combinations mostly occur between two process
groups with a positive weight matrix entrywij and thus precisely between process
groups which are more commonly combined together. Vice versa, if multiple rare
process group combinations are within a combination, the stimulated energy will
be higher and are more likely classified as anomalous.

Next, the performance of the anomaly detection model using modified Hopfield
neural networks is analyzed. This is realized by evaluating the energy level
of the 867 process combinations, equal to around 10% of the total number of
process combinations in the analyzed data set, which are not used during the
training procedure. These 867 process combinations should all be classified as
correct combinations by the anomaly detection model and thus, should yield
a low stimulated energy value. In addition, the 30 incorrect combinations by
Spoor andWeber (2024) which were created by domain experts are also evaluated
and should be classified by the anomaly detection model as anomalous. These
incorrect combinations should yield higher stimulated energy levels compared
to the correct combinations. In addition, 867 random process combinations are
evaluated. These random process combinations are created by adding a number
between two or five different process groups to a combination. If a process
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group is added twice, a combination between a process group and itself applies.
These random process combinations should yield in average a higher stimulated
energy level compared to the correct combinations. However, it is possible that
the random combinations simply create a valid process group combination by
change and thus, these combinations might be classified as correct and yield a low
stimulated energy level.

The correct, random, and incorrect combinations are all evaluated by applying
the weight matrix, which resulted from the training procedure using only correct
process combinations, and the computed correction value during the energy mea-
surement. The resulting energy levels of each process combination computed
using equation (4.6) are displayed as a violin plot in Figure 5.2 which utilizes
a kernel density estimation to compute a distribution of the energy levels. The
highest and lowest values as well as the median are highlighted in Figure 5.2 in
addition to the estimated distribution by the violin plot.

Figure 5.2: Distribution of the energy level of correct, random, and incorrect process combinations
displayed as violin plot.
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As visible in Figure 5.2, the correct process combinations yield lower stimulated
energy levels compared to the random and incorrect process combinations. In
particular, the estimated distributions of the violin plots of incorrect and correct
process combinations differ significantly so that both distributions only slightly
overlap at the corresponding edges. Thus, it can be assumed that a useful critical
energy level Hcrit can be defined to differentiate incorrect and correct process
combinations efficiently. The distribution of the stimulated energy of random
process combination is also visibly above the distribution of correct process
combinations and its median is closer to the incorrect combinations. However,
the distributions of the random and correct process combinations overlap and
thus, a critical energy level Hcrit will not achieve a comparable good separation
as between incorrect and correct processes. As earlier discussed, this is the result
as random combinations might be correct or at least inconspicuous by change. In
addition, by limiting the number of processes within a combination to a maximum
of five, unlikely combinations between a multitude of different process groups,
which are rarely combined together, are not within the set of random process
combinations.

The average stimulated energy level of the correct combinations is computed
as Hcorrect = −59.9 ± 2.2 and does differ over 3σ from the average of the
incorrect combinations which is computed as Hincorrect = −52.5 ± 2.6. Both
distributions overlap at around 1.5σ of their corresponding standard deviation.
This also indicates that the incorrect and correct combinations differ significantly
regarding their stimulated energy level. The average stimulated energy level
of the correct combination differs from the average energy level of the random
combinations computed as Hrandom = −54.3 ± 2.8 only by over 2σ and their
distributions overlap at around 1.1σ of their respective standard deviation. The
comparison of the average energy levels confirms the visual interpretation of the
violin plot in Figure 5.2.

Since the distributions of the correct and incorrect process combinations differs
significantly, it is possible to define a critical energy level which should be capable
of separating correct and incorrect process combinations efficiently. As already
computed during the parametrization prior to the training procedure, it is possible
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to select Hcrit = −55.4 in order to receive a TPR of 90.0% and a corresponding
FPR of 1.3% (cf. Table 5.4).

If a higher TPR is preferred, it is possible to select a critical energy value of
Hcrit = −56.4 to achieve a TPR of 96.7% and a corresponding FPR of 1.5%,
which is only slightly increased compared to the FPR applied earlier. Depending
on the objective of the analysis, whether FP or FN are seen as more severe and
should be avoided, the critical energy level can be set accordingly. Independent of
the applied critical energy, both resulting TPR and FPR indicate that the modified
Hopfield neural network is an efficient anomaly detection model for identifying
incorrect process combinations as part of an AI support system for production
planning.

In addition, the anomaly detection model of modified Hopfield neural networks is
benchmarked with a one-class SVM (Schölkopf et al. 2001), an Isolation Forest
(Liu et al. 2008) implemented by sklearn (Pedregosa et al. 2011), and an Autoen-
coder implemented by Zhao et al. (2019) as commonly applied state-of-the-art AI
models for anomaly detection. These AI model can be utilized for the benchmark-
ing since they enable an anomaly detection using data sets without prior labeled
classifications and can be trained for use cases with little or no contamination of
anomalies within the training data set. As necessary pre-processing, the applied
12 × 12 connection matrices M must be converted into Boolean vectors which
describe all 78 individual process group combinations. This might limit these
models since only Boolean values are used during training. However, it is possi-
ble to train all models using the same training data set as used for the modified
Hopfield neural network.

The Autoencoder by Zhao et al. (2019) is parametrized using four layers with a
number of 64, 32, 32, and 64 neurons of the corresponding layer. The hidden layers
use a ReLU activation, output layers use a sigmoid activation. The Autoencoder
uses 100 epochs and a batch size of 32. In addition, a contamination rate of 1%

is assumed. Other parameters are set according to the proposes default values by
Zhao et al. (2019). The one-class SVM uses an RBF kernel, a gamma of 1

78σ2 ,
and for the other parameters the default setting by sklearn. In case of the Isolation
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Forest, the contamination is automatically computed as proposed in the model and
the other parameters are also set as per default by sklearn. The parametrization for
all models was prior to the analysis tested, evaluated, and roughly optimized using
a grid search. The results using this described parametrization show the best and
most stable performance from all tested models with different parameters.

The benchmarking using a receiver operating characteristic (ROC) curve is given
in Figure 5.3 showing the individual curves for the modified Hopfield neural
network, the one-class SVM, the Isolation Forest, and the applied Autoencoder.
The highlighted diagonal line shows the performance as if the classification of a
process combination as an anomaly had been made at random.

Figure 5.3: Benchmarking of Hopfield nets, one-class SVMs, Isolation Forests, and Autoencoders by
a ROC curve for an anomaly detection task.

Figure 5.3 shows that the applied modified Hopfield neural network performs
the best compared to the other models. However, the Autoencoder shows an
overall comparable performance but yields a slightly lower TPR for an applied
FPR between 1% and 5%. Thus, the modified Hopfield neural network performs
best in particular in the most relevant region of the ROC curve of this use case.
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The performance of the one-class SVM and Isolation Forest is also significantly
exceeded by themodifiedHopfield neural network. One reason for the comparably
bad performance by the one-class SVM and the Isolation Forest might be the use
of the Boolean vector containing the combinations and the fact that no anomalous
combinations are provided within the training data. However, overcoming these
limitations is of particular importance in the use case of production planning
and this shows that the described modified Hopfield neural network improves the
current state-of-the-art for these specific use cases.

While the Autoencoder performs only slightly worse, these types of models are
often described as "black box" approaches and are unfortunately only difficult
to interpret for domain experts using them. Thus, a modified Hopfield neural
network provides domain experts with an explainability which an Autoencoder
cannot provide, which is another benefit setting the proposed AI model apart from
the state-of-the-art models. The explainability as well as the recommendation
procedure is described in detail in the following section and further highlights the
benefits of modified Hopfield neural networks.

5.1.1.4 Recommendations and Explainability of Results

As discussed priorly, the anomaly detection model of a modified Hopfield neural
network benefits from a high explainability and derived recommendation based
on the interpretation of the weight matrix. First, it is possible to analyze the
weight matrix and conclude based on the weight entries wij what process group
combinations in particular result in high (or low) stimulated energy levels. Thus,
the weight matrix can be used to evaluate individual stimulated energy measure-
ments. The weight matrix M which resulted from the training procedure of this
analysis is visualized as heatmap plot in Figure 5.4.

By using the equations (4.31) and (4.32), it is possible to compute the impact
of any combination within a process combination set C. The positive values
close to +1 in the weight matrix (highlighted in reddish colors in the heatmap
of Figure 5.4) indicate very likely and correct process combinations while the
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Figure 5.4: Resulting weight matrix after the training procedure visualized as a heatmap plot.

negative weight values close to −1 (highlighted in bluish colors) indicate very
unlikely combination which result in higher stimulated energy levels. If multi-
ple combinations between negative weight values are within a combination, this
combination is most likely anomalous and classified as incorrect by the anomaly
detection model.

Using this approach, Figure 5.4 shows that in particular combinations of process
groups with themselves, e.g., process group 1, 2, 3, 4, and 12, are very likely
and will result in lower stimulated energy levels. Combinations between process
groups 2 and 3 are also very likely. Some process groups are very uncommon and
indicate rarely used processes, e.g., group 6 and 7, and thus, these process groups
are most likely paired only with themselves. In particular group 7 is in most cases
only paired with itself and sometimes with process group 9. On the other hand,
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the very high values of the combination of group 2 and group 12 with themselves
indicated that these process groups mostly have to be paired with themselves
and combinations with only one process from these groups will receive higher
stimulated energy levels and thus, will be evaluated as more anomalous. Since
the values are overall more often low than high, the correction value is negative
(as priorly calculated) and combination sets with less different process groups are
more common than sets with multiple different groups.

In summary, the weight matrix can be applied for each individual analyzed process
combination C and the impact of a combination within the set (or not within the
set) can be computed. Thus, the energy level of any set can be manually computed
easily and the reasons for a high or low stimulated energy evaluation can be directly
derived from this computation.

In addition, the described approach for a recommendation procedure can be
utilized for the analyzed 30 incorrect process combinations to create correct
process combinations. For any process combination set C, each possibility of
either removing or adding a process group is tested in each iteration. The new
resulting set C∗ with either one additional process group or one removed process
group is selected which reduced the energy level the most as per equation (4.33).
Then, the next iteration tests again the removing or adding of another process
group. The energy level of the analyzed combination set C is reduced till a
combinationwith a stimulated energy level lower than the critical energy threshold
Hcrit is reached. Using this approach, all 30 process combinations are evaluated
and the resulting stimulated energy level changes per iterative step are visualized
in Figure 5.5 for three exemplary incorrect combinations and the mean energy of
all 30 processes using a critical energy level of Hcrit = −55.4 as applied in the
prior analysis to achieve a TPR of 90%.

Figure 5.5 shows that after only a few iterative adjustments, most process combi-
nations are below the applied critical energy level Hcrit and thus, are no longer
classified as anomalies. Most incorrect combinations can be corrected by a single
adjustment which is consistent with the assessment of the domain experts who
created these incorrect process combinations especially for the testing procedure.
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Figure 5.5: Energy levels after multiple iterations of recommendation with single activations or
deactivations of processes per iterative step.

However, the specific adjustments depend on the underlying process combination
and thus, highly differ regarding added or removed process groups and changes
of energy level. In addition, the lowest possible energy level after all adjustments
differs between the three exemplary process combinations. Thus, the resulting
recommendations differ for each analyzed process combination C since only one
process group is changed per iterative step and the final recommendations are
not necessarily global minima of the stimulated energy level but local minima
depending on the starting configuration.

The individual adjustments per iterative step of Figure 5.5 of the corresponding
process combination set C for the three exemplary incorrect combinations are
listed in more detail in Table 5.6. The critical energy level of Hcrit = −55.4 is
used as threshold whether the combinations are classified as correct or incorrect.

Since the correction value θ is negative, process combinations C with many active
connections between process groups will most likely result in recommendations to
reduce the number of process groups within a combination. Thus, the stimulated
energy level of most process combinations will be optimized by decreasing the
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Table 5.6: Recommended process group adjustments per iterative step.

Process Combinations
Iteration ID 1 ID 24 ID 27

0 6, 7, 10, 11, 12* 1, 3, 12* 6, 8, 10*
1 6, 10, 11, 12* 1, 3, 12, 12 8, 10
2 10, 11, 12* 1, 1, 3, 12, 12 10
3 10, 11, 12, 12 1, 1, 12, 12 1, 10
4 11, 12, 12 1, 1, 12, 12 1, 1, 10
5 12, 12 1, 1, 12, 12 1, 1, 10
... 12, 12 1, 1, 12, 12 1, 1, 10
*The energy of the combination is above the critical value.

number of individual active connectionsmij sincemostweightswij as highlighted
in Figure 5.4 are also negative. Exceptions might occur in cases of the loop
connections, e.g., of process group 2 and 12, where adding another process might
result in lower stimulated energy levels if the number of other process groups
included in the analyzed process combination is already small. This results from
loop connections yielding high weight values wii for most process groups. Thus,
in most iterative recommendation steps listed in Table 5.6, process groups are
removed from the combination sets C. Exceptions occur in Table 5.6 in cases
where an additional loop connection is created since these connections yield high
weight values wii for most process groups.

The exemplary incorrect process combination ID 1 yields at the beginning of the
analysis a notably high stimulated energy level. The process combination set
C1 contains the process groups 6, 7, 10, 11, and 12. By analyzing the weight
matrix visualized in Figure 5.4, it is directly visible that in particular the inclusion
of process group 6 and 7 affect the stimulated energy level since both process
groups are very uncommonly combined with other process groups. Thus, the first
two steps of the recommendation are the exclusion of these two process groups
which is also reasoned by the direct analysis of the weight matrix. Next, the
process group 12 is in most cases combined with itself and thus, the next iterative
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adjustment is the addition of another process from process group 12 creating a
loop in the underlying network. Since the weight matrix entry w12,12 is close to
+1, this combination highly affects the energy measurement. Hence, the adjusted
process combination yields a stimulated energy level below the critical energy
level Hcrit and the resulting process combination set is classified as correct.

