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Abstract. A matrix-structured manufacturing system
represents a flexible manufacturing system that com-
bines volume- and variant-flexible production and strives
for efficiency. The system is a modular, cycle-independent
manufacturing concept in which all workstations are
linked by a flexible transport system. Due to the function
of the manufacturing system, the requirements at the in-
dividual workstations are not known in advance. There-
fore, the planning of the material supply according to re-
quirements is a relevant target value in the planning and
design of such a flexible manufacturing system. In order
to support the planning, the characteristics of material
supply can be investigated with the help of an agent-
based simulation. However, the simulation results must
be examined in more detail in order to be used for plan-
ning flexible manufacturing systems. Therefore, data
analysis can be used to derive necessary knowledge from
the simulation data. In this context, the aim of this paper
is to support the planning of flexible manufacturing sys-
tems by developing and validating a simulation-based
data analysis framework.

Introduction

The line-oriented production is the main production prin-
ciple in numerous industrial companies. Considering
these companies in detail, a variety of challenges can be
identified. Among these are a strongly fluctuating de-
mand, decreasing product life cycles and an increasing
amount of variants [1].

These influences increase the flexibility and effi-
ciency requirements for the production system. The con-
cept of a matrix manufacturing system (MMS) helps to
meet the aforementioned challenges with a high degree
of flexibility and scalahility [2]. Figure 1 provides the
graphical comparison of both manufacturing systems.
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Figure 1: Comparison of (a) line configuration and
(b) matrix manufacturing system [3].

The matrix-structured manufacturing system is com-
posed of modular and decoupled workstations (WS),
which are internally connected by a flexible transporta-

tion system (Figure 1).
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The material flows are coordinated by an intelligent
production control system within the manufacturing sys-
tem.

An elementary component of every production sys-
tem is the internal material supply, which provides the
required components. This process has significant influ-
ence on the efficiency of the whole production system.
The network-related structure of the MM S consists of an
uncoupled modular and redundant WS design. This de-
sign leads to multiple demand locations for the same ma-
terial or modules. Therefore, the destinationsand individ-
ual routing of the materials are not known beforehand.
The assignment of products to the WS is performed by
the production control system at short notice and is par-
ticularly dependent on the specific circumstances within
the manufacturing system. This limits the planning of
material supply and reinforces the need for responsive-
ness and flexibility [3].

Thedesign of this manufacturing approach causes nu-
merous dynamic and stochastic effects. These increasing
uncertainties of the system have adirect effect on the ma-
terial supply strategy. To overcome these challenges al-
ready during the planning phase, this paper develops a
methodology that uses ssimulation results as a basis for
data analytics to identify and control relevant system pa-
rametersin an early planning stage of aflexible manufac-
turing system using an MM S as an example.

1 Planning of Matrix
Manufacturing Systems

In order to specify the MM S planning challengesin more
detail, the requirements on material supply strategies are
explained in Section 1.1. In addition, Section 1.2 dis-
cusses different approaches to simulating MM S and de-
rives the need for further research with a specific focus
on the material supply strategy within the MMS.

1.1 Requirements on Material Supply
Strategies

The material supply isacentral component of the MMS,
because — in contrast to line configuration — no materials
are stocked at the individual work stations. Therefore, in
order to determine the material supply requirements
within the MMS, the influencing factors on the one hand
and the design on the other hand must be determined. Due
to the fact that the material supply belongs to the logistics
system, it is part of the higher-level production system.
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Thus, the characteristics of the production system de-
fine the framework conditionsfor the design of the mate-
rial supply. Furthermore, the characteristics of the mate-
rial spectrum to be provided have a major influence on
the design of the material supply. Theseincludelogistical
(e.q., frequency of use), physical (e.g., volume) and han-
dling (e.g., bulk material) properties of the material spec-
trum to be provided [4]. In order to gain a better under-
standing of the differences between the line configuration
and the MMS, Table 1 shows the central characteristics
of the respective manufacturing system configurations.

MMS
configuration

Requirements Line
configuration

Delivery

locations single multiple
Material dependent on _
bundling assembly order  "2vdly possible
Short-term . Variable/

i ; fixed !
capacity planning dynamic

Table 1: Comparison of selected design parameters
for line configuration and MMS [3].

