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Abstract

Over the past six decades, many companies have discovered the potential of computer-controlled systems in
the manufacturing industry. Overall, digitization can be identified as one of the main drivers of cost reduction
in the manufacturing industry. However, recent advances in Artificial Intelligence indicate that there is still
untapped potential in the use and analysis of data in industry. Many reports and surveys indicate that machine
learning solutions are slowly adapted and that the process of implementation is decelerated by inefficiencies.
The goal of this paper is the systematic analysis of successfully implemented machine learning solutions in
manufacturing as well as the derivation of a more efficient implementation approach. For this, three use
cases have been identified for in-depth analysis and a framework for systematic comparisons between
differently implemented solutions is developed. In all three use cases it is possible to derive implementation
patterns as well as to identify key variables which determine the success of implementation. The identified
patterns show that similar machine learning problems within the same use case can be solved with similar
solutions. The results provide a heuristic for future implementation attempts tackling problems of similar
nature.
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1. Introduction

In the past six decades, many companies have discovered the potential of computerized systems in the
manufacturing industry. In the field of machine tools, for example, computerized numerical control (CNC)
enables higher precision machining of more complex workpiece geometry and high repeatability of the
achieved result [1]. Looking at the overall production facility, computer control of the equipment enables a
significantly reduced production time of new components [1, 2]. At the same time, the introduction of
computer-aided design (CAD), computer-aided manufacturing (CAM), and computer-aided quality (CAQ),
among others, led to a reduction in time-to-market of up to 50% [1]. Hence, during the last decades
digitization can be identified as one of the main drivers of cost reduction in the entire manufacturing industry.

Another advantageous side effect of digitization is the increasing generation of new data. For example, many
sensors are installed in today's production machines to allow a more precise control of the machines. The
hereby generated process data harbors the still largely untapped potential e.g., to make predictions about
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component quality during the process. The analysis of the recorded process and machine data can enable
measures to improve, for example, component quality, throughput time and manufacturing costs.
Furthermore, the complete automation of complex tasks, e.g. dynamic order planning based on the measured
real-time data by algorithms, is conceivable. [3]

Despite the advantages of advanced data processing, the technical realization of it is not trivial. Traditional
approaches of developing algorithms, which are based on imperative programming methods, are not target-
oriented due to the increasingly complex challenges of the connected adaptive production (CAP) [4]. Firstly,
the collected data is often of unstructured nature, i.e. the data sources may vary in the recorded format, in
the accuracy of the measurement, or in the unit [5]. Secondly, the large number of sensors within a machine
leads to a very high dimensionality of the data set [5]. This can lead to problems in the calculation of standard
computational operations. Uncovering the insights inherent in the data thus requires a novel approach to
programming algorithms.

Machine Learning (ML) methods offer the potential to circumvent problems of traditional programming [6].
The use of ML has three main advantages over classical methods of programming and is consequently
promising to exploit in the CAP: [7]

1. the ability to recognize complex relationships and uncover previously hidden causalities [6, 8],
2. to adapt to dynamic environmental conditions [3, 6],
3. to continuously improve analysis results [6, 9].

Although the general potential of ML is well known and the methods of ML are very well understood and
described scientifically, the transfer to real applications is slow. According to a survey 2019 conducted by
CAPGEMINI, the percentage of automotive companies using ML on a large scale is only 10% [10]. Although
there are several successful pilot projects in industry, companies do not recognize all relevant fields of action
of this technology [10, 11].

A possible cause of the slow adoption of Machine Learning Systems (MLS) is the difficulty in selecting the
best algorithm and systematic data preparation [6]. Moreover, managers’ and employees’ lack of experience
hinders the development and efficient use of MLS [11]. Currently, this leads to high inefficiencies in several
following dimensions in the industry. Developing new MLS without a systematic approach leads to temporal
inefficiencies. An operational MLS created through a trial-and-error approach may not be optimal and results
in technological inefficiencies. Failure to replicate operational MLS or to take advantage of synergies in
developing new MLS leads to systemic inefficiencies. Finally, companies overlook relevant new fields of
application of the technology due to a lack of knowledge of the technological potentials, which can be
described as organizational inefficiency. [11, 12]

Therefore, this paper seeks to overcome the inefficiencies described above and to simplify the future
identification and design process of MLS. Furthermore, this research aims to minimize the dimensions of
possible inefficiencies mentioned in the previous section. For this reason, the goal of this paper is to identify
successfully implemented MLS, to analyze them with respect to their implemented data analytics
technologies, and to derive an implementation heuristic for new implementation endeavors in the CAP.