The process combinations ID 24 and 27 follow a similar rationale. In case of
process combination ID 24, the adding of process group 12 creates a loop and thus,
the weight entryw12,12 improves the energy assessment so that the recommended
process combination is classified as correct. In case of process combination ID
27, the removal of process group 6 reduces the stimulated energy level so that the
recommended combination is also classified as correct.

In all three cases it is possible to further adjust the energy level even after the
reaching the critical energy level. As seen in Figure 5.5, the resulting optimal
combinations based on the initial starting combination differ and thus, the resulting
energy levels also differ.

5.1.1.5 Analysis of an Exemplary Process Combination

Spoor and Weber (2024) demonstrate the capabilities of the modified Hopfield
neural networks in a practical example of one correct process combination, which
is currently used in an automotive manufacturing plant. Spoor and Weber (2024)
select as an example a more unique process combination in order to show the
resulting energy evaluation. This process combination is within the production
line FS711 and applied in the assembly process for mounting side panels. The
process combination analyzed by Spoor and Weber (2024) is within the first
manufacturing cell of the production line FS71 through which the assembled
body frame of a car passes. The manufacturing line FS71 is selected due to its
more unique layout and since it encompasses different applications as well as
special welding, riveting, gluing processes, and multiple tool exchanges. This

1 FS71 is the internal identifier of the production line by the Mercedes-Benz AG.
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specific manufacturing line is therefore often used as internal benchmark and
testing ground of new ideas and concepts of Mercedes-Benz AG’s Digital Factory
research because of its higher complexity and differing processes. Figure 5.6
shows the positioning of the manufacturing line FS71 within the whole car side
panel assembly plant. FS71 is colored in red.

Figure 5.6: Layout of a side panel assembly plant. FS71 is located in the lower right of the map. The
position of the exemplary process is marked in red (Spoor and Weber 2024).

To further analyze the process combination, the corresponding manufacturing is
visualized using a digital plant layout in Figure 5.7. In particular, the manufactur-
ing cell includes four robots, which are named 020RB 100 up to 020RB 400, and
a conveyor belt, which is named Station 020. The four robots and the conveyor
belt are the resources of this first manufacturing cell of the production line FS71.

The analyzed process combination running in the manufacturing line FS71 within
this first manufacturing cell is visualized using a process chart in Figure 5.8. As
introduced by Spoor and Weber (2024), the process begins with a delivery via the
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Figure 5.7: Layout of the first cell of the manufacturing line FS71. The resources are marked in green.
Robots and conveyor belt are named with arrows (Spoor and Weber 2024).

conveyor belt of a corresponding car body. Next, the process chart encompasses a
self-pierce riveting process, which in addition includes a gluing application by all
robots. While the riveting process conducted by robots 020RB 100 and 020RB
200 is still ongoing, the robots 020RB 300 and 020RB 400 already finish this
riveting process. Thus, these two resources come to a prior halt in order to start
a tool exchange, which is described by planning experts as a more complex and
non-standard tool exchange when compared to other processes. The tool exchange
is conducted in order to enable a subsequent process. After this tool exchange
is completed, 020RB 300 and 020RB 400 have a waiting time until 020RB 100
and 020RB 200 terminate the before described self-pierce riveting process. The
process ends with another waiting time.

The discussed process combination includes four different process groups as set-
up by domain experts. The corresponding process codes are named M21, R64,
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Figure 5.8: Analyzed process chart with 020RB 100 marked in blue, 020RB 200 marked in green,
020RB 300 marked in violet, and 020RB 400 marked in orange (Spoor and Weber 2024).

M77, and R23. Process M21 is included in the combination once and comprises
a delivery of a car body using the conveyor belt. Process M21 is part of process
group 11, which encompasses the applications without the use of robots but
with handling of ramping and clamping procedures. Next, process R64 is the
conducted self-pierce riveting and is included within the process combination
eight times. This process is part of process group 3. Group 3 encompasses
so-called technical robot main processes, which are mainly welding applications.
The process M77 is the conducted waiting times and included six times. M77 is
part of group 8 which includes preprocessing tasks, in particular all preprocessing
without any actions by robots or a handling of components. Lastly, process R23
is the discussed special tool exchange of the robots 020RB 300 and 020RB 400.
This particular interesting process R23 is included twice. R23 belongs to group
2. Group 2 includes the processes which are running on robots but do not include
a processing of the corresponding component.

For a further analysis, the process combination is set-up in a manner which allows
an analysis using the described methodology. Since it is only important if a
process is included once, twice or more, or is not included, the resulting process
combination is written as C = {2, 2, 3, 3, 8, 8, 11}. This process combination
could also be visualized by a network graph similar to the example in Figure
4.5. In a network visualization, the edges (2, 3), (2, 8), (2, 11), (3, 8), (3, 11),
and (8, 11) would be included as well as the loops (2, 2), (3, 3), and (8, 8).
For the processing of this network, a connection matrix M can be created. This
connection matrix yields positive values of +1 for the entriesm2,3,m2,8,m2,11,
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m3,8,m3,11,m8,11,m2,2,m3,3, andm8,8 as well as the symmetrical counterpart
entries of the matrix. All other entries yield the negative value −1.

This connection matrixM is applied to the from the training procedure resulting
weight matrixW in Figure 5.4 and the corresponding computed biased correction
value is used in order to measure the stimulated energy level as per equation (4.6).
The resulting stimulated energy is given as H(C) = −58.8. This stimulated
energy is lower than the prior used critical energy values of Hcrit = −55.4

and Hcrit = −56.4 and thus, the applied process combination would be truly
classified as correct and is a true negative evaluation. However, the stimulated
energy level is slightly above the mean energy level of the correct processes
during the training of Hcorrect = −59.9 ± 2.2 and also in a higher segment of
the distribution of the violin plot of Figure 5.2. Since the FS71 is a more unique
production line, a slightly higher stimulated energy compared to the mean value
of correct combinations is even expected. Thus, the stimulated energy level also
provides a rough estimation of the complexity or rarity of a process combination.

Using the weight matrix W in Figure 5.4, the reasons for the energy evaluation
can be discussed inmore detail. This evaluation can be quantified by the computed
impact of equation (4.31), (4.32), and (4.33) but also roughly estimated by a visual
analysis of the weight matrix. First, the inclusion of the combinations network
edges (2, 2), (2, 3), and (3, 3) are lowering the energy level since the weight matrix
has positive entries for the weights w2,2, w2,3, w3,3. However, the inclusion of
the process combinations (2, 11) and (3, 11) are very rare as indicated by the
negative weight matrix entries w2,11 and w3,11. Thus, these sub-combinations
of the analyzed process combination are increasing the energy level. In a similar
manner, the combinations (2, 8), (3, 8), and (8, 11) are also increasing the energy
level. In addition, the loop of (8, 8) is rare and yields a negative weight entry
w8,8. Thus, the energy level could be further reduced by, e.g., removing the one
process M21of process group 11 or all eight instances of process M77 of process
group 8 from the combination set C.

However, not only the included combinations are affecting the energy levels but
also combinations not included. Since most other combinations, e.g., (2, 12) or
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(4, 10), are inactive and are not included in the set C, the corresponding mostly
negative weight entries are reducing the energy level. Vice versa, since the loop
connection (1,1), (4,4), and (12,12) which all yield positive weight entries are not
within the combination set C, these not included combinations will increase the
stimulated energy level. However, the effect of this loop combinations is reduced
since, e.g., the inclusion of loop (12,12) might at first glance decrease the energy
level but would also result, among other new edges, in the active edge (2,12)
which in turn increases the energy level. Thus, the summation of equation (4.33)
is important to analyze the full impact of excluding or including an edge.

To summarize, the rarer aspects of this analyzed process combination result in an
increase of the stimulated energy but the overall assessment indicates correctly a
true negative process combination. The weight matrix can be used to interpret the
results in more detail and the equations (4.31), (4.32), and (4.33) can in addition
quantify this analysis.

5.1.1.6 Embedding into the Digital Factory

Lastly it is important to analyze how this use case relates to the introducedmethod-
ology. Thus, the use case is discussed analogously to the described objectives,
design, and embedding of the methodology introduced here.

First, the overall objectives of this use case are the detection of incorrect process
combination and the recommendation of adjustments in a transparent and inter-
pretable manner so that the planning experts can manually steer the analysis. The
anomaly detection corresponds to objective (1a) and the recommendation corre-
sponds to objective (1c) as listed in Figure 4.2. Since this recommendation process
should also enable manual adjustments and evaluations by domain experts, the
objective (1b) in Figure 4.2 is covered by the potential detailed analysis of the
weight matrix by planning experts which are adjusting a process combination or
reconstructing the recommendation. Since the task is an anomaly detection of
incorrect process combination, the classification tasks of objective (2a) and (2b)
are not covered by this use case.
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In more detail, the use case is an implementation of inference procedure step
(1), (2), (3), (4), and (5) of the support system design in Figure 4.3. The step
(3) classification of the inference procedure is not included since the use case
focuses on the anomaly detection of incorrect process combinations, as discussed
for the objectives. The process groups are developed using an existing ontology
of the Mercedes-Benz AG and the connection matrices are set-up by an analogous
procedure as in Figure 4.4.

Regarding the core functionalities of the support system in Figure 4.3, the used
ontology is the first functionality (A) of the support system. The computed weight
matrix corresponds to the functionality of the (B) normal model since the weight
matrix encompasses a quantification of the normally applied process combina-
tions. This is the result of the training using only correct process combinations.
The (D) similarity metric is the application of the stimulated energy evaluation
as in equation (4.6) since this is a direct measure of the correctness based on the
weight matrix. The (E) decision logic is the selection, evaluation, and application
of the critical energy level to separate correct and incorrect process combination.
Lastly, the (F) case database is the recommendation phase based on the known
processes as applied in the weight matrix. The core functionality (C) is more
relevant for classification tasks and thus not included. The functionality (F) is
also more detailed in classification tasks since this allows the model to compare
specific configurations and not only abstractions using a weight matrix.

In addition to the analysis of correct and incorrect process combinations, Spoor
and Weber (2024) also provide a recommendation on how the process planning
evaluation can be embedded into the production planning as a business process.
This proposal is given in Figure 5.9.

First step of the process planning evaluation in Figure 5.9 by Spoor and Weber
(2024) is the training of the modified Hopfield neural network using the former
correct processes as input data. This corresponds to step (4) of the procedure
for an anomaly detection in Figure 4.6. The data preprocessing of step (1) to
(3) in 4.6 relates to the visualized input data in Figure 5.9 which are used in the
training procedure. Step (5) in Figure 4.6 corresponds to the testing procedure
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Figure 5.9: Proposal for an embedding of the process planning use case into the business processes
of production planning by Spoor and Weber (2024).

in second step of Figure 5.9. This testing uses as inputs the trained model, i.e.,
the weight matrix, and the applied process combination which is developed by
planning experts and is also transformed into a connection matrix. The third step
of the recommendation phase exceeds a pure anomaly detection and is therefore
not covered by Figure 4.6. The recommendation phase is only applied if a process
combination is anomalous and exceeds the critical energy level. In this case, the
recommendations are provided and the planning expert is capable of adjusting
the process combination supported by the quantified impact of equations (4.31),
(4.32), and (4.33) and the provided recommended process.

Overall, this highlights that the presented use case by Spoor and Weber (2024)
can be implemented according to the methodology introduced here. While the
use case of Spoor and Weber (2024) is a proof-of-concept, the accordance of the
use case and the methodology of this doctoral thesis proves that an embedding
into the tool and software landscape can be analogously achieved as described in
the methodology section.
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5.1.2 Simulation of Machinery Sequencing with
Synthetic Data

The second use case addresses the field of simulation of machinery sequences in
manufacturing. In particular, the task of generating highly realistic synthetic data
for new sequences based on real-world data is analyzed and a new methodology
based on the introduced modified Hopfield Neural Network is proposed. This
methodology is introduced by Spoor et al. (2024) and capable of improving
simulations by increasing the quantity of test data while also maintaining a high
quality and degree of realism in the synthetic data set. A former approach for
data generation by Matthes et al. (2023) is enhanced by implementing firstly, a
filtering of the generated synthetic data using the anomaly detection capabilities
of modified Hopfield Neural Network and secondly, a validation and comparison
of the synthetic data based on the energy distribution of the stimulated energy of
the synthetic data set. This following section is based on the work by Spoor et al.
(2024) and adds additional context and details to the analysis.

5.1.2.1 Use Cases Description

The operations and maintenance of modern production systems require the ability
to run simulations since they are cost-efficient, yield low execution times, can
provide insightful results, and do not add additional risks to the operation of
the system, compared to testing procedures using the real manufacturing system
(Mourtzis 2020). Simulations became therefore an integral part of the planning,
commissioning, operation, and modernization of production systems. However,
simulations require a large amount of real-world data records as input in order to
generate realistic results. The data amount becomes in particular important for
the development of data-driven methods in manufacturing such as methods from
the field of AI and ML.

As already discussed in section 4.1, the amount of available data today has signif-
icantly increased but a distributed data ownership or prohibitive data collection
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result in a limited capability to run simulations using a large amount of data.
Arinez et al. (2020) and Wuennenberg et al. (2023) describe the difficulties for
researchers to obtain large amounts of data due to an operational prohibitive
wide-scale data collection and restrictions of data access and exchange due to
security concerns. While open-access libraries of data sets suitable for simulation
purposes exist, which are offering sufficiently comprehensive data sets and are
validated for correctness, these data sets are often solely available for certain use
cases and only yield a specific set of features with a specific distribution of values.
For example, using a different technology during a very similar production process
might result in different features and makes an open-access data set less suitable
for the comparison with the underlying use case a practitioner is analyzing. As a
result, practitioners in production planning can only in limited cases utilize public
open-access data sets for their analyses but must rather conduct their own data set
collection, which can be costly and time-consuming.