Thedesign of the MM S network structure of unlinked
modular workstations and the multi-redundant structure
lead to several possible delivery locations for the same
material or modules. This requires a ssimple WS layout,
which enables an easy design of the supply of the respec-
tive WS. Furthermore, the source-sink relationships are
dependent on the respective system status and the se-
lected production control logic in an MM, because they
need to react variably and dynamically. This results in
different supply locations for individual workpieces
(WP) within a system. Due to the missing planning base
as a result of the dynamic system behaviour, a bundling
of required materialsfor supply ishardly manageable[3].

Once the materia is fed into the production system,
the WS on which the product is processed are not known
as they are determined by the production control system
on short notice and depending on the individual situation.
Thisleadsto arenunciation of short-term material supply
planning [3].

In addition, due to the lot size of one, the number of
transport operations within the MMS increases. Due to
the architecture of the MM S as a network structure, there
is an overlap between the product transport and the ma-
terial supply.



Assuming a high number of transport processes, the
risk of blockages on the transport routes increases signif-
icantly, resulting in increased uncertainties in the overall
manufacturing system. In this context, deadlocks can oc-
cur especially in close-meshed layouts. For example, de-
centrally controlled automated guided vehicles (AGV)
trigger a circular closing and completely block each
other. This must be prevented; otherwise, the entire sys-
tem will be blocked due to missing material supply and
product transport [5].

1.2 Simulation of Material Supply Strategies
within MMS

Simulation is applied to support the planning process of
production systems. For this purpose, smulation is used
especialy in industry and research as a method of repre-
senting and imitating real systemsasafunction over time
[6]. Simulation is often used to validate, analyse, and op-
timise flexible systems, such as production logistics sys-
tems [7]. In manufacturing, methods of simulation are
used for awide range of tasks. Most common are layout
design, planning, analysis, and optimisation of manufac-
turing systems [8]. Furthermore, simulation offers the
chance to analyse cause-effect relationships within the
system and to represent the system behaviour in a com-
prehensible way [6, 8].

Greschke et a. introduce a methodology that strives
to combine flexibility and profitability for assembly
lines. Therefore, identical cycle times of all products are
eliminated and the process is kept smooth. By focussing
on a systematic assignment of several operations to spe-
cifically equipped WS and by controlling the correspond-
ing distribution to ensure the dynamic configurability of
the system, the MM S design isimplemented [2].

Following this approach, Schénemann et a. more
specifically focus on the main principles, elements, and
control strategies of the MMS. Therefore, a simulation
approach is introduced and discussed to evaluate differ-
ent MMS control strategies. A use caseis applied to val-
idate the simulation approach for the planning of MMS,
However, no detailed consideration is given to material
supply strategies within the MMS9].

Buth et al. focus on agent-based simulation approa-
chesto increase the flexibility of manufacturing systems
by using industrial grade software tools. The authors,
therefore, introduce a generic methodology for imple-
menting agent-based logic on an MM S use case [10].
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Focussing more specifically on logistics, Kern et al.
introduce five different material supply strategies for the
future modular final assembly in automotive manufactur-
ing. Applying this concept in a use case of pre-assembly
at a German automobile manufacturer, a space reduction
of 15 % could be achieved. However, the performance of
the concept has not undergone any validation [11].

Filz et al. built up on the concept of Schonemann et
al. [9] and expanded the MM S simulation approach with
afocus on material supply strategies. Therefore, different
material supply strategies are modelled and analysed
with regard to predefined key performance indicatorsin
an agent-based simulation environment [3].

Nevertheless, none of these approaches regarding the
agent-based simulation of MM S anticipate decision sup-
port under consideration of uncertaintiesfor the planning
of material supply strategies within an MMS. Moreover,
none of these approaches can help to understand and gain
insight from various simulation runs. Consequently, the
planning process of highly flexible systemsliketheMM S
cannot be supported by previously validated planning pa-
rameters of the material supply system.

2 Data Analysis Framework for
Planning of Flexible
Manufacturing Systems

Previous investigations regarding simulation of flexible
manufacturing systems, such as the MMS, show that
these systems are highly dynamic and hardly predictable.
This impedes the planning process of such systems. In
order to support the planning process from an engineer-
ing perspective, decision support for relevant planning
parameters is necessary. Therefore, a framework is pre-
sented in the following that supports the planning process
of flexible manufacturing systems by applying a data
analysismodel on simulation results. The aim of this mo-
del isderiving knowledge based on simulation datain or-
der to draw conclusions and to gain insight into interde-
pendencies between different parameters, providing de-
cision support for the planning of such manufacturing
systems. In this context, decision support is understood
as atarget-oriented analysis of the simulation results un-
der consideration of the stochastics and uncertainties of
the manufacturing system for the most robust derivation
of sensitivities and, thus, design parameters for the man-
ufacturing system.
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Figure 2: Data analysis framework for planning of flexible manufacturing systems (based on [12]).