For this, the paper is structured in six parts. Firstly, an initial hypothesis is formulated based on underlying
physical properties. Secondly, a literature review is conducted. Thirdly, the relevant theoretical background
knowledge is summarized based on the literature review. The methodological approach is outlined, and the
results are derived in the following. Lastly, the results are discussed, and an outlook is given.



2. Hypothesis

As outlined in Chapter I, the manufacturing industry is only slowly adopting ML solutions, despite their
identified potential [10, 11]. As a direct consequence, this hinders established companies with mechanical
engineering background to stay competitive and leaves cost reduction potentials unrealized [10]. Therefore,
the industry is in need of a more efficient implementation approach which factors in and leverages
knowledge of successfully implemented MLS [13].

A working MLS can be very complex and tailored to serve a specific purpose on a specific machine [6]. The
“no-free-lunch theorem” states that “the only way one [algorithm] can outperform another is if it is
specialized to the structure of the specific problem” [13]. From this, it can be hypothesized that similar MLS
consist of similar building blocks that together constitute a pattern. Following this idea, a “divide and
conquer” approach seems promising. For example, one popular problem is to predict the workpiece quality
from sensor data of a CNC machine [3, 14]. Similar processes have similar underlying physical
interrelationships and therefore similar data patterns on an abstract level [15, 16]. For this reason, it should
be possible to tackle similar problems with a similar solution approach. Formulated more specifically to the
given context, it should be possible to take existing solutions of MLS and “copy plus adapt” them to similar
tasks, resulting in an efficient replication and implementation of new MLS. This hypothesis will be examined
in the following chapters.

3. Literature Review

Following the hypothesis of the previous chapter, building blocks of MLS must be identified. For this reason,
existing literature is analyzed to derive these MLS building blocks — in the following also referred to as
characteristic components. The characteristic components of MLS are then used to derive a framework,
which allows for a systematic comparison of different working MLS solutions as well as the search for
patterns.

The analysis of existing literature is divided into two parts: the object area and the target area. The object
area is focusing on literature which is a necessary foundation of this paper. The analysis of the target area
focusses on topics that are helpful to achieve the overall goal of this paper. Following this differentiation,
the characteristic components of MLS as well as key areas, challenges, and untapped potential in the CAP
lay the foundation for this paper. Respectively, the dimensions of the target area are the definition of a
framework for the systematic analysis of different working MLS solutions as well as the derivation of patterns
of working MLS solutions for given use cases. Figure 1 evaluates existing approaches from literature with
respect to the dimensions of the object- and target area. Hereby the degree of fulfillment is indicated by
Harvey balls.
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Figure 1: Analysis of existing literature (split into object area and target area)
[17,18,6,19-21,7, 22, 3, 23, 24, 5, 25]

Figure 1 shows that the fundamentals of ML, including basic approaches to implement MLS, are well
understood and described in literature (cf. A1-A5). The functionalities of different ML algorithms are
explained as well as optimal data model properties are presented. Especially the works of GERON ET AL. and
MULLER ET AL. focus the implementation of individual algorithms [6, 19]. The implementation focus is
beneficial for this paper as several characteristic components of practical projects are discussed. In summary,
the basic approach to MLS implementation is described. Nevertheless, each problem’s individuality still is
a challenge. Often, this leads to implementation inefficiencies in practical endeavors.

The second object area (key areas and challenges and untapped potential in the CAP) is satisfactorily
characterized in the analyzed literature (cf. B10-B13). While different publications focus on different aspects
of challenges in the CAP, the overall results can be considered as sufficient for the purpose of this paper. In
detail, this means that key challenges of the CAP are identified and areas of untapped potential are identified
(e.g. quality prediction, wear prediction, and production planning). Furthermore, the complexity of the
manufacturing processes and the unstructured nature of the recorded process data are highlighted as
challenges.