The generation of synthetic data however circumvents a costly and sometimes
impossible collection of a real-world data set and can additionally be tailored
to the analyzed use cases’ specific requirements, in particular to the distribu-
tion of values and utilized features. Furthermore, synthetic data sets are also
comprehensive and are not limited in the scope or amount of data (Völker et al.
2001). Synthetic data sets are also useful to tailor and improve the usability of
a collected real-world data set by two mechanisms: firstly, they can improve a
real-world data set’s quantity by generating more instances to enlarge available
data sets and secondly, they can improve the quality of the collected data by
generating more relevant cases, e.g., rare error events which are important during
simulation runs, and thus enhancing an available data set. Further benefits of the
usage of synthetic data are privacy regulations compliance, an ability to share data
across institutions which would otherwise be restricted, and a potential sped-up
of development cycles by mitigating prior time-consuming data collections. Libes
et al. (2017) summarizes the use cases of synthetic data as the training of ML
models, the verification of computer models and their mathematical equations
and solutions, the validation of simulations and how accurately a simulation can
represent real-world instances, improvement of real-world instances by knowledge
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generated with synthetic data, and the augmentation of real-world data sets, e.g.,
by replacing missing data entries within a collected data set. However, synthetic
data sets are only particularly valuable if the generated synthetic data are capa-
ble of reflecting the real-world properties of a production system accurately, e.g.,
machinery sequences in the presented use case. If a synthetic data set meets
these criteria, it can be highly valuable for the validation of production planning
approaches through sophisticated simulations.

Despite the overall usefulness of realistic generated data to enhance or enlarge
real-world data sets, the capability by a data generator to accurately reflect the
complexity of a real-world data set, and thus also the complexity of real-world pro-
duction systems, is still a challenge in the field of production planning. Production
systems yield multiple interdependencies and patterns inherent in their environ-
ments which must be accurately reflected so that a synthetic data set becomes
useful. Production data might yield a wide range of attributes and relationships
specific to the manufacturing process, i.e., machine sequences, production sched-
ules, and material requirements. Thus, commonly applied tools such as simple
data anonymization libraries cannot capture potential nuanced interdependencies
of production systems. Data generators must therefore leverage algorithms which
can replicate these complex correlations, patterns, and relation between the mul-
tiple features of a real-world production system. Thus, authors such as Fernandes
et al. (2020) and Adolphy et al. (2015) explicitly focus on the creation of realistic,
synthetic copies of real-world production data. Mannino and Abouzied (2019)
use state-of-the-art approaches from ML and statistical approaches considering
domain knowledge to generate synthetic data sets.

In order to ensure high quality results, a synthetic data set must also be validated
for its realism in a final step after the data generation procedure. This field of
research receives limited attention and very little research in the development of
synthetic data validation methods is conducted, whether a data set is an accurate
representation of the real-world instances. As with the generation itself, also
the validation of the degree of realism of synthetic data sets is difficult since
generated data sets are often large in size and thus only aggregated KPIs, which
are describing the distribution of one or multiple features, can be efficiently
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analyzed. However, a KPI describing an individual distribution or a mixture of
distributions might lack the insights into the complex interdependencies, patterns,
and correlations of production system data and thus, KPIs might be misleading
and cannot guarantee plausibility. Krockert et al. (2021) therefore state that data
generators often produce data which represent real-world data sets regarding their
KPIs defining their structure, but on the other hand may lack the necessary degree
of realism. Despite this limitation, Krockert et al. (2021) prove that machinery
sequences can be sufficiently simulated by using a data generator. On the other
hand, a detailed evaluation without an aggregation procedure might be too time-
consuming and might require additional manual input.

In a related use case of machinery sequences, Matthes et al. (2023) aim at an
evaluation of authenticity of machinery sequences in production planning using
aggregated statistical KPIs, i.e., the average length of a sequence computed via the
arithmetic mean and the relative frequency of occurring subsequences, which can
be compared to a probability distribution function. This aims at the assessment of
specific patterns within the data sets and their distribution and frequency. Other
statistical approaches utilize the Jaccard similarity (Jaccard 1901) measuring the
overlap, the Levenshtein distance measuring similarity between sequences, and
the K-gram indexing, which aims at the identification of common subsequences.
Overall, similarities measures can be used to quantify the differences of synthetic
data and real data and to create insights into differences between both. These
statistical methods are most commonly used in fields such as text processing but
can be adjusted for the here described validation purposes of machinery sequences
in production systems.

As discussed by Spoor et al. (2024) and to the author’s best knowledge, developing
validation procedures which are testing whether a synthetic data set is a suitable
representation of the underlying real-world use case, is an under-researched field
in the area of simulation theory and applications. As a solution, Spoor et al. (2024)
propose a fast and comprehensive data validation without the use of aggregated
KPIs. Spoor et al. (2024) aim for a validationmethodwhich is agnostic of the used
data generator model and can be integrated into all data generation approaches
in order to test a synthetic data set’s plausibility based on a limited amount of
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real-world data as benchmark. Additionally, Spoor et al. (2024) add a correction
procedure to detect and filter non-plausible data records. The methodology by
Spoor et al. (2024) is based on the data generation approach by Matthes et al.
(2023) and utilizes an embedding of modified Hopfield neural networks. These
are used in this methodology as the filter mechanism of non-plausible data records
and to validate different data generation approaches with each other.

5.1.2.2 Proposed Methodology of Use Case

The method by Spoor et al. (2024) is based on a data generation methodology by
Matthes et al. (2023). In this approach, Matthes et al. (2023) generate synthetic
data sets using a Bayesian network, a transformer network from the field of DL
architectures, and two statistical approaches. For the validation and comparison
of the generated data sets, Matthes et al. (2023) utilize aggregated KPIs, which are
limited by their degree of realism and granularity. As a result, the methodology by
Matthes et al. (2023) is limited by not evaluating all interdependencies, patterns,
and correlation of data records in detail and thus, a comprehensive validation
whether all machinery sequences of the synthetic data set are accurate represen-
tation of the real-world production system considering quality and quantity is not
possible. The initial methodology byMatthes et al. (2023) is given in Figure 5.10.

Figure 5.10: Schematic methodology to generate, validate, and compare synthetic data as described
by Matthes et al. (2023).
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Spoor et al. (2024) build upon this approach by adding the capabilities of mod-
ified Hopfield neural networks as proposed by Spoor and Weber (2024). The
introduction of this model can improve the methodology by Matthes et al. (2023)
in two ways: firstly, modified Hopfield neural networks can be utilized with their
anomaly detection capability in order to filter the generated data and exclude data
records which are not realistic and secondly, by using the classification capabili-
ties, the model can be utilized for the validation and comparison of multiple data
sets, i.e., the data generation methods by Matthes et al. (2023). Machinery se-
quences are suitable for an analysis with modified Hopfield neural networks since
sequential data can be modeled as directed multigraphs with loops. Compared
to the aggregated KPIs, the usage of modified Hopfield neural networks enables
an in-depth analysis of each data record. Lastly, the same real-world data set,
which is used to set-up the synthetic data sets, can also be applied for the training
procedure of the modified Hopfield neural network. A further advantage of mod-
ified Hopfield neural networks to other outlier and anomaly detection model in
this use case is that the synthetic data generators as well as the modified Hopfield
neural networks only require correct data as input. Thus, no additional labeled
incorrect data records or outliers must be created to train the model. The proposed
methodology by Spoor et al. (2024) is given in Figure 5.11.

The new methodology can be described by five steps marked in Figure 5.11.
In step (1), the real-world data set is used for the set-up of the synthetic data
generator models, which are using ML methods and statistical approaches. This
data modeling of machinery sequences is the base for the later generation of
synthetic sequences by data generators.

In the second step (2), the same data set is utilized in the training of the modified
Hopfield neural network. Since only true negative instances are required, the
same data set used for the model of sequences as base for the data generator
containing only validated real-world data records, i.e., correct real-world data
without incorrect examples, is sufficient for this purpose.

In the third step (3), the data generators use the model of machinery sequences to
generate synthetic data sets. The mechanism behind the generation process (and
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Figure 5.11: Schematic methodology to generate, validate, and compare synthetic data utilizing a
modified Hopfield neural network for validation and filtering by Spoor et al. (2024).

as well as behind the modeling of the sequences) are briefly introduced in the
subsequent section.

The fourth step (4) contains the filtering approach using the anomaly detection
model of the trained modified Hopfield neural network. Each generated synthetic
data set is individually filtered and corrected by excluding unlikely, uncommon,
or anomalous data records.

As the fifth step (5), the validation procedure takes place. The objective of this step
is to compare which generated data set comes closest to the underlying real-world
data set and thus, is the most accurate representative of the production system.
Based on this comparison, the most suitable synthetic data set can be selected
for the subsequent simulation tasks. For this step, the classification model of the
modified Hopfield neural network is utilized.

In summary, the proposed methodology by Spoor et al. (2024) filters and rec-
ommends the most suitable data set which, compared to the other synthetic data
sets, represents the real-world data set most accurately. This comparison can be
conducted between different data generator models but also for the same data gen-
eratormodelwith a different parametrization. Individual less-realistic data records
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are excluded from the comparison and can be filtered. Thus, the methodology
focuses on structural realism of the data, including interdependencies, patterns,
and correlations, as well as on the realism of individual data records.

5.1.2.3 Synthetic Data Generation Methodology

For the simulation of machinery sequences in production planning, transition
matrices, which can also be displayed via graph networks, are a common model
for an abstract machinery sequence description (Schuh 2007). A transition matrix
yields the probability of a transition from a machine i to a machine j within a
sequence as its elements πij . If there exists a number of V different machines
which are simulated, the transitionmatrix is a V ×V squarematrix. An exemplary
transition matrix for 3 machines is given in Figure 5.12.

Figure 5.12: Exemplary simple transition matrix (ST) of 3 machines for the simulation of sequences.

The application of these transition matrices results in a stochastic process called
Markov chain. Transitions in a Markov chain are characterized by a stochastic
process where the outcome of the next state of a sequence is only dependent
on the current state but not on any prior states, i.e., the probability of the next
machine in a generated sequence is only dependent on the current machine as
seen in Figure 5.12. For the purpose of synthetic data generation, Markov chains
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were until recently a state-of-the-art benchmark and also widely used in practice
but are lately superseded by neural network-based approaches (Bauer et al. 2024).

The transition probabilities πij are computed based on a given real-world data
set. The generation of sequences is achieved by sampling over the transition
matrix using a priorly defined sequence length, which is also sampled based on
the distribution of sequence lengths from the real-world data set used for setting
up the data generator. In this section, the data generator using a simple transition
matrix is abbreviated as ST.

In order to circumvent the selection of the sequence length beforehand and to
integrate this relation into the transition matrix, a source and sink condition is
added. This approach is called transition matrix with added source and sink
conditions (abbreviated as TASS). The sampling process starts at the source row
(Q) and stops when it reaches the sink row (S). The sequence length is therefore
incorporated into the matrix itself by the probabilities for reaching the sink. An
exemplary transition matrix is given in Figure 5.13.

Figure 5.13: Exemplary transition matrix with added source and sink condition (TASS) of 3 machines
for the simulation of sequences.

The TASS approach might result in sequence lengths not within the real-world
data sets since due to sampling statistics, a sink could be reached quite late. The
ST approach, however, will always generate sequence lengths within the range of
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the given real-world data set. In addition, Matthes et al. (2023) name the inability
to adequately represent recurring sub-sequences of machines as a short-coming
of the ST and TASS approach since the transition of a machine i to machine j
depends only on the row i and prior sub-sequences are not considered. Thus, both
approaches do not account for patterns within the sequences of machines.

The second data generator applied byMatthes et al. (2023) for setting up a synthetic
data set of machinery sequences is a transformer network with an autoregressive
architecture. The architecture of transformers was initially proposed by Vaswani
et al. (2017) and has proven itself as the state-of-the-artmethod for LLM in the field
of natural language processing (NLP) and similar applications. The autoregressive
architecture was developed by Radford et al. (2019) and Brown et al. (2020) and
describes a neural network that receives sequences data as input and models
the probability distribution for the next elements of this sequence. Hereby, the
previous elements x1 to xN are used as context to predict the subsequent element
xN+1. This modeling of a sequence of length N as inputs and the prediction of
the subsequent element as output is schematically presented in Figure 5.14.

Figure 5.14: Simplified schematic transformer architecture.

The transformer model uses a self-attention process whereby the weight relations
between positions of elements of an input sequence are considered. The trans-
former acts as a function to model a conditional probability P using as function
arguments the input sequence. Thus, the context of all preceding elements is
utilized in the prediction.

P (xN+1 | x1, . . . , xn, . . . , xN ) = Transformer( x1, . . . , xn, . . . , xN ,w) (5.3)
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In order to model the probability distribution of the subsequent element xN+1,
the output vector of the transformer is used in a classification model by a MLP
using the weightsw. As with the common layouts of neural networks, the weights
are iteratively adjusted during a training procedure to optimize the transformers
predictive performance using a training data set. Thus, a transformer network is
capable of modeling patterns of sequences and uses in contrast to the statistical
approaches of the ST and TASS not only the previous element of a sequence
but the whole sequence for the prediction of the following element. Transformer
networks are therefore capable of predicting a following element in a sequence
based on multiple preceding elements.