The framework is based on the knowledge discovery
in databases approach of Fayyad et al. as a standardized
and widely-used procedure[12]. Moreover, it is extended
to the specific requirements and application of simula-
tion-based data.

The data analysis framework for planning of flexible
manufacturing systems within this paper consists of sev-
eral stepsthat are shown in Figure 2.

Initially, asimulation model hasto be built. Since the
focus of this paper is on the data analysis of simulation
results, the development and validation of a simulation
model is neglected.

Within the first step of the developed framework for
simulation-based data analysis, necessary datafor further
analysis have to be generated. Therefore, various simula-
tion test series have to be carried out for data generation.
Since the manufacturing system is subject to stochastic
and dynamic behaviour, the data used for analysis need
to reflect the most representative system behaviour.
Therefore, several target parameters that are relevant for
the planning of the specific system have to be detected.
In order to gain a deeper understanding of the system be-
haviour and the influence as well as interactions of the
individual parameters, a parameter variation with corres-
ponding simulation runs has to be carried out. Thereby,
the behaviour of the individual parameters as well asthe
entire system can be monitored. In order to create the ba-
sisfor asubsequent analysis, it is necessary to have a suf-
ficient number of simulation runsthat cover all necessary
parameter combinations. Furthermore, the simulation re-
sults must be saved in a way that allows for subsequent
analysis.

After acquiring simulation results, the target data
need to be selected. For this purpose, the data are ana-
lysed regarding their importance for a larger scheme or
system (e.g., utilisation of manufacturing system).
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Inthis context, clustering methods can be used for un-
supervised learning or classification for supervised learn-
ing approaches. The advantage of a clustering approach
liesinthefact that automated and comprehensible thresh-
olds between different parameter ranges can be defined.
The choice of approach depends on the respective appli-
cation [12].

The target data sets identified in this process will be
used for further analysis. Moreover, the previously iden-
tified data sets are examined for their effect on the target
value. Therefore, a correlation analysis of the parameter
regarding thetarget value (e.g., utilisation of manufactur-
ing system) is performed. The parameters with the high-
est correlation coefficient regarding the target value are
considered for further steps.

Furthermore, the collected data need to be prepro-
cessed to ensure data quality. Thus, the data must be con-
verted into a format that allows for further processing.
Thisincludes, for example, the xlsx or CSV format. With
the help of data structuring, the collected data are trans-
formed into processable data types. In addition, the data
need to be formatted to make them suitable for further
analysis. Nevertheless, the data are filtered with respect
to the analysisaim (e.g., selection of material-supply-re-
lated data).

Thedataanalysisis supposed to offer insightsintoin-
terdependencies between different parameters and their
effect on the overall manufacturing system. For this pur-
pose, the sensitivity of the parameters regarding the tar-
get value is analysed. Principally, different methods of
data analysis can be used for this, such as data mining.
On the one hand, this can be used for quantifying and
ranking the effect of individual parameters on the target
value. On the other hand, the identified parameter ranges
can be used to obtain information on how such a system
is to be planned in order to obtain optimal utilisation or
performance.



In this context, for example, box plots as statistical
methods can be used to analyse the distribution of the pa-
rameters with regard to their target value. A boxplot isa
diagram to display the distribution graphically. With the
help of aboxplot afirst impression about the location and
thedistribution of datain acertain range can be given[13].

Within this developed framework, the data analysis
aims at determining the optimal parameter combinations
and their ranges. By using data analysis methods, param-
eter interdependencies can be identified and be provided
as input and support for planning purposes. The tool is
designed for the usage by different application groups
such as planning or quality engineers.

With the help of the data analysis, knowledge as de-
cision support is available, in which exact influences of
individual parameters as well as parameter ranges and
sensitivities are defined to reach the optimal target value.

For the improvement of the planning process of flex-
ible manufacturing systems, the acquired knowledge can
be used to improve the simulation model as a feedback
loop aswell asto support the overall planning process of
efficient and flexible manufacturing systems.

3 Application of the Decision
Support Model on a Matrix
Manufacturing System

Since the MMS is highly flexible and dynamic, it is a
hardly predictable system. This sets particularly high de-
mands on the material supply system in terms of flexibil-
ity and responsiveness. Therefore, the previously intro-
duced framework for decision support for flexible manu-
facturing systems is applied to the planning of the mate-
rial supply strategy within the MMS.