Regarding the target area’s dimension definition of a systematic framework the framework of SCHUH ET AL.
is to be highlighted, as several dimensions of the analysis are systematically elaborated [7]. However, no
dimension in the framework proposed by the authors relates to data properties or performance metrics. As
stated in the works of BURKOV ET AL. and MULLER ET AL., data properties of MLS have a great impact on
their solution potential [18, 19]. Therefore, the framework presented by SCHUH ET AL. is not optimal for this
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paper. Many other publications present (often only specifically useful) characteristic components of MLS
(cf. C2-C12). Therefore, while many approaches in the existing literature provide elements of a framework,
this first dimension of the target area is considered as not fully covered by existing literature and a refined
framework must be developed.

The derivation of patterns of MLS solutions as the second category of the target area builds upon the first as
a systematic framework has to be utilized in order to enable the search for patterns. Since no systematic
framework is defined, consequently the derivation of patterns cannot be regarded as completely fulfilled
either (cf. D6-D9).

Based on the above analysis two main research deficits are derived. Firstly, existing literature lacks a
complete and standardized framework. The framework of SCHUH ET AL. e.g., lacks characteristic data
properties and performance metrics. Secondly, patterns of working MLS solutions have not been derived in
existing literature. Following the hypothesis stated in Chapter Il that similar problems can be tackled by
similar solution approaches, working MLS solutions have to be analyzed for patterns which then can be
transferred to similar problems.

4. Theoretical Background

As mentioned previously, the framework of SCHUH ET AL. as well as other characteristic components are
essential to the goal of this paper. Taken together, these characteristic components can form a framework
useful to compare differently implemented MLS. The necessity for additional framework elements arises
from the following: Some implementation variables (not mentioned by SCHUH ET AL.), e.g. the data set size,
can be cost drivers in real-world applications and are therefore of interest [26].

4.1 Framework of SCHUH ET AL. [7, 21].

SCHUH ET AL. derive a framework for the systematic description of MLS and use it exemplarily for an
analysis of a MLS [7, 21]. In the following, the framework and its core elements are presented briefly.

The upper part of the framework serves to visualize the diverse influences and backgrounds of Artificial
Intelligence (Al). Likewise, the research area of ML is classified into that of Al. SCHUH ET AL. identify the
following dimensions to enable a systematic comparison of MLS [7, 21]: ML strategy, ML goal, ML
implementation procedure, ML algorithm. According to Figure 2, each of the dimensions presented can have
one expression only. The individuality of a single MLS is abstracted by using the framework. The specific
combination of the characteristics of all dimensions thus form a unique path and enable a systematic
comparability of different MLS.
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Figure 2: Framework proposed by SCHUH ET AL. [21] (Legend: Please refer to paper by SCHUH ET AL. [21])

4.2 Characteristic components by WUEST ET AL. [5]

The importance of the acquired data is highlighted in literature. Challenges are both the relevance of the data
and the most optimal representation of the ingested data within a data model. WUEST ET AL. identify several
characteristic components of MLS that can have a significant impact on the solution potential. Those are the
validation of the selected ML algorithm (by trying and excluding other tested ML algorithms), the data
format, the data preprocessing, and the data set size. [5, 6] The authors present characteristic components
for MLS which measure characteristics of the ingested data. Since this translates into the overall prediction
quality, these characteristic components are relevant for the purpose of this paper.

4.3 Characteristic components by BURKOV ET AL. and MULLER ET AL. [18, 19]

BURKOV ET AL. as well as MULLER ET AL. identify the importance of quantifying the performance of a
functioning MLS. Both, metrics for the prediction quality as well as metrics on prediction and training speed
are derived. The authors identify the performance metrics R? (for regressions), prediction accuracy (for
classifications), training speed, and prediction speed. [18, 19] They state that there are different performance
metrics that are characteristic of MLS. These metrics are of use for the goal of this paper as they give an
indication of potential future performance of identified MLS patterns.

From the framework of SCHUH ET AL. as well as from the characteristic components of other authors a subset
is chosen as part of the refined framework in the next chapter. This refined framework will be the foundation
for the analysis and the results derived in Chapter VI.