The fourth model used by Matthes et al. (2023) is a Bayesian network. Bayesian
networks also utilize graph structures. Hereby, nodes represent random variables,
which may yield different states from a set of all possible states, and edges
represent direct (causal) dependencies between the random variables. The parent
nodes of each node may yield different combinations of states. Thus, each node
is connected with a probability distribution of the parent’s state combinations and
therefore, each node state’s likelihood is derived by the states of the parent nodes.
The Bayesian network is set-up using a training procedure with a training set of
correct examples.

The architecture of Bayesian networks enables use cases in the fields of forecasting
under uncertainty. However, most importantly for the here presented use case
is the capability to draw samples from a Bayesian network which statistically
represents the training data sets and thus, Bayesian networks can be used to sample
synthetic data sets which represent the real-world data set also used for the training
of the Bayesian network. This sampling procedure of the Bayesian network is
used by Matthes et al. (2023) to generate synthetic machinery sequences based on
data records from a real production system. Matthes et al. (2023) model the nodes
of the Bayesian network as the positions of work operations and each position
may yield different states representing the distinct machine at this certain position
from the number of V different machines. Thus, the Bayesian network is capable
of modeling sequences since every node is assigned a specific machine during the
sampling procedure. Additionally, the encoding of these conditional probabilities
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enables the modeling of the described patterns and complex correlations between
different states of a sequence. Therefore, Bayesian networks are also capable
of modeling complex machinery sequences of production systems. A sampling
process therefore results in representative sub-sequences within the synthetic data
set representing the real-world data set.

Matthes et al. (2023) use as a learning approach a score-based hill-climbing
(Tyugu 2007) and the Bayesian information criterion (BIC) in order to measure
the quality of the model (Koller and Friedman 2009). Additionally, Matthes et al.
(2023) employ a forward sampling approach of the Bayesian network (Koller and
Friedman 2009) to achieve a subsequent generation of machinery sequences.

5.1.2.4 Synthetic Data Validation Methodology

The validation methodology uses the modified Hopfield neural networks as de-
scribed in the methodology section of this thesis. However, for the analysis of
combinations of machinery sequences the methodology as introduced by Spoor
and Weber (2024) is applied but in order to analyze machinery sequences, the
adjusted equations (4.19), (4.20), (4.21), and (4.22) are used.

First, for the filtering of anomalous values from a generated synthetic data set, the
anomaly detection capabilities are applied by comparing the stimulated energy
H(C) of a sequence C. This utilizes the concept that common combinations
or sequences will yield lower stimulated energies than uncommon combinations
or sequences. Thus, combinations or sequences with lower energies are more
common occurrences and vice versa, combinations or sequences with higher
stimulated energies are either uncommon or incorrect. Hence, the energy distri-
bution of real-world machinery combinations and sequences are compared with
the generated synthetic instances. The network is therefore trained using a set of
real-world instances with a separate test set for benchmarking with the generated
data sets. Based on the real-world data, the average stimulated energy of the
real-world training data set, its standard deviation σ, and a critical energy Hcrit

are derived. Synthetic combinations or sequences with stimulated energies above
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the defined threshold are considered anomalous. The critical energy level can be
selected as proposed in the context of equation (4.30). However, it is also possible
to select the maximum energy of the real-world data set and thus, a FPR of 0%.
This is reasonable in this specific use case since synthetic data are per definition
not real and are often also designed to increase the number of rare cases. A stricter
filtering would therefore exclude more interesting and rarer cases and therefore
would not suite the underlying use case.

Second, the different methods of data generation must be compared in order to
find the most suitable one. For this task, the classification capabilities of modified
Hopfield neural networks are utilized. Each data set, including all synthetic data
sets and the real-world data set, are used as separated classes and the network is
trained individually per data set. This results in one weight matrix per data set. As
described in the classification model of modified Hopfield neural networks, the
different classes with individual weight matrices can be compared for similarity
by using the matrix norm ‖•‖F∗ of equation (4.45) based on the Frobenius norm.
In the case of sequential data, the regular Frobenius norm ‖ • ‖F is applied. As
discussed, other matrix norms are also mathematically feasible, but the Frobenius
norm is preferably chosen due to its high interpretability in regards to the weight
matrices. For a number ofK analyzed data sets, this results in aK ×K distance
matrix D for the dissimilarity between the different data sets. Most important is
the distance of the classes of data generation methods to the class of the real-world
data sets. However, the data generation methods can additionally be compared
regarding similarity to each other.

As a second approach for the similarity between a real-world and generated data
set, the distribution of the stimulated energy levels can also be used as a measure.
The method uses the network with the weight matrix trained by real-world data as
a baseline. In order to derive the distance between two distributions of energies,
the Wasserstein metricW between the resulting energy distributions is evaluated.
The Wasserstein metric is a commonly applied measure in image processing but
also in anomaly detection use cases (c.f. Spoor et al. (2023)). The first-order
Wasserstein metric W1 can be visualized as the Earth-Movers-Distance (EMD)
where one bar chart is viewed as piles of earth which must be transported to holes
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of the other bar chart. The distance is the least amount of work required to fill
the holes, while the work is defined by the amount of sand times the transported
ground distance of the sand (Rubner et al. 2000). The EMD is the solution
which minimizes this transport problem. The ground distance between bins of
the distribution is evaluated using the L1 metric. Therefore, the distribution must
be discretized in advance.

Since the ground distance between two bins is evaluated using the L1 metric, the
ground distance between the two bins i and j of the distribution is given as:

Ci,j = ‖i− j‖ (5.4)

In the EMD, one bar chart xi acts as supply αi of sand and the other bar chart
yj as the demand βj for sand. The bar chart distributions are normalized so that∑N
i=1 αi =

∑N
j=1 βj = 1 with all values of αi and βj being positive values.

Thus, two measures are derived whereby δx denotes the Dirac delta distribution:

ν =
∑
i

αiδxi

υ =
∑
j

βjδyi
(5.5)

As described in the EMD, one bar chart acts as sources of entries flowing towards
the second bar chart which is a sink. From this, the source and sink conditions of
the optimization problem are derived:∑

j

Qi,j = αi∑
i

Qi,j = βj
(5.6)

216



5.1 Use Cases

The Wasserstein L1 metric is the optimal solution of the corresponding transport
problem:

W1 (ν, υ) = min
∑
i,j

Qi,j Ci,j (5.7)

The Wasserstein metric is evaluated for each pair of energy distributions from
a total number of K analyzed data sets. Thus, this results also in a symmetric
distance matrix D which is used to evaluate the dissimilarity of the energy
distribution of two data sets. The resulting distance matrix shows which data sets
are more similar in regard to the energy distribution. If the synthetic data sets
cover the same range of machinery sequences, the distance between the energy
distributions should be rather small.

Both methods for computing the distance have different advantages and disadvan-
tages. The Frobenius norm between the weight matrices directly measures the
sequence likelihood over the whole data set. Thus, changes in the likelihood of
sequences are directly measured by this evaluation. However, this requires the
training of all classes to converge and thus, each data set must have enough data
points available. On the over hand, the Wasserstein metric between the energy
distributions measures the similarity of the complexity of the data. A synthetic
data set might have an overrepresentation of common cases which individually
fit exactly with the weights but result in energy distribution differences. In this
case, the distance from the Frobenius norm between the weight matrices would be
small, but the distributions would look quite different and might result in a large
distance using the Wasserstein metric. Vice versa, the real-world data could yield
some rare but correct cases which are represented in the resulting weight matrix
but are so seldom that they are not reflected as modes of the energy distribution.
In this case, the distance between the energy distributions is very small, but the
distance between the weight matrices is larger.

While both similarity measures result in distance matrices, the distance values
itself lack a direct interpretability. There exists no distance threshold where
the real-world and synthetic data set are perceived as too different or the data
generator as insufficient. The evaluation only compares different generators and
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selects the most suitable one from a collection but does not evaluate if any
generator is suitable. Thus, the distance can only be interpreted in the context
of other generators. However, optically close energy distributions, i.e., a small
distance between the energy distributions using the Wasserstein metric, are a
good indicator that the generated data is very similar. The decision whether the
similarity is sufficient must still be conducted on a case-by-case basis.

This limitation can be mitigated if prior to the comparison of real-world and
generated data, the average distance between multiple subsets randomly drawn
from the real-world data set is investigated. This enables the evaluation of a
threshold distance. Data sets within this threshold distance are then considered to
be originating from the same data set. Thus, it is possible to estimate a threshold
under which synthetic data is considered as realistic. However, this threshold is
use case dependent and not generalizable.

5.1.2.5 Data Filtering and Validation Results

Spoor et al. (2024) use as data generators a ST, TASS, transformer network, and
a Bayesian network. The sequences generated by these networks are then filtered
to exclude anomalous machinery sequences and the realism of these generator
models is compared in order to derive themost suitable network for a synthetic data
generation approach for the specific underlying use case in production planning.

For the validation of themodel, the machinery sequences of a manufacturing com-
pany are analyzed. This data set contains 170,787 sequences collected between
2022 and 2023 of all real-world production processes of one production facility.
The number of different machinery types deployed in this factory is V = 73.
Each production process runs through a different number of workstations, with
each workstation having one specific machine assigned to out of the set of all
machinery types. The number of workstations of a production process is between
1, meaning only a single machine is deployed during this manufacturing process,
and 77 different workstations with each workstation yielding a specific machine.
Thus, the same machinery type can be deployed during a manufacturing process
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multiple times. This data set is utilized for the training of the selected data
generators. An overview of the data set is given in Table 5.7.

Table 5.7: Description of the applied data set of machinery sequences.

Instance Quantity Comment
Machinery sequences 170,787
Unique machineries 73
Minimum sequence length 1
Maximum sequence length 77
Years 2 from 2022 to 2023

From a domain-perspective, two attributes of the synthetic data set of machinery
sequences are important:

(a) the capability of the synthetic data set to correctly identify combinations
of machines over the whole manufacturing process, e.g., if two certain ma-
chinery types are never combined within the same process or, vice versa, if
multiple machinery types must be applied within the same process together
independent of their position in the process.

(b) the capability of representing predecessor and successor relationships across
the process correctly for all pairs of machines within the same processes
and thus, also validating the set of process pairs within a sequence.

The first evaluation tests whether there are incorrect combinations in a synthetic
data record but neglects their arrangement. The second evaluation tests correct
successor and predecessor relations of single workstations but does only validate
combination of immediately succeeding workstations. To ensure that a synthetic
data set adheres to a high degree of realism, both relations must be tested. As
a pre-processing step, each data record of a machinery sequence is transformed
into two 73 × 73 connection matrices, a first using the combination relation of
equation (4.1) and a second using the sequence relation of equation (4.19).
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For the training procedure, the real-world data set is randomly split into a training
set and a test set using a hold-out cross-validation method. However, a full
parametrization using a more nuanced cross-validation method is not conducted
since modified Hopfield neural networks prove themself rather stable regarding
their parametrization, as shown in the first use case in Section 5.1.1 and validated
during this procedure. Thus, 90% of the real-world data are used for the training
of the modified Hopfield neural network, while the complete real-world data set
is used to set-up the synthetic data generators. The test set, containing 10% of the
real-world data set, is later applied to the trained weight matrices, which are set-
up for each data generator model and the training set, to compute the stimulated
energies. Subsequently, the stimulated energy distributions are compared with
each other. The training is conducted using equation (4.16) with a training rate
of α = 0.05 and no additional regularization terms are applied. As with the pre-
processing, the training is conducted separately for (a) the connection matrices
of combinations and (b) the matrices of sequences. The results of both training
procedures are visualized in Figure 5.15.

(a) Combinations (b) Sequences

Figure 5.15: Training procedure using themoving average of the stimulated energy over 100 iterations,
its 3-standard derivation area, and the equilibrium energy (Spoor et al. 2024).

Both training procedures start to converge at around 20,000 iterations and reaches
a stable energy level at around 40,000 iterations of the training process. Therefore,
the used amount of training data is sufficient to setup the modified Hopfield neural
networks and to reach a stable equilibrium energy.
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Next, the stimulated energy levels are evaluated by applying the test data set,
derived from the real-world data set, to the trained weight matrices from the four
synthetic data sets created by different generator models and the training data set.
The distributions of the energy levels, which result from stimulating the trained
weight network with the tested connection matrices, can be analyzed using a
violin plot. Again, the procedure must be separated for the evaluation of (a)
combinations and (b) sequences. The results are given in Figure 5.16.

(a) Combinations (b) Sequences

Figure 5.16: Distribution of the real-world and synthetic data sets’ energy levels displayed as violin
plots (Spoor et al. 2024).

The evaluation of the stimulated energies enables the anomaly detection model
of the modified Hopfield neural network and thus, describes the filtering step of
the proposed methodology by Spoor et al. (2024). For both evaluations, only
a small amount of the synthetic data records has stimulated energies above the
maximum energy level of the test data set. Since first, the real-world sequences are
always correct by definition of the use case, and second, it is a useful property of
synthetic data sets to contain rare instances, i.e., rare and uncommon but realistic
machinery sequences in order to also simulate edge case events, it is most useful
to apply a FPR of 0% and use the maximum stimulated energy level of the real-
world test data set as threshold Hcrit for an anomaly detection, separately set for
the evaluation of combinations and sequences. This approach might result in an
inclusion of anomalous machinery sequences and a lower TPR but ensures that
the synthetic data set also includes relevant rare cases.
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With a FPR of 0%, there are no anomalies in neither the Bayesian network nor
the ST approach for both evaluations. The transformer network yields a low
ratio of anomalies of 0.004% for the evaluation of combinations and 0.005%

for the evaluation of sequences. The transformer model therefore generates only
in very rare cases anomalous data records. In contrast, TASS yield the highest
number of anomalies for all synthetic data sets in both evaluations with 5.13%

anomalous data records for combinations and 1.54% for sequences, respectively.
This result is also an indication that TASS might generate less realistic synthetic
data. However, the filtering step improves the realism of the TASS data set by
excluding all anomalous data records.