For this purpose, an existing hybrid simulation model
for the MM S with a focus on different material supply
strategieswill be used for simulation-based dataanalysis.
The simulation model is based on existing work by Filz
eta.[3].

After implementing the simulation model, multiple
simulation runs are performed with afocus on the respec-
tive material supply strategy to generate test series.
Therefore, a parameter variation is carried out that con-
siderscentral planning parameters of thelogistics system.
During this process, the overall utilisation of the produc-
tion system is set as a target value that describes the av-
erage working time of al individual ressources (e.g., ma-
chines) within the entire manufacturing system.
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Each simulation run was carried out with 500 prod-
ucts. In total, about 3,000 simulation runs were carried
out that cover the combinations of the selected parame-
ters. Moreover, the simulation results were saved in an
Excel spreadsheet for further processing. Table 2 gives
an overview of the selected parameters for the parameter
variation with their respective minimum and maximum
values aswell asthe iteration steps.

Parameter minimal  max.imal  Step
value value size

Amount of products 6 13 1

in system

Amount of AGV 2 18 1

Velocity of AGV 0.5 15 0.1

[m/s]

Loadingtime AGV 25 35 2

Unloading time AGV 25 35 2

Table 2: Selected parameter variation for test runs.

Within the framework, the target data are identified
in a first step. In this use case, a k-means clustering
method with six clustersisapplied in order to identify the
target data sets with a high utilisation of the manufactur-
ing and logistic system. In addition, clustering is used to
provide atransparent separation between the data. There-
fore, athreshold at 0.19 for the overall utilisation of the
manufacturing systemis set. Consequently, only data sets
that lead to a utilization of the manufacturing system over
0.19 will be used for further analysis (Figure 3a).

Furthermore, acorrelation analysis of thefiltered data
is performed to identify the parameters with the highest
impact on the target value of the overall manufacturing
system utilisation.

Figure 3b displays the results of the correlation anal-
ysis in a ranked order. Based on this, the parameter
“Amount of AGV” hasthe highest correlation coefficient
with 0.62, followed by “Velocity of AGV” with 0.22 and
“Amount of products in system” with 0.11.

For the purpose of data preprocessing, the selected
data are checked for formal criteria such asdatatypein a
first step. Within the preprocessing, the removal of noise
or handling missing values within the target data sets is
extremely important in order to be able to carry out the
necessary calculations efficiently and in atarget-oriented

way.
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However, the median changesonly slightly during the
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Figure 3: Identification of target data:
(a) Data clustering for defining threshold;
(b) Ranking of parameters based on
correlation coefficient.

Within the data analysis step, a sensitivity analysisis
performed. The previously selected parameters are ana
lysed with the help of aboxplot to further identify at what
range the parameters need to be set to ensure a high utili-
sation of the manufacturing system. Figure 4 displaysthe
boxplotsof theidentified parametersinrelation to thetar-
get value as a basis for sensitivity analysis.

Figure 4a graphically displays the behaviour of “Ve-
locity of AGV” with theregard to the“ Overall utilisation
of the manufacturing system”. The results show that the
parameter values fluctuate between 0.2 and 0.7 of the uti-
lisation of the manufacturing system.

between 9 and 11 AGV. This results in the fact that an
additional provision of AGV does not lead to an increase
of the utilisation of the manufacturing system and can,
therefore, not be recommended.

After the individual parameters have been analysed
with regard to their behaviour on the target value, the
next step isto determine the optimal parameter combina
tion. Within this use case, the assumption is made that the
utilisation rate in such a flexible manufacturing system
should be over 60 percent. To determine the optimal pa-
rameter combination, a decision tree is used to optimise
the overall utilisation. With regard to the planning of the
materia supply within a flexible manufacturing system,
the results show that the combination of 9 to 11 AGV
with a velocity between 0.75 and 0.95 m/s seems to be
the most robust combination. Ideally, there will be 9 to
11 products within the system at the same time.

a) b) c)
"GpEg 0.7 0.7 07 |1 IEER RS S|
cwn
§% oo os | Tt AMAAA
S > 05 05 0.5 1
S £ 1
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in system
Figure 4: Sensitivity analysis of target parameters in relation to target value.
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4 Conclusion and Outlook

Within this paper, adata analysis framework for planning
of manufacturing systems was developed and imple-
mented in a use case regarding the material supply strat-
egy within the MMS. The use case shows the consistent
implementation of the framework from the running of
simulation test seriesto data analysis of the generated re-
sults. With the help of the developed framework, the pa-
rameters “Amount of AGV”