5. Methodology

In this chapter the approach and the procedure used for the analyses of working MLS solutions in the
following chapter is outlined. As described in the previous chapters, the goal of this paper is the
simplification of implementing new MLS. It is hypothesized that similar problems might be efficiently
tackled by similar solution approaches. Consequently, a search for patterns is necessary to prove or disprove
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this hypothesis. The underlying methodology will be explained in the following paragraphs and is split into
four steps:

1. Determination of a suitable framework

2. Definition of a procedure for pattern search
3. ldentification and selection of use cases

4. Literature analysis

The presented methodology is not considered without alternative, however, the approach to search for
patterns had much success in the past, especially in the fields of design and action research [27]. Therefore,
the above-mentioned steps are logically valid to produce a repeatable methodology in search of patterns in
MLS.

For the development of a suitable framework, which is as complex as necessary and as effective as possible,
it is crucial to leverage the most suitable literature and adapt it to the goal of this paper. As described in the
previous chapters, SCHUH ET AL. have outlined a framework for MLS with many relevant characteristic
components. However, this framework must be adapted, as it lacks important components, e.g., the data set
size. Moreover, some parts of the framework are included for illustrational purposes, e.g., the influence of
the development of Al. These parts will be removed in this work as they do not contribute to finding patterns.
In the framework of SCHUH ET AL., the dimension implementation procedure e.g., consists of the sub-aspects
programming language and programming library. However, these cannot be taken as characteristic
components as the same solution can be implemented with different programming languages for example
[28]. Two congruent approaches would have different manifestations regarding the characteristic
programming language and therefore would lead to different paths in the framework. This would be a direct
contradiction to the approach of this paper of finding patterns by having similar solutions resulting in similar
paths in the framework. Therefore, these characteristic components will also be removed in this work as they
do not contribute to finding patterns as well.

As explained previously, WUESTET AL. and BURKOV ET AL. have identified additional relevant characteristic
components of MLS (e.g. characteristic data components and performance metrics) [5, 18]. One of the main
challenges in the CAP is the preparation of high-quality data [3, 5]. Since data quality is essential for MLS
performance, it is useful to measure these manifestations in form of characteristic components. Of special
interest are the two characteristic components data preprocessing and data set size, because they often
determine a significant part of the effort/cost in real-world applications. The former describes — if any data
preprocessing has been performed — which technique(s) have been used. The latter describes the data set
size. Often, more data leads to better results of a MLS. However, such data generation for training purposes
is mostly costly in industrial applications. Therefore, a good performing MLS with a smaller data set size is
regarded as ideal. Including performance metrics to the bespoke framework is of high use because this way
the success of a given implemented MLS can be quantified. It is not the goal of this work to derive patterns
for average MLS, as the replication of average MLS will very likely result in another average MLS.
Therefore, a distinction between the performance of an analyzed MLS is necessary. This is achieved by
performance metrics. As one of the most widely used performance metrics, the coefficient of determination
R? is a good characteristic component to measure performance of an implemented MLS [29].

In conclusion, the following six characteristic components of a successfully implemented MLS will be tied
together in a framework. This framework will be used in the following to characterize MLS solutions. It
serves to systematically compare various implemented MLS solutions.



Table 1: Bespoke framework dimensions

Dimensions & Results

Characteristic Component Description Source
Machine learning strategy Implementation approach [7]
Machine learning goal Goal of MLS [7]
ML algorithm Underlying mathematical algorithm [7]
Dataset size Data set size [5]
Data preprocessing Method of data pre-processing [5]
R? Overall performance metric [19]

The framework presented above is used for the analysis of all MLS covered in this research. In this paper
three different use cases based on promising impact to the CAP are selected and their characteristic
components are analyzed for patterns. The first use case to be analyzed is quality prediction. It is a promising
field of research because modern CNC turning and milling machines are already equipped with many
sensors. Thus, the required data basis is already available. However, the potential in this data is still largely
untapped. [24] Connected to this is the second use case wear prediction. Using the above arguments,
generated data is usually not used to predict tool wear. However, implemented MLS solutions can help
reduce costs and machine downtimes and at the same time improve workpiece quality. [24] Production
planning is explored as a third use case. Especially complex systems and production chains can profit from
a more analytical approach. [3] From the perspective of the authors the three use cases described are both of
significant importance to the CAP and potentially to be addressed with MLS. Additionally, there are a variety
of different other use cases which are also suitable for selection, but these three were selected for initial
analysis. Other use cases can be addressed in future research.