As the second step of the methodology by Spoor et al. (2024), the synthetic data
sets are compared regarding their degree of realism and the most suitable data set
is selected. As the first evaluation method for realism, the distributions in Figure
5.16 are compared with the distribution of the real-world data set acting as the
benchmark for the degree of realism. From a simple visual analysis, it can be
derived that the TASS approach is likely to generate rare data within the upper
end of the real-world data set’s energy distribution, which indicates that the TASS
approach generates more uncommon, rare, or sometimes incorrect data records.
This is expressed by the higher median of the distribution of TASS compared
with the other distributions and also since the energy levels of most data records
generated by TASS exceed the median of the real-world data set. Therefore,
the data set is not similarly balanced as the real-world data set and yields a
deviating ratio of common and rare machinery sequences, which decreases its
realism and usefulness during simulations. Regarding the other synthetic data
sets, the Bayesian network yields a deviating distribution with a higher median
for the sequence evaluation then the real-world data set but behaves quite similar
for the evaluation of combinations. The ST approach has a close median to the
real-world data set, but the distribution differs from the real-world data set in both
evaluations since the distribution has a shape similar to a bell curve and lacks
the distinctive modes of the real-world data set’s distribution. The transformer
model’s distribution however behaves very similar to the real-world data set from a
visual comparison for combinations as well as sequences. Thus, despite the small
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number of outliers in the upper box plot area, this indicates that the transformer
model might perform best.

This visual analysis can be quantified by the application of the Wasserstein metric
and the computation of a distance matrix between each energy distribution. First,
a threshold within a data set is considered indistinguishable from a real-world data
set is derived. Since the training procedure starts to converge towards a stable
energy level at around 20,000 iterations, the training data set, which is derived
from the real-world data set, is randomly split into eight subsets, for which an
individual training procedure is then applied. For each weight matrix trained by
a subset, the test set is applied to measure the stimulated energy level and to
create an energy distribution. These distributions are then measured regarding
their similarity using the first-order Wasserstein metric in order to derive an
average and maximum distance between the real-world subsets. The average and
maximum distances can then be applied as thresholds within a synthetic data set
which is indistinguishable from a real-world data set.

The stimulated energy distributions are discretized using 200 bins. The first-order
Wasserstein metric is computed using the python library POT by Flamary et al.
(2021). The resulting distance matrix is transformed using a 2D projection in
order to visualize the result as a plot. The 2D projection is conducted usingMulti-
dimensional Scaling (MDS) implemented by the sklearn library by Pedregosa
et al. (2011). Please note that the distances in the 2D projection by MDSmight be
slightly distorted since MDS only preserves the distances as well as possible for
a given data set. The resulting 2D projection of the distance matrix between the
eight subsets of the training set stimulated with the test set is displayed in Figure
5.17. The maximum distance between the eight subsets is marked in red and the
average distance is displayed by the radius of the centroid of the data points.

The resulting distances from Figure 5.17 can then be used as benchmark for the
degree of realism of the synthetic data sets. The distance between the distributions
of Figure 5.16 are computed by the first-orderWasserstein metric and the resulting
distance matrix is also visualized using a projection by MDS. The 2D projection
is displayed in Figure 5.18.
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(a) Combinations (b) Sequences

Figure 5.17: 2D projection of the distance matrix between the energy distributions by a test set using
randomly drawn subsets of the real-world data set for training of the weight matrix.

(a) Combinations (b) Sequences

Figure 5.18: 2D projection of the distance matrix between the energy distributions in Figure 5.16
using the Wasserstein metric (Spoor et al. 2024).

Figure 5.18 shows that the distances between the synthetic data set and the real-
world data set are a magnitude greater than the distances between the subsets from
the real-world data set. Thus, the average and maximum distance between the
subsets from the real-world data set are not added in Figure 5.18. Concluding, the
threshold for the degree of realism is not met in this analysis for the evaluation
based on combinations and sequences since the Wasserstein metric is rather strict
in its assessment. However, the proximity of the synthetic data sets to the real-
world data set can still be used to select the most realistic synthetic data sets.
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First, in the case of the analysis of combination, the Bayesian network and the
transformer are closest to the real-world data set with both synthetic data sets being
very similar to each other. However, the transformer yields with a distance of
d = 5.28 the smallest distance overall. The TASS approach in contrast yields with
d = 110.97 a comparably high distance. TASS comparably worse performance
can also be derived solely based on the visual analysis of Figure 5.16. Also, the ST
approach yields a rather high distance, which again can be seen in Figure 5.16 due
to its bell curve-like shape. All synthetic data sets do not meet the threshold of the
maximum distance between the subsets of the real-world data set of dcrit = 0.15

and therefore are distinguishable from the real-world data set.

Second, for the analysis of sequence information, the transformer performs the best
with a distance of d = 1.61 comparably close to the real-world data set. However,
compared with the maximum distance between the subsets of the real-world data
set of dcrit = 0.33, the data records generated by the transformer network are
still distinguishable from real-world data records. The Bayesian network comes
second in distance and the TASS approach again places last regarding similarity
to the real-world data set.

In conclusion, the transformer model performs best for all tested synthetic data
generation approaches using the first-orderWasserstein metric between the energy
distributions. Most notably, the ranking in similarity of the data generators to the
real-world data set based on increasing distances stays the same for the evaluation
based on combinations and sequences. In summary, the second closest generator is
the Bayesian network, third is the ST approach, and the TASS approach performs
worst in both the evaluation of combinations and sequences.

As a second metric to compare the synthetic data sets, the Frobenius norm, or
rather the adjusted Frobenius norm of equation (4.45) in the case of an evaluation
of combinations, is applied. Again, eight randomly drawn subsets from the real-
world data set are used to compute a benchmark for the degree of realism. The
resulting distance matrix is displayed as 2D projection using MDS in Figure 5.19.
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(a) Combinations (b) Sequences

Figure 5.19: 2D projection of the distance matrix between the trained weight matrices of randomly
drawn subsets of the real-world data set.

The maximum and average distances of the distance matrix between the eight
subsets of the real-world data set are again used as threshold to compare the
similarity of the synthetic data sets to the real-world data set. The distance matrix
based on the trained weight networks of the synthetic data sets and the real-world
data set is computed using the Frobenius norm, or rather the adjusted Frobenius
norm. The 2D projection of the resulting distance matrix for an evaluation of
combinations and sequences is given in Figure 5.20. The average (black circle)
and the maximum (red circle) distance between the randomly drawn subsets of
the real-world data set are added in Figure 5.20.

The Bayesian network performs best for the evaluation of combinations with a
distance of d = 6.55 and a threshold using the maximum distance of the sampled
subsets dcrit = 5.02. The transformer also performs close to the threshold with a
distance of d = 6.66. Therefore, both approaches yield a high degree of realism
and are, compared to the prior analysis using the Wasserstein metric, quite close
to the threshold within a synthetic data set becomes indistinguishable from a
real-world data set. Similar to the results of the analysis using the Wasserstein
metric, the ST approach comes third and the TASS approach last with a distance
of d = 15.05.
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(a) Combinations (b) Sequences

Figure 5.20: 2D projection of the distance matrix between the weight matrices of the real-world data
set and the synthetic data sets using the Frobenius norm.

In the evaluation of sequences, the Bayesian network again performs best with
a distance of d = 9.29 and a threshold of the maximum subset distance of
dcrit = 8.05. The transformer network also performs close to the threshold
with a distance of d = 9.57. As in the case of sequences, the Bayesian network
and transformer network are close to being indistinguishable from the real-world
data set based on the trained weight matrices. Please note that the 2D distances
computed by MDS in Figure 5.20 are slightly distorted when comparing the
Bayesian network and transformer network distances to the real-world data set.
Again, the ST approach performs third and the TASS approach last with a distance
of d = 19.92.

In summary, the Bayesian network and the transformer network are both suitable
for the data generation approach. While the respective performance of both gen-
erators is nearly on-par in the case of the Frobenius norm based on the trained
weight matrices, the analysis using the Wasserstein metric suggests an advantage
of the transformer network in the case of an evaluation of sequences. Therefore,
the usage of a transformer network as a generator model for synthetic data can be
recommended in this certain use case. The Bayesian network is a suitable alter-
native. Since the order of similarity does not change when evaluating machinery
combination or sequences for the same metric, the method is robust regarding this
evaluation. In addition, since the Bayesian network and transformer model are
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comparably close to the real-world data set in the analyses (besides the evaluation
of sequences using the Wasserstein metric), it is reasoned that the method is also
rather robust regarding the selection of the metric, i.e., the use of the Wasserstein
metric between the stimulated energy distributions and the use of the Frobenius
norm between the weight matrices of the different trained modified Hopfield neu-
ral networks. The results confirm the KPI-based comparison by Matthes et al.
(2023). However, the method by Spoor et al. (2024) presented here adds further
detail and a more nuanced analysis including the benchmarking using the subset
of the real-world data set to evaluate the degree of realism.

5.1.2.6 Advantages and Limitations of Methodology

In this subsection, solely the proposed data generation and validationmethodology
is discussed. A discussion on the general performance, mathematical foundation,
and application of modified Hopfield neural networks based on the presented use
cases is conducted in the following Section 5.2.

The data generation and validation methodology by Spoor et al. (2024) yield
advantages in a practical application. Firstly, as with the application of modified
Hopfield neural networks, the training procedure and anomaly detection do not
require labeled training data including true positives, i.e., incorrect records as
examples for the training procedure. Since in a synthetic data generation ap-
proach only correct real-world data are also used, the proposed method does not
require any additional data collection or labeling compared to other state-of-the-
art anomaly detection models. Thus, the data requirements of the filtering and
validation capabilities do not exceed the requirements set by the data generators.

Secondly, since the training already converges at around 40,000 data records, the
amount of data required is also comparably low and thus, the modified Hopfield
neural networks can be embedded in most data generator approaches even when
only a small amount of real-world data is available.

Thirdly, the methodology by Spoor et al. (2024) can evaluate synthetic data
sets without the use of structural KPIs but tests every data record separately
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for anomalous behavior, focused on either combinations or sequences, during
the filtering step. The validation step also incorporates the real-world data set’s
structural information about all available data records via the training of theweight
matrices of the network and the comparison using the Frobenius norm.

Fourthly, as also shown in the first use case, the differences in the synthetic
data sets can be directly discussed and analyzed in more depth using the weight
matrices. Thus, the method adds interpretability to its decision due to the inherit
interpretability of modified Hopfield neural networks. In addition, the set-up
of weight matrices for the synthetic data sets can add explanatory value to the
generator models, i.e., the results by a "black box" generator such as a transformer
network can be discussed and analyzed in more detail using the weight matrix
and the Frobenius norm as similarity metric between the real-world and synthetic
data sets.

There are twomajor limitations of the methodology by Spoor et al. (2024). Firstly,
the computed distances are only comparable within the context of the specific use
case and the analyzed data sets but do not yield any real-world interpretation.
However, this limitation is mitigated for the comparison by computing a threshold
using subsets of the real-world data set. It should be noted that the threshold is
also use case specific and an evaluation whether a synthetic data set is sufficiently
realistic must be conducted carefully on a case-by-case basis.

Secondly, the evaluationmust be conducted twice for combinations and sequences
and only one criterium can be tested per distance matrix. Thus, a final decision on
the usefulness of the synthetic data set must be conducted by a weighting of both
evaluations. In this discussed use case, the results are similar independent of the
selected evaluation. However, this might not always be the cases and thus, a case-
by-case decision might be required in other use cases. This should be addressed
by adding domain knowledge to the analysis whether sequence information or
the combinations of machineries is more important in order to generate plausible
synthetic data sets.

Thirdly, the results for both applied metrics, the Wasserstein metric between the
energy distributions and the Frobenius norm between the trained weight matrices,
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might differ. In this use case, the ranking of the Bayesian network and transformer
network is swapped in both metrics. However, this also should be mitigated by
carefully assessing the domain requirements. If an over- or underrepresentation
of certain complexity levels of data records, and thus different modes within the
energy distribution, are less important but the combination or sequence logic must
be preserved, the Frobenius norm might be more suitable. If the exact sequence
and combination logic is less important but all data records should yield a similar
complexity to the real-world data, the Wasserstein metric is a better choice.

In summary, the methodology by Spoor et al. (2024) can add the required filtering
and validation procedure to synthetic data generators, whereby the capabilities of
modified Hopfield neural networks can be leveraged to create impactful results
and to exceed the possibilities of state-of-the-art methods. All limitations can be
mitigated by a diligent incorporation of domain knowledge. The advantages of
the method are underlying the capabilities of modified Hopfield neural networks,
i.e., the usage of only correct data, the high interpretability and explainability, and
the anomaly and classification capabilities for combinations as well as sequences.

5.1.3 Excursus: Classification of Leukemia Subtypes

The developed anomaly detection and classification model using modified Hop-
field neural networks yields applications beyond the discussed use cases in produc-
tion planning and is, as an AI model, versatile enough for applications in multiple
domains. As an exemplary application of modified Hopfield neural networks
without the embedding in production planning but in a use case from the field
of oncology for the classification and clustering of gene expressions of Leukemia
subtypes, an excursus is given in this section.
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5.1.3.1 Use Case Description

The data analyzed here are gene expression from The Cancer Genome Atlas Re-
search Network (2013) downloaded from the Broad GDAC Firehose platform2.
The following used data set contains T = 166 patients with V = 386 gene ex-
pressions from different subtypes of acute myeloid leukemia (AML). The number
of patients per subtype using the French-American-British (FAB) classification
by Bennett et al. (1976) is listed in Table 5.8.

Table 5.8: Number of patients per AML FAB subtype.

Subtype FAB subtype description Quantity [#] Share [%]
m0 undifferentiated AML 16 9.6%

m1 AML with minimal maturation 42 25.3%

m2 AML with maturation 39 23.5%

m3 acute promyelocytic leukemia (APL) 16 9.6%

m4 acute myelomonocytic leukemia 35 21.1%

m5 acute monocytic leukemia 18 10.8%

Most relevant in this use case is the distinction between the APL subtype and
the other subtypes, e.g., as analyzed by Thrun et al. (2022). Thus, the modified
Hopfield neural network is applied to distinct combinations of gene expressions
between these subtypes. This is a classification task where the explainability and
distance metric between classes is further analyzed.

First, the gene expressions must be preprocessed to be converted into a connection
matrix M. The expression intensities gi for each gene i are logarithmized using
g∗i = log10 gi. For the activation procedure building the connection matrix, a
Boolean intensity threshold as per equation (4.2) is used for the activation of
edges. The threshold of ti = −4.6 for all genes i is selected based on a grid

2 http://firebrowse.org/?cohort=LAML&download_dialog=true; accessed 26.10.2022
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search to optimize results and keep the parametrization simple. This Boolean
threshold corresponds to an intensity of gi ≈ 2.5 ∗ 10−5. Thus, each patient’s
gene expressions are processed into a 386× 386 connection matrix M.

5.1.3.2 Similarity Measure between FAB Subtypes

For each subtype, the corresponding weight matrix is trained using the procedure
as described in the section introducing the classification model. Thus, a weight
matrixWk is created for each FAB subtype k. It should be noted that the available
training data are very limited for the subtypes. Thus, the results are potentially
limited in their explanatory power, in particular for the APL subtype since only
16 patients’ gene expressions are available. However, the model results in weight
matrices which can be analyzed using the adjusted Frobenius norm ‖ • ‖F∗ of
equation (4.40). This adjusted Frobenius norm is used to build a 6 × 6 distance
matrix D between the K = 6 different FAB subtypes. This distance matrix can
then be analyzed using a dendrogram which clusters and describes similar FAB
subtypes using a hierarchical agglomerative clustering with Ward linkage. In
addition, the distances between the subtypes can be displayed as a 2D projection
computed via MDS to highlight the distances between subtypes in a visual way.
The results are given in Figure 5.21.

(a) Dendrogram (b) 2D projection

Figure 5.21: Dendrogram and 2D projection of the distance matrix for the different analyzed FAB
subtypes of AML.
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Most notably in Figure 5.21, the resulting weight matrices of the FAB subtypesm1
and m2 are very similar and grouped together in the clusters of the Dendrogram.
This is an expected result since both subtypes are AML with different levels of
maturation. Using the 2D projection of the distance matrix, it can be seen that the
relevant subtype m3 of APL is the most different from the subtype m4 of acute
myelomonocytic leukemia.

In order to differentiate the APL subtype m3 from the other subtypes, it is possible
to first analyze its differences from subtype m4 since these two subtypes should
be easy to differentiate using a classification model. This is analyzed using the
classification model. Second, an analysis can be conducted to separate subtype
m3 from m1 and m2. This task might be more difficult since these subtypes are
closer to each other as visible in the 2D projection of Figure 5.21. Due to the
small number of patients with a diagnosis of FAB subtype m0, m3, and m5, no
differentiation of these three subtypes is conducted since the small amount of
available data highly limits results and model capabilities.

5.1.3.3 Classification of FAB Subtypes m3 and m4

To distinguish FAB subtype m3 and m4, a binary classification model using the
modified Hopfield neural network is set-up. The learning rate is set as α = 0.05

and no further regularization techniques are used. Thus, equation (4.16) applies
for the training procedure. The unbiased correction value is computed using
equation (4.7). The connection matrix is set up as described in the previous
subsection. It should be noted that the energy levels during training do not
converge since only a limited amount of patient data per class is available, in
particular in the case of subtype m3. Therefore, the classification results might
be improved by generating and analyzing more training data of gene expressions
from patients with a diagnosis of subtype m3.

In addition, the performance is benchmarked with the classification capabilities of
a SVM (Cortes and Vapnik 1995), KNN, Decision Tree, Random Forest (Breiman
2001), and MLP implemented by sklearn (Pedregosa et al. 2011). The SVM uses
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an RBF kernel and a gamma of 1
V σ2 . The KNN is implemented using 5 neighbors.

Random Forest is using 100 trees and
√

386 ≈ 20 features per split. Decision tree
and Random Forest are using Gini impurity as the information loss criterion. The
MLP is configured using a single layer with 100 neurons and a learning rate of
0.01. TheAImodels use the full gene intensities gi and not the reduced connection
matrix. The results are given in Table 5.9 for 30 Monte Carlo cross-validations of
a 60% training data and 40% test data split.

Table 5.9: Accuracy of AI models for FAB subtype m3 and m4 classification.

Model Accuracy
Hopfield net (96.9± 3.1)%

SVM (96.6± 3.0)%

KNN (97.5± 2.4)%

Decision Tree (91.1± 7.3)%

Random Forest (94.8± 5.0)%

MLP (95.9± 2.7)%

As expected by the large distance between both subtypes using the 2D projection
of the distance matrix, the accuracy of the modified Hopfield neural network
classification model for subtypes m3 and m4 is very good and in most cases all
patients’ gene combinations are classified into the correct subtype diagnosis. All
models yield an overall good performance and considering the standard deviation
over the 30 cross-validations, there are no significant differences in performance
for all tested AI models. Therefore, the modified Hopfield neural network proves
itself efficient in this use case and it is concluded that the classification model is
feasible for binary classification tasks in gene expressions.

This task can additionally be analyzed using an anomaly detection model by train-
ing the network using only subtype m4 and evaluating whether gene expressions
of patients with a diagnosis of m3 are detected as anomalous when tested. First,
the energy levels during the training procedure are visualized in Figure 5.22.
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Figure 5.22: Training procedure of FAB subtype m4 using the moving average of the stimulated
energy over 5 iterations, its 3-standard derivation area, and the equilibrium energy.

As visible, the moving average of the stimulated energy of the training data does
not converge and thus, the amount of training data is lower than necessary to
conduct a precise anomaly detection. Nevertheless, it is possible to conduct the
anomaly detection by evaluating the stimulated energy levels of the test data and
the gene combinations of patients diagnosed with the AML FAB m3 subtype.
The resulting energy levels of subtypes m3 and m4 when the network is trained
with instances from subtype m4 using a holdout cross-validation of a 60% training
data and 40% test data split is given in Figure 5.23.

Figure 5.23 shows that the subtypes can be efficiently distinguished using an
anomaly detection model. This can be reasoned since the swarm plots of the
stimulated energy levels of FAB subtypes m3 and m4 are only overlapping for
one patient’s gene expressions diagnosed with subtype m3. All other patients’
gene expressions are visually separable by their energy level. Therefore, a suitable
critical energy threshold value can be selected to efficiently distinct both subtypes.

The anomaly detection capabilities can be further highlighted by a ROC curve and
a benchmarking using as in the prior use cases a one-class SVM (Schölkopf et al.
2001), an Isolation Forest (Liu et al. 2008) implemented by sklearn (Pedregosa
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(a) Swarm plot (b) Violin plot

Figure 5.23: Energy levels of the gene combinations of all patients with FAB subtypes m3 and m4
for a weight matrix trained on subtype m4 using a 60% training data size.

et al. 2011), and an Autoencoder implemented by Zhao et al. (2019). The one-
class SVM uses a polynomial kernel and a gamma of 1

V σ2 . For the Isolation
Forest as well as the Autoencoder a small contamination of 1% is assumed.
The Autoencoder utilizes six layers in the following ordered sizes of 128, 64,
32, 32, 64, and 128 neurons, 1000 epochs, and a batch size of 16. As in the
classification task, the one-class SVM, Isolation Forest, and Autoencoder are
trained and evaluated using the full data set of all gene expressions gi and not the
preprocessed connection matrix. The resulting evaluation is given in Figure 5.24.

Figure 5.24 shows that the modified Hopfield network is outperforming the other
benchmarkedmodels despite their use of the full gene expression data gi instead of
the simplified pre-processed connection matrix. The relatively bad performance
of the Autoencoder is most likely a result of the limited amount of available
training data. As demonstrated using the binary classification model, the modified
Hopfield network shows a strong performance in analyzing gene expressions for
AML FAB subtypes m3 and m4.

5.1.3.4 Classification of FAB Subtypes m1, m2, and m3

In addition to the differentiation of FAB subtypes m3 and m4, the differentiation
between subtypes m3 from subtypes m1 and m2 is analyzed in a multi-class
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Figure 5.24: Benchmarking of Hopfield nets, one-class SVMs, Isolation Forests, and Autoencoders
by a ROC curve for an anomaly detection separating FAB subtype m3 from m4.

classification. For the following analysis, the same parametrization as in the prior
conducted differentiation of subtypes m3 and m4 for all AI models is applied.
The classification model’s results for a single evaluation can be displayed by a
confusion matrix. Again, the energy levels during training do not converge, in
particular for subtype m3, since a limited amount of training data is available.
The confusion matrix for the classification using the modified Hopfield neural
networks is given in Figure 5.25.

As expected, the FAB subtypes m1 and m2 cannot be separated by the model
in an efficient manner. This can be reasoned since both weight matrices are
very similar as measured in Figure 5.21 using the adjusted Frobenius norm as
similarity measure between the subtypes and the model loses accuracy mostly
by wrong classifications between subtypes m1 and m2. However, the subtype
m1 and m2 can be quite well separated from the subtypes m3 but patients with
subtype m3 are often misclassified as subtype m1 or m2.

The model’s performance is again benchmarked using SVM, KNN, Decision
Trees, Random Forest, and MLPs. The parametrization of the models is the same
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Figure 5.25: Confusion matrix of modified Hopfield neural networks for a classification of FAB
subtype m1, m2, and m3.

as priorly given. The full accuracy over all classes is computed and in addition,
the accuracy for only separating m3 from m1 and m2 is also computed. The
results are given in Table 5.10.

Table 5.10: Accuracy of AI models for FAB subtype m3 and m4 classification.

Model Full accuracy Accuracy only m3
Hopfield net (48.4± 7.5)% (88.3± 3.8)%

SVM (53.6± 9.5)% (88.0± 4.8)%

KNN (61.1± 8.6)% (97.1± 2.0)%

Decision Tree (55.1± 7.9)% (91.9± 4.2)%

Random Forest (62.6± 5.3)% (98.9± 1.9)%

MLP (51.2± 9.1)% (88.4± 6.5)%
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The analyzed modified Hopfield neural network is underperforming in this anal-
ysis, in particular compared to the good performance by the Random Forest and
KNN algorithms. This underperformance is the result of the class imbalance of
very limited available data of FAB subtype m3 since the stimulated energy during
training of this subtype does not converge towards a stable energy level.

However, using subtypes m1 and m2 for the training in an anomaly detection task
might improve the performance. In addition, the training size is increased due to
the larger number of m1 and m2 subtypes and since the small number of patients
with a diagnosis of m3 must not be considered when selecting a relative training
size. Thus, the anomaly detection model is trained using classes m1 and m2 and
is also tested for class m3. This is one important feature of modified Hopfield
networks since they do not require as anomalous labeled data during training. The
training procedure is given in Figure 5.26.

Figure 5.26: Training procedure of FAB subtype m1 and m2 using the moving average of the stimu-
lated energy over 5 iterations, its 3-standard derivation area, and the equilibrium energy.

Despite the larger amount of training data, the network still does not start to
converge against a stable energy level. However, it should be possible to conduct
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a useful anomaly detection. The same parametrization is selected as in the prior
analysis of subtypes m3 and m4. The resulting energy levels of subtypes m1, m2
and m3 when the network is trained with instances from subtypes m1 and m2
using a holdout cross-validation of a 60% training data and 40% test data split is
given in Figure 5.27.

(a) Swarm plot (b) Violin plot

Figure 5.27: Energy levels of the gene combinations of all patients with FAB subtypes m1, m2 and
m3 for a weight matrix trained on subtype m1 and m2 using a 80% training data size.

Figure 5.27 shows that subtypes m1 and m2 have many patients with gene expres-
sions resulting in very low energy levels. However, there are gene combinations
resulting in higher energy levels comparable to those of the subtype m3. Thus,
an anomaly detection is not capable of separating these classes in a very accurate
manner. This might result from subtypes m1 and m2 containing a lager variety of
gene combinations which are not all sufficiently represented within the data set.
In addition, Figure 5.21 also shows that these subtypes are more similar and thus,
also harder to separate.

In conclusion, the performance is benchmarked against one-class SVMs, Isolation
Forest, and Autoencoders. The parametrization of this evaluation is the same as
in the former analysis. The results are given in Figure 5.28.

The applied one-class SVM performs best during this benchmarking. However,
the modified Hopfield neural networks are also capable of a good performance
exceeding the performance of the Isolation Forest and Autoencoder.
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Figure 5.28: Benchmarking of Hopfield nets, one-class SVMs, Isolation Forests, and Autoencoders
by a ROC curve for an anomaly detection separating FAB subtype m1 and m2 from m3.

To summarize, it is concluded that modified Hopfield neural networks are ca-
pable of a classification and an anomaly detection for gene expressions. While
some models yield in certain cases similar or sometimes better performances, the
modified Hopfield neural networks are overall also useful. It should be noted that
the use case of gene expression is not highlighting the main advantages of modi-
fied Hopfield neural networks since firstly the training data are fully labeled and
not only true negative instances are available, and secondly the gene expressions
are not only depending on a domain perspective of combinations but different
intensity values.