Following the definition of the three overarching use cases, a targeted search for potentially helpful literature
is conducted in order to identify successfully implemented MLS. Firstly, the respective use case is combined
with several keywords related to MLS. These keywords range from the simple addition ML to special
algorithms. Thus, a list of possible publications for the respective use case is compiled. In a next step, a
selection based on several criteria aiming to select publications of high quality is conducted. Criteria for the
inclusion of a publication in the final selection are e.g., topic fit, extensive documentation, actual application
of the ML methods, performance quality of the MLS used, validation of the MLS, and number of citations
[30]. At this stage, no detailed content evaluation is performed but a rough selection of literature in a
particular topic area is conducted in order to find as many successfully implemented MLS as possible. In a
next step, each MLS of the respective literature foundation is examined in detail as well as characterized
based on the framework presented. All examined and characterized publications can be found in the
appendix. Finally, analyzing the characteristic components of all selected papers with respect to a particular
use case, patterns can be identified. This is done by determining an “overlap percentage”, i.e., how many
percent of other papers have the same characteristic component.

In this regard, it must be disclaimed that there might be more patterns in the selected use cases. In the
following chapters, three patterns from different use case scenarios are presented. However, both the number
of all possible use case scenarios and the potential set of all patterns within these scenarios exceed the
selection presented in this paper.



6. Results

As described in the previous chapter, the search for patterns and the analysis of the underlying literature
focusses on three use case areas: Quality prediction, tool wear prediction, and production planning. In the
following paragraphs, the findings will be presented for each use case.

6.1 Quality prediction in metal cutting

Firstly, machine learning systems in the field of quality prediction of metal cutting in manufacturing are
specifically investigated. [3]

Most of the publications deal with turning, milling, or drilling of steel or an alloy [22, 31-36]. The underlying
objective of an MLS in this context is to predict the quality of the resulting part or the part surface based on
process variables or parameters [31, 37]. In this context, process parameters refer to variables that remain
constant throughout the entire manufacturing process, for example the feed rate in turning or the peripheral
speed in milling [37]. Process variables are variables that are recorded during the manufacturing process and
are typically not constant over time, for example the cutting force [38]. Both process variables and process
parameters as well as their statistically characteristic values serve as input data set for the respective MLS.
[3,5, 21]

Since the goal is quality prediction, the quality must be numerically defined and measurable. In almost all
publications, a surface roughness parameter was taken as the target value for this purpose, usually the
average surface finish R, or the averaged roughness depth R, (variables named after standard material
properties literature) [12, 39]. From several test series, it was thus possible to create training data sets from
which the MLS generates a quality prediction model [18]. The test data set is then used to check how good
the prediction model is on the basis of new data [19]. In the context of the publications examined, the
following pattern can be identified (values for the coverage can be derived from the appendix):

Table 2: Pattern in quality prediction

Framework Dimensions & Results
Analysis Framework Dimension Specification Coverage
(1) ML learning strategy Supervised Learning 100%
(2) ML learning goal Regression 94%
3) ML algorithm Feedforward Neural Network 75%
(4) Dataset size 23145 f;)()rrttrjslzglggglg(;zs 83%
(5) Data preprocessing No 75%
(6) R? > 98% 73%

6.2 Tool wear prediction

Similar to the basic approach of quality prediction, the goal is the prediction of a property based on the
process data. For this purpose, MLS are trained to classify tool wear or to regress it against a metric. [40]

The prediction of tool wear primarily serves to avoid quality declines due to excessively worn cutting edges
or sudden tool failure [41]. Thus, tool wear prediction should not be considered as a direct value added, but
more as an indirect value-added process. The potential of this use case is enormous, as seen in several
publications [40, 42]. More specifically, several publications successfully attempted to make the prediction
based on the raw data from multiple sensors alone [42-44]. This saves the time-consuming step of data
preparation and in some cases feature engineering methods can be automated [40]. Both are crucial to
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leverage the potential of quality declines and avoid downtimes connected to this. In the context of the
publications studied, the following pattern can be identified.