5.1.3.5 Explainability of the Subtype Classification Model

While the modified Hopfield neural networks might not always be the best model
from a pure performance perspective as seen in the prior section for the differenti-
ation of FAB subtypes m1, m2, and m3, it adds high interpretability which might
be useful for domain experts in certain use cases. Since authors in the field of
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XAI often assume a trade-off between performance and interpretability (Barredo
Arrieta et al. 2020), modified Hopfield neural networks are very useful in these
use cases where performance should be exchanged for interpretability. This can
be shown by further analyzing the weight matrices.

A first useful interpretability is given by the distance matrixD between subtypes
and the already discussed Figure 5.21. This analysis is a unique feature ofmodified
Hopfield neural networks to increase the interpretability of subtype differences.
As second analysis, the differences can be analyzed in more detail by calculating
the delta weight matrices ∆W and highlighting the gene combinations which are
very likely in one subtype, but not in the other compared subtypes. Since the
number of analyzed genes V = 386 is too high to visualize the V × V weight
matrices in a useful manner, the gene combinations with the highest difference
can be extracted and listed. The five gene combinations which are more common
in the FAB subtypes m1, m2, m4 compared to m3 and the gene combinations
which are more common in subtype m3 but less likely in subtypes m1, m2, and
m4 are given in Table 5.11. The absolute value of the score qijkl as per equation
(4.43) is in addition computed and listed.

From the Table 5.11 is reasoned that combinations of, e.g., gene CD114 and
CD300E are more common in FAB subtype m1 compared to subtype m3. How-
ever, if gene CD300E is combinedwith CD138, this combination is more common
in subtypem3 thanm1. Thus, high gene expressions of CD300Emust be analyzed
in the context whether gene CD114 or CD138 yield a higher intensity. It should
be noted that high values of gene CD114 or CD138 alone are not predictive for
the diagnosis since the diagonal entries of CD114 and CD138 yield only a score
of 42% and 13.5% and thus, the combinations between genes of high intensity are
more significant for the classification than the individual intensities per gene. The
gene combinations of the other subtypes can be interpreted analogously. The cal-
culated scores are also direct measures for computing the classification or anomaly
detection and are capable of fully explaining the model’s decision logic, which
is an important requirement for XAI models. In addition, the requirement of
completeness as described by Gilpin et al. (2018) is fulfilled in this case since the
depth of the analysis can be adjusted by any user of the model by either analyzing
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Table 5.11: Gene combinations more or less common in different FAB subtypes.

More common in m1 / m2 / m4 compared to m3
m1 m2 m4

Gene 1 Gene 2 Score Gene 1 Gene 2 Score Gene 1 Gene 2 Score
CD300E CD114 61.6 % CD1D CD49f 63.2 % CD158D CD48 69.3 %
CD59 CD114 61.3 % CD52 CD49f 59.3 % CD107b CD48 67.4 %
CD51 CD114 61.3 % CD321 CD49f 59.3 % CD158B2 CD48 67.4 %
CD319 CD114 61.3 % CD300E CD48 58.2 % CD6 CD48 67.4 %
CD107b CD114 61.3 % CD113 CD114 57.9 % CD85e CD48 67.4 %

More common in m3 compared to m1 / m2 / m4
m1 m2 m4

Gene 1 Gene 2 Score Gene 1 Gene 2 Score Gene 1 Gene 2 Score
CD26 CD138 63.6 % CD327 CD258 63.5 % CD327 CD258 69.7 %
CD66a CD138 62.1 % CD186 CD85c 61.7 % CD66e CD258 69.7 %
CD66e CD138 61.6 % CD326 CD258 61.0 % CD11b CD258 68.8 %
CD300E CD138 61.2 % CD186 CD199 60.0 % CD85e CD258 64.7 %
CD49e CD138 60.8 % CD49e CD186 59.6 % CD85d CD258 64.7 %

the full weight matrices, the scores of the most relevant combinations, or just the
dendrogram and 2D projection of the distance matrix.

This information about common and uncommon combinations might provide
domain experts with knowledge about relevant gene expressions and synergies of
gene expressions resulting in an AML and APL diagnosis. Thus, domain experts
can analyze the biological effects of these genes in more detail and focus attention
to more relevant gene expressions. Table 5.11 add interpretability to the results
of any conducted classification, and analyzing the weight matrices in more detail
provides further insights for researchers in the field of AML. Therefore, modified
Hopfield neural networks can be used as powerful XAI models in biological
research helping to explain the effect of combinations of gene expressions for the
risk of the development of certain types of cancer.
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Concluding, this excursus proves that modified Hopfield neural networks have use
cases beyond production planning in manufacturing and are versatile XAI models
with high performances. Modified Hopfield neural networks prove themselves in
particular useful for anomaly detection tasks with only few true positives labeled
data available and can be applied in multiple domains.

5.2 Discussion

Firstly, the result from the use cases regarding the predictive performance of the
modified Hopfield neural network is discussed. Here, the model outmatches the
state-of-the-art AI models of Autoencoders, one-class SVM, and Isolation Forest
during the benchmarking in an anomaly detection task. While Autoencoders
and one-class SVMs perform on par in certain cases, the performance of the
modified Hopfield neural network is leading independently of the use case. In
addition, the modified Hopfield neural network also enables an explainability
which cannot be achieved by the Autoencoder or the one-class SVM due to their
"black box" design without a direct interpretable functionality. Simply based
on the performance and its XAI capabilities, the proposed modified Hopfield
neural networks are improving the state-of-the-art in anomaly detection models.
Additional to the good predictive performance, it is possible to train the network
with only true negative instances and a small amount of training data. Even more
important for applications in production planning might be the recommendation
systemwhich enables a human-understandable correction process that other state-
of-the-art models cannot provide. However, it is required that the analyzed objects
of the modified Hopfield neural network are setup using an ontological model of
the production system. In general, the model is designed to analyze data which
can be structured by a graph network.

Similar to the anomaly detection tasks, the modified Hopfield neural networks
perform very good in two-class classification tasks. However, the model loses
its advantage over the state-of-the-art methods in multi-class classification tasks.
In these scenarios, other models perform better and yield a higher predictive
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accuracy. Using confusion matrices, e.g., Figure 5.25, it is shown that the model
struggles to distinguish certain similar classes. In these applications, Random
Forest shows a good performance compared to the other benchmarked models.
However, the capability to extract a similarity measure between classes directly
from the model is quite useful for a clustering and comparison in a multi-class
scenario.

An additional advantage is the very robust parametrization of the modified Hop-
field neural network. The (hyper-)parametrization procedure in the first use case
shows very stable performances across different learning rates as well as reduced
learning rates and decay values. This indicates that the model can easily be
adapted to new use cases if embedded in a structured programming framework.
Other state-of-the-art models are more difficult to parametrize, e.g., the perfor-
mance of SVMs highly differs based on the selected kernel function. This makes
the modified Hopfield neural network very practitioner-friendly since users can
enroll the model without an extensive prior review of the underlying mathematical
foundations, which is more important for, e.g., SVMs.

Secondly, the model’s mathematical foundation can be compared to the layout
of conventional NN designs. The main difference is the activation of the edges
not vertices, the neurons in NNs. This is obvious when comparing the activation
function of equation (4.1) of amodifiedHopfield neural network and equation (3.2)
of conventional NNs. This is also the main difference of modified Hopfield neural
networks with the original proposal of Hopfield networks by Hopfield (1984).
Additionally, the edges get activated between −1 and 1 and not 0 and 1 as in
conventional Hopfield networks. Another difference is that conventional Hopfield
networks use an iterative activation of neurons in order to recreate patterns of
active and inactive neurons from a given input signal based on memorized trained
patterns. In the proposed modified Hopfield neural network, no activation is
conducted but instead the energy measurement of equation (4.6) is evaluated and
compared. Similar, the evaluation of the class membership is also different since
the modified Hopfield neural network does not evaluate an output neuron but the
energy level using a set-up similar to a hypothesis test.
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Despite these differences, in both cases former input signals are imprinted into
the network by a training procedure. The modified Hopfield neural network use
the Widrow-Hoff rule of weight updates in equation (4.16), which is similar to
the approach by conventional NNs in equation (3.13). The gradient of the loss
function∇L corresponds to the applied gradient descent of the energy difference
∆H via the optimization function in equation (4.13). Hence, the core learning
procedure does not change and thus, the proposed modified Hopfield neural
network is classified as a NN based on the aspect of the learning representation as
defined in Figure 3.10 but is unsupervised regarding the feedback representation
since no prior labeling is necessary in the case of anomaly detection tasks. In
classification tasks, the modified Hopfield neural networks become a supervised
approach since the class membership must be priorly labeled in the training data.

The recommendation procedure is also more similar to convectional Hopfield
networks since it utilizes an activation of a neuron, in the derivation of this thesis
also called vertex, in equation (4.42) similar to a perceptron as described in
equation (3.3). In both cases is the weight times the input value responsible for
the strength of the output. However, in modified Hopfield neural network only the
strongest signal of all neurons, or rather vertices, is activated and not all neurons
which exceed a threshold. The recommendation procedure is then again iterative
as in conventional Hopfield networks and neurons, or rather vertices, get activated
or deactivated based on their receiving signal strength. The activation function
Ψ(x) in the case of modified Hopfield neural networks is the identity function.

It is also quite interesting to compare the modified Hopfield neural network model
with the human learning experience. The model resembles the perceived stress by
a human when seeing or interacting with an impression, e.g., an image or a task.
This interaction becomes more stressful when interacting with new impressions
previously not seen or interacted with. The energy function resembles the stress
in interacting with these impressions. A high level of stress, attention, or tension
occurs when interacting with new impressions and learning new things. On the
other hand, low stress occurs when only known and memorized impressions
are perceived. Regarding the learning process itself, by interacting with new
impressions, the teaching experience is high. In contrast, when interacting with
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already known impression, the interaction becomes less stressful and thus, there
is also very little to learn. The applied learning process in equation (4.16) with
more familiar graphs resulting in less adjustments of the weights of the network
is also comparable to the human learning experience, as discussed within the
context of Autoencoders by Sirois (2004).

In summary, modified Hopfield neural networks are easily interpretable, do not
require a high effort in (hyper-)parametrization, and yield a competitive sensitivity
in anomaly detection tasks without a necessary prior collection of an extensive
amount of training data. Most notably, the model is data-driven and does not
require domain and expert knowledge. It is concluded that modified Hopfield
neural networks enable a valid anomaly detection method for graph structures by
memorizing correct subgraphs and by providing estimations on how close new
subgraphs, which are representing, e.g., process combinations, are to a memorized
training data set.

5.3 Summary

This section showcases three use cases which highlight the application ofmodified
Hopfield neural networks across different domains and for the application fields
of anomaly detection, classification, and data generation.

The first use case shows an application in process planning. The model is trained
and evaluated using a data set of 8674 correct process combinations with 586

different unique process types applied within the Body-in-White assembly. The
objective is to identify anomalous process combinations and to provide a recom-
mendation for correction. A comprehensive (hyper-)parametrization is conducted
and shows that the model is stable regarding its input factors and for different
partitions of training and test data by using a Monte Carlo cross-validation. The
results of the anomaly detection model indicate a high predictive performance
outmatching the state-of-the-art models of Autoencoders, one-class SVM, and
Isolation Forest during a benchmarking. In summary, 96.7% of incorrect process

247



5 Validation of Methodology

combinations can be detected with only 1.5% of correct combinations falsely
classified as incorrect. In addition, the recommendation and explainability of
the model in this use case is demonstrated and an embedding into the business
processes of the Digital Factory is proposed.

The second use case shows a filtering and validation methodology for synthetic
data generators of machinery sequence in production planning. Hereby, two ap-
proaches using transitionmatrices, a Bayesian network, and a transformer network
are compared for their degree of realism. The modified Hopfield neural networks
improve the presentedmethodology by adding a filtering via the anomaly detection
capability and also by providing the validation mechanism via the classification
model. The results are rather robust and indicate that the Bayesian network and
transformer network are both suitable data generator models, which coincides
with former results. This use case highlights, complementary to the first use
case, the processing of sequence data by a modified Hopfield neural network as
well as the similarity metric derived from its classification model. The applica-
tion of modified Hopfield neural networks can therefore enhance data generation
methodologies for simulations in production planning.

The third use case proves the applicability of the model outside of the manufactur-
ing domain in a medical use case from the field of oncology. While the model is
underperforming in a multi-class classification, it outperforms the state-of-the-art
in a two-class classification and anomaly detection application within this domain
in addition to a higher explainability of the results.

Subsequently, the use cases are discussed in detail and the limitations of the mod-
ified Hopfield neural networks are derived. A main limitation is the requirement
of an ontological data set of correct instances for the training and the rather subop-
timal performance in multi-class classification tasks. However, the explainability
and high performance in two-class and anomaly detection cases are strongpoints
of the introduced model. In addition, the high data requirements are a limitation
of other AI models within the state-of-the-art and a trade-off for not requiring
manual addition of expert knowledge.
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Lastly, the relation to the common layout of neural networks is discussed. The
main differences are the single fully-connected layer layout, as also common in
Hopfield networks, and the activation of edges and not vertices. In addition,
the evaluation of the energy function as output differentiates the layout from
conventional neural networks.
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Lastly, this concluding section provides a summary of the key aspects and conclud-
ing remarks about this thesis, the research questions, and the proposed modified
Hopfield neural network. Subsequently, an outlook and recommendations on
future research based on the findings in this thesis is given.

6.1 Conclusion

First, the key aspects of the different section of this doctoral thesis are highlighted
and discussed within the context of the whole thesis.

In Section 1, the core idea of a support system in production planning is defined.
By using the knowledge of former production systems, it is possible to derive
optimizations for newly planned systems. Faults in the planning data can be
analyzed and countermeasures derived. Core of the support system is an AI
engine, which utilizes production databases, digital models, and simulations in
order to draw inferences for the planned production system. This AI engine can
feedback recommendations to a planning expert. Based on these considerations,
five main business-related objectives are defined which a support system should
target: requirement definition, system design optimization, documentation, risk
analysis, and analysis of fault events. Using these objectives, this section provides
a comprehensive problem statement for the subsequent sections.

Section 2 aims at providing the reader with the required background of production
planning, the Digital Factory as the paradigm which an AI support system is
embedded in, knowledge-based systems, and fault detection. The context in
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which an AI support system is deployed, the scope of production planning, and
the use cases are therefore refined in this section. In more detail, the use case
of fault detection during the rough planning phase of production planning is of
particular interest since it enables a cost-efficient, feasible, and economic starting
point to evaluate the planning scenarios using a support system which provides
recommendations and evaluates the risks of fault events to occur. In order to
provide context to planning scenarios and utilize human-understandable as well as
machine-readable knowledge, the use of ontologies is recommended. Therefore,
the use case of the AI support system is refined as a reasoning engine within a
knowledge-based system in the Digital Factory in order to detect faults within the
rough planning phases.

These use cases are then fleshed-out into two applied research questions in Section
3 which this thesis is based on. In order to find the gaps in the body of literature,
a structured literature research is conduced. Using this, different state-of-the-art
models can be differentiated, namely: rule-based models, optimization models,
and AI models. In addition, the precise use cases in which these models are
enrolled can be derived. Subsequently, the body of literature is examined in
this section and a gap in the research is found. Process and resource planning
use cases currently require a significant amount of manual domain knowledge
in order to create rule-based models or optimization functions. Thus, an AI-
based solution might circumvent the high-effort rule and optimization function
definition and would enable a more efficient process planning. However, the
maturity of the current state-of-the-art solutions using AI models in production
planning is relatively low because the required high number of labeled data and
the limited explainability are hurdles in their application. Based on these findings,
two research questions are derived. The essence of these two research questions is
the development of an explainable and accurate AI support system for process and
resource planningwithout the requirement formanually added domain knowledge.

These questions are at first operationalized as principles and objectives of an AI
support system in Section 4. Using these principles and objectives, the proposed
AI model is introduced and its mathematical foundations explained in greater
detail. The core idea is the modeling of ontological information of the planning
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data as a graph network. Instances are represented by vertices and the relations
between instances are the edges of the graph. This graph layout is also the base
for the introduced modified Hopfield neural network. In contrast to commonly
applied neural networks, the introducedmodifiedHopfield neural network is based
on the activation of the edges not vertices. By defining an energy measurement
based onHopfield networks and the Lenz-Isingmodel, it is possible to evaluate the
similarity of a new graph network to the set of given correct, also true negatives,
graph networks applied during the training. This is possible by training theweights
of the edges; high weights indicate that these connections between two vertices,
ergo the combination of two underlying instances within the planning scenario of
the domain application, are more commonly active than inactive. Thus, the energy
criterion enables an anomaly detection and classification model. In addition, the
weights of these edges provide a human-understandable and highly interpretable
decision logic of the AI model. Lastly, the model should be implemented in the IT
landscape considering the relevant interfaces of the support system to databases,
data governance, and UX design.

Subsequently, Section 5 provides three use cases in order to prove the feasibility
of the modified Hopfield neural network. The first use case from process planning
is discussed in greater detail and highlights the high predictive performance of
the model in finding anomalous process planning set-ups. In this use case,
the introduced AI model outmatches the state-of-the-art AI models for process
planning tasks. In addition, the recommendation procedure for correcting process
combinations is shown and proven to be effective. The second use case shows an
application in the field of simulation and synthetic data generation for machinery
sequences in which the proposed AI model is successfully embedded. This use
case proves the model’s applicability for sequential information during process
and resource planning. The third use case also shows the applicability of the AI
models in use cases outside of manufacturing and production planning and thus,
proves it viability as an explainable AI model on its own. Lastly, this section
provides a discussion of the application scenarios, limitations, and similarities to
commonly applied neural networks. In detail, the proposed AI model is limited
by the graph structure of the underlying use case and requires a cleansed data
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set of a sufficient number of true negative instances. However, the model is way
less restrictive and complex in its necessary (hyper-)parametrization or database
requirements then most state-of-the-art AI models.

The introducedAImodel, themodifiedHopfield neural network, is indeed capable
of fulfilling all defined requirements, objectives, and research questions. Firstly, it
enables a requirement and system design optimization during the rough production
planning by its recommendation function, which is successfully demonstrated in
the process planning use case of Section 5. Secondly, its high explanatory value
also enables a clear and human-understandable method in order to analyze faults
and risks, which are evaluated and detected by the anomaly detection model,
within a planned layout or process combination. The structured embedding of
this model is then capable of providing a clear documentation procedure for
production planning by providing a case database. This case database is utilized
by the classification capabilities of the introduced AI model.

The comprehensively discussed use cases demonstrate that the introduced AI sup-
port system can be successfully utilized in the under-researched fields of process
and resource planning using AI models. The modified Hopfield neural network
requires as a base just a structured data model, e.g., given by an ontology, but does
not require any manual domain knowledge during its implementation. There-
fore, the AI model is fully data-driven which separates itself from rule-based
or optimization function-based approaches where a high initial manual effort in
modeling is required. The required data amount is also comparably low and in
addition, the model does not require fully labeled data sets but only true nega-
tive, meaning correct, instances of production systems for the training procedure.
Thus, modified Hopfield neural networks overcome two common limitation of AI
models: a high necessary amount of data and its labeling. It is therefore concluded
that the introduced modified Hopfield neural network completely fulfills the first
research question of this thesis.

Regarding the second research question, the modified Hopfield neural network
fully adheres to XAI principles and enables a highly interpretable and human-
understandable method for evaluating classification as well as anomaly detection
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results. In addition, the model does not mask its complexity but can provide
interpretations based on the user’s requirements from high-level interpretations
up to detailed derivations of the mathematical decision process of the model.
In all use cases, the Hopfield neural network also demonstrated a high accuracy
and predictive performance, even outmatching state-of-the-art models such as
Autoencoders, one-class SVM, and Isolation Forest in anomaly detection tasks.
Thus, it is concluded that the introduced modified Hopfield neural networks do
fully encompass the requirements set by the second research question of this
thesis.

To summarize, the proposed AI model fulfills the two research questions, which
are derived from a structured literature review, and also enables the initially de-
fined business case regarding support systems along the use cases of process and
resource planning. Therefore, the objectives and tasks of this doctoral thesis are
successfully fulfilled. This thesis provides the research and practitioner commu-
nity with a novel and versatile AI model with high accuracy and XAI capabilities.
This AI model in particular improves the current state-of-the-art in production
planning by providing a solution for two under-investigated field within production
planning.

6.2 Future Work

Five relevant future research objectives and topics in the field of support systems
in production planning emerge from this doctoral thesis: the development of fully
autonomous planning tools, the generalization of the modified Hopfield neural
network model for more use cases, the standardization of the model, the practical
embedding of modified Hopfield neural networks into the business operations of
a manufacturing company, and increased efforts in the elaboration of the Digital
Factory definition as well as in the development and application of AI methods in
production planning.
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First, as discussed in the conclusion, the objective of developing an autonomous
production planning is still not fully satisfied by the proposed Hopfield neural
network. While it provides a recommender system which enables an accelerated
and semi-automated production planning, main tasks are still manually conducted.
This is in particular true for the many interfaces of the rough production planning
with further planning activities in the detailed planning. An autonomous planning
system would require a holistic system whereby the AI support system proposed
here is a subdomain which needs to be completed by, among others, collaborative
virtual environments, generative layout and process planning software, and a
Cyber-Physical Systems system landscape as an enabler. This thesis adds another
important piece into the objective of autonomous production planning and thus,
enables further research progress regarding this topic.

Second, the modified Hopfield neural network layout proved itself highly useful
in the excursus in the domain of gene networks. However, the capabilities of
this novel NN layout should be carefully tested and evaluated in further use
cases outside of the manufacturing domain. Furthermore, a set of more diverse
parametrization should be tested in order to show the effects of, e.g., learning
rate, decay, and reduced learning rate in multiple use cases and further prove for
more use cases and domains that the network layout is stable with an easy and
fast parametrization.

Third, themodel can be further generalized for all kind of use cases in the anomaly
detection and classification of graph networks. The author indeed plans to further
develop the modified Hopfield neural network model in order to provide a library
in the programming language Python for the research and practitioner community
shared via the programming platform Git Hub. This library should enable a fast
and simple embedding of modified Hopfield neural network into data science
projects. Main objective of this library is a flexible set-up of the layout based on
an imported ontology and a sufficient parallelization of the training procedure in
order to speed up computational time.

Fourth, the demonstrated use cases are only proof-of-concepts and no compre-
hensive implementation is conducted of the proposed modified Hopfield neural
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network model into the production planning landscape until now. However, the
concept is currently under discussion by the operative management of Mercedes-
Benz in order to test an embedding of the AI model into current planning tools
in future projects. A full embedding and implementation into the IT landscape
will most certainly bring up new practical challenges and practical questions. The
author will closely accompany any implementation efforts and will provide the re-
search community with relevant findings and lessons learned if an implementation
project is effectively conducted.

Fifth, the discussion regarding Digital Twins, Cyber-Physical Systems, and the
Digital Factory shows that further research is required in order to create a mean-
ingful definition and partition of some of the most prominent research initiatives
in manufacturing. On a similar note, the literature review of the state-of-the-art
indicates that more novel ideas and concepts for the application of AI support
systems in production planning, in particular layout and process planning, are
needed. The maturity of research in process planning is still deficient and does
require more attention by the research community.

This doctoral thesis builds on the knowledge of the scientific community and is
intended to give subsequent ambitious doctoral students opportunities to develop
their research topics. This work is a piece of the puzzle, which should make
it possible to add further pieces in order to develop humanity one small step
further at a time. The author is excited to see what will follow based on his five
recommendations for future research topics and how the modified Hopfield neural
network model will be further developed and utilized in the future.
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The connection matrix M, which requires an edge between all pairs of active
process groups and a loop if a process group is active twice, can be computed by
algorithm 1 as proposed by Spoor and Weber (2024).

Algorithm 1 Create a connection matrix
Input:

Process combination set C
Output:

Connection matrixM of size V × V
1: Set i = 0, j = 0, a = 0, b = 0
2: for i ≤ V do
3: for j ≤ V do
4: Setmij = −1
5: Set j = j + 1
6: end for
7: Set i = i+ 1
8: end for
9: for a ≤ ‖C‖ do
10: Set i as the a-th element of C and b = a+ 1
11: for b ≤ ‖P‖ do
12: Set j as the b-th element of C and b = b+ 1
13: Setmij = 1 andmji = 1
14: end for
15: Set a = a+ 1
16: end for
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The algorithms for the training, testing, and recommendation procedure of the
modified Hopfield neural network are provided by Spoor and Weber (2024) using
pseudo code. Algorithm 2 describes the training procedure, algorithm 3 describes
the testing procedure, and algorithm 4 describes the recommendation procedure.

Algorithm 2 Training Phase
Input:

Data set X of size T × V × V
Parameter:

Training rate α
Reduced training rate β
Decay γ

Output:
Trained weights matrix W of size V × V and correction value θ

1: Set t = 1
2: for t ≤ T do
3: Set i = 1
4: for i ≤ V do
5: Set j = i
6: for j ≤ V do
7: if

∑V
j=0mij > −V or

∑V
i=0mij > −V then

8: Set wij = wij + α
(
1− r tT

)
(mij − wij)− d ∗ wij

9: Set wji = wij
10: end if
11: Set j = j + 1
12: end for
13: Set i = i+ 1
14: end for
15: Set t = t+ 1
16: end for
17: Set θ = 2

V (V+1)

∑V
i=0

∑V
j=i wij
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Algorithm 3 Testing Phase
Input:

Process connection matrix M of size V × V
Parameter:

Trained weights matrixW of size V × V and correction value θ
Critical energy Hcrit

Output:
Measured energy H
Statement if process classifies as outlier

1: Set a = 0, i = 1, and H = 0
2: for i ≤ V do
3: Set j = i
4: for j ≤ V do
5: Set H = H − wij ∗mij

6: if mij = 1 then
7: Set a = a+ 1
8: end if
9: Set j = j + 1
10: end for
11: Set i = i+ 1
12: end for
13: Set H = H + a ∗ θ
14: if H > Hcrit then
15: Outlier = TRUE
16: end if
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Algorithm 4 Recommendation Phase
Input:

Process combination set C
Parameter:

Trained weights matrix W of size V × V and correction value θ
Critical energy Hcrit

Output:
List of recommendations C∗ and energy improvements H∗ of size n+ 1

1: Set n = 0, removed = FALSE
2: Compute H and M from set C using algorithm 1 and 3
3: Set C∗0 = C and H∗0 = H
4: while H∗n > Hcrit do
5: Set Imax = 0 and i = 1
6: for i ≤ V do
7: if ‖C∗n ∩ {i}‖ > 1 then
8: Set C∗ = C∗n − {i}
9: end if
10: if ‖P ∗n ∩ {i}‖ = 1 then
11: if removed = FALSE then
12: Set C∗ = C∗n − {i} and removed = TRUE
13: Set i = i− 1
14: else
15: Set C∗ = C∗n + {i} and removed = FALSE
16: end if
17: end if
18: if ‖C∗n ∩ {i}‖ = 0 then
19: Set C∗ = C∗n + {i}
20: end if
21: Compute H ′ and M′ from set C∗ using algorithm 1 and 3
22: Compute Ii = H −H ′
23: if Ii > Imax then
24: Set Imax = Ii, Copt = C∗, and Hopt = H ′

25: end if
26: Set i = i+ 1
27: end for
28: Set n = n+ 1
29: Set C∗n = Copt and H∗n = Hopt

30: end while
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