Table 3: Pattern in tool wear prediction

Framework Dimensions & Results
Analysis Framework Dimension Specification Coverage
1) ML learning strategy Supervised Learning 100%
2 ML learning goal Regression 60%
3) ML algorithm Long Short-Term Memory (LSTM) 60%
(@) Dataset size <500 time series 83%
(5) Data preprocessing Yes, feature extraction 67%
(6) R? >81,3% 100%

6.3 Automated production planning

This use case differs from the two previously described in that the focus is not on a specific manufacturing
process, but on the organization and interaction of different manufacturing processes [5]. Production
planning generally deals with the question of how the production of several, usually different products can
be carried out as optimally as possible [3]. One of the challenges of production planning is job-shop
scheduling [45, 25].

The goal of job-shop scheduling is to identify the optimal allocation of production steps to machines. This
allocation is carried out under technological boundary conditions (machine capacity, fixed production
sequence), temporal boundary conditions (production times), logistic boundary conditions (local distribution
of machines) as well as quantitative boundary conditions (product quantity to be produced). [3, 45] The
abstract formulation of this problem is generally known as the job-shop scheduling problem (JSP) [45]. The
JSP is a nondeterministic polynomial time-hard problem, which is particularly difficult to solve using
traditional programming methods [5, 45, 46].

In addition to the mathematically derivable difficulty of solving the JSP, another challenge of machine
scheduling is evident in practice: Responding to unforeseen events [5]. Bottlenecks in the supply chain,
sudden machine breakdowns, or new high-priority orders — all of these events require rapid rescheduling of
existing machine allocation schedules to ensure optimal allocation of intermediate products to resources.
Consequently, the inclusion of unforeseen events would be a reasonable requirement for modern adaptive
production planning [3].

In order to solve the machine occupancy scheduling problem while implementing the response to unforeseen
events, the reinforcement learning strategy was used in all the publications studied [23, 47-56]. In interaction
with a defined environment, the basic goal of reinforcement learning is the derivation of an optimal action
strategy [20]. The action strategy is guided by a reward function, which is defined by the environment. The
goal is to maximize the expected reward. [6, 18, 20] For automated production planning, the following
pattern can be identified based on all publications examined:
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Table 4: Pattern in production planning

Framework Dimensions & Results
Analysis Framework Dimension Specification Coverage
(@) ML learning strategy Reinforcement Learning 100%
2 ML learning goal n/a n/a
3) ML algorithm Q-learning algorithm 90.9%
4) Data set size n/a n/a
(5) Data preprocessing Yes, by construction of the data model 100%
Performance assessment g - 0
(6) (R cannot be calculated) Significantly better than heuristic methods 80%

In contrast to supervised and unsupervised ML methods, the ML learning goal for reinforcement learning is
undefined according to SCHUH ET AL. [7] Furthermore, no data set size can be defined as this metric does
not exist for reinforcement learning. For this particular ML learning strategy, the “data set” is inherent in the
model which simulates the environment and the reward. For this reason, metric (4) of the table above is not
applicable here.

From a practical point of view, previously identified patterns should enable users to develop new MLS more
quickly. For example, for the first use case (quality prediction), the characteristic components (1) — (5) would
be designing guidelines for the MLS. Especially the algorithm selection and the feature engineering might
have a beneficial impact on the implementation efficiency. Characteristic component (6) will then give an
expectation of the quality of the resulting MLS.

7. Discussion and Outlook

In summary, the goal of this paper was to identify successfully implemented MLS, to analyze them with
respect to their implemented data analytics technologies, and to derive implementation heuristics for new
implementation endeavors in the CAP. In Chapter I, it was outlined that the rising availability of sensor data
and connectivity of machines drive the application of MLS that harbor significant untapped potential for cost
reductions and production efficiencies. In Chapter I, it was found that the process of successfully
implementing new ML solutions can be further improved. It was hypothesized that similar processes have
similar underlying physical interrelationships, therefore similar solution approaches to similar problems
should be possible. In Chapter |11, existing literature was leveraged to build a framework for the analysis of
MLS with respect to different use cases. Important characteristic components of MLS have been identified.
Chapter IV clarified the methodology of this paper and in Chapter V, three patterns have been identified,
which now can be utilized by practitioners when implementing MLS. Based on these results, further
investigations need to be carried out. The identification of more patterns in other areas of the CAP is for
example conceivable. This would help augmenting the speed of adoption and implementation of new MLS
in the manufacturing industry.

Certain steps in the proposed methodology should be critically reflected. Firstly, the bespoke framework has
been tailored to serve the purpose of this paper. It is also possible to derive a different, i.e., more detailed
framework with more framework elements, and still conduct a search for patterns. Secondly, the amount of
analyzed literature varies for each of the three analyzed use cases. In order to augment the validity of each
pattern, the amount of analyzed literature for each use case could be further increased.

In summary, there is a need for further research in the use of MLS in the CAP. Possible directions for this
are the areas of resource optimization, lead time prediction, fault diagnosis, process optimization, or machine
condition monitoring, as all of these areas have a potentially high impact and are still dominated by
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traditional methods of optimization. Also, the identification of further patterns in the already presented
application areas of MLS is conceivable.

Appendix

In the following three parts of the appendix, all the analyzed publications are presented. Furthermore, for
each analyzed publication the manifestation of each framework dimension is outlined. The coverage of each
framework dimension presented in Chapter V1 is a direct derivation of the appended analysis.

A — Sources and analysis of quality prediction papers

Table 5: Literature — Quality prediction

ed Dimensions & Manifestations
Analyze (1) ML
Paper éi?;tnel g)? Ieag?n'\g;oal (3) ML algorithm (4) Dataset size pre(;’r)o'g:;;ng (6) R2
ACAYABAET Supervised Regression Feedforward 273 training, Cut-off of most 98,0%
AL. [31] learning neural network 363 total extreme outliers
(FNN) (5%)
BEATRICEET Supervised Regression FNN 24 training, 27 total No 96,0%
AL.[32] learning
CHANDRASEK Supervised Regression FNN 20 training, 25 total No 94,2%
ARAN ET AL. learning
[33]
CODJOET AL. Supervised Classification Support vector 35 training, Feature selection & 91,4%
[34] learning machines (SVM) 14 testing normalization
DASETAL. Supervised Regression FNN 25 training, Normalization Not
[22] learning 31 total calculated
MIAET AL. Supervised Regression FNN 34 training, No 99,7%
[35] learning 14 testing
MIAET AL. Supervised Regression FNN 27 training, 9 testing No 97,5%
[36] learning
PIMENOV ET Supervised Regression Random Forest 95 training, 105 total No Not
AL. [57] learning (RF) calculated
QINETAL. Supervised Regression FNN 30 training, No 98,4%
[58] learning 10 testing
SAHOOET AL. Supervised Regression FNN 22 training, No 99,0%
[59] learning 5 testing
SCHUHET AL. Supervised Regression Extra Tree 120 training, Feature extraction & 91,7%
[21] learning Regressor (XT) 40 testing feature selection
SENTHILKUM Supervised Regression FNN 18 training No 99,0%
ARET AL. [60] learning
TEBASSIET Supervised Regression FNN 10 training, 5 testing No 98,9%
AL. [61] learning
VENKATAET Supervised Regression FNN 54 training, Normalization 95,5%
AL. [43] learning 15 testing
VRABEL ET Supervised Regression FNN 15 training, No 99,8%
AL. [62] learning 14 testing,
14 validation
ZHANG ET AL. Supervised Regression LS-SVM (least 15 training, No 94,4%
[63] learning squares SVM) 19 testing
Total
Manifest- Supervised Regression FNN < 34 training, No > 98%
ation learning < 15 testing
Coverage 100% 94% 75% 83%2 75%* 73%P

2 based on papers using the FNN algorithm

b based on papers using the FNN algorithm and calculating R?
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B — Sources and analysis of tool wear prediction papers

Table 6: Literature — Tool wear prediction

ed Dimensions & Manifestations
Analyze (1) ML
Paper Lsiz:;?;g)? Ieaﬁ%n’\g;oal (3) ML algorithm (4) Dataset size or e(sz OE:;; ng (6) R2
ANETAL. Supervised Regression Convolutional 500 x 0.5min No (raw sensor data) 90,0%
[42] learning neural network samples
(CNN) + Long
short-term
memory (LSTM)
CHENET AL. Supervised Classification CNN + 1320 data samples Feature extraction 97,0%
[64] learning bidirectional long with 3 physical
short-term properties
memory
(BiLSTM)
network with an
attention
mechanism
(=CABLSTM)
HASSAN ET Supervised Classification LSTM 160 data samples Feature extraction 98,0%
AL. [65] learning with 5 signals each
KLANCNIK ET Supervised Classification Artificial neural 18 samples with 108 Feature extraction 92,6%
AL. [66] learning network (ANN) features each
KUREK ET AL. Supervised Classification LSTM 242 Time series of 5 Discrete Fourier 81,3%
[67] learning different physical transformation
quantities
PROTEAU ET Supervised Regression LSTM 16 samples with No, but dataset is 90,0%
AL. [68] learning complete time series “already filtered"
VENKATAET Supervised Regression ANN 54 training samples, No 91,7%
AL. [43] learning 23 testing/validation
samples
WU ET AL. Supervised Regression Random Forest 285 training Feature extraction 99,2%
[40] learning (RF) samples,
30 testing samples
WU ET AL. Supervised Regression RF 315 data samples Feature extraction 99,0%
[69] learning with
7 signals each
ZHAOET AL. Supervised Regression CNN + 6 signals, No Not
[44] learning CABLSTM 315 data samples in calculated
total
Total
Manifest- Supervised Regression adapted LSTM < 500 time series Yes, feature >81,3%
ation learning samples extraction -
Coverage 100% 60% 60% 83%° 67%° 100%¢

¢ based on papers using the LSTM algorithm
4 based on papers using the LSTM algorithm and calculating R?
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C - Sources and analysis of production planning papers

Table 7: Literature — Production planning

Dimensions & Manifestations
Analyzed 1) ML 2) ML
Paper L(eazrning If(aa)rning (3) ML algorithm ®) Dataset (5) Data (6) Performance assessment
Strategy goal size preprocessing
KUHNLE ET Reinforcement not appli- Trust Region not appli- Yes, through "promising results"
AL. [47] learning (RL) | cable (n/a) Policy cable (n/a) | construction of data
Optimization model
(TRPO)-based
RL-algorithm
OUETAL. Reinforcement n/a Q-learning n/a Yes, through "significantly outperforms
[48] learning algorithm (QLA) construction of data other policies”
model
PARK ET AL. Reinforcement n/a QLA n/a Yes, through "the proposed method
[49] learning construction of data outperformed the other
model baseline methods"
QUETAL. Reinforcement n/a approximate QLA n/a Yes, through "we compare the result of
[50] learning construction of data this algorithm with heuristic
model methods and a multi-agent
approach. It is verified that
this method in general
provides better results [...] in
complex settings"
QUETAL. Reinforcement n/a multi-agent n/a Yes, through "successfully applied
[51] learning approximate QLA construction of data | approach which can help to
model optimally assign workers and
make up for a deficiency”
QUETAL. Reinforcement n/a approximate QLA n/a Yes, through "The experimental results
[52] learning construction of data show that the learned
model dispatching rules are more
cost efficient than most
heuristic rules"
SHAHRABIET | Reinforcement n/a Deep Q-learning n/a Yes, through "performance of the
AL. [53] learning algorithm (DQL) construction of data proposed method is
+ variable neigh- model significantly better than those
bourhood search of the common dispatching
(VNS) rules and GVNS"
SHIVEETAL. | Reinforcement n/a QLA n/a Yes, through "the proposed RL-based
[23] learning construction of data MDRs approach was
model significantly better than the
SOM-based MDRs, SDR
approaches, and other
dispatching strategies."
WANGET AL. | Reinforcement nla DQL + multi- n/a Yes, through "outperforms traditional
[54] learning agent construction of data scheduling algorithms in
reinforcement model terms of optimality of
learning adaption scheduling plans generated™
(MARL)
WASCHNECK | Reinforcement n/a DQL n/a Yes, through "Comparable to human with
ET AL. [55] learning construction of data expert knowledge"
model
WASCHNECK | Reinforcement n/a DQL n/a Yes, through "The system automatically
ET AL. [56] learning construction of data develops global optimal
model scheduling solutions without
human intervention or any
prior expert knowledge"
Total
Manifest- Reinforcement n/a Variant of Q- n/a Yes, through Significantly better than
ation Learning learning algorithm construction of data heuristic methods
model
Coverage 100% n/a 90,9% n/a 100% 80%°

¢ based on papers using the Q-learning algorithm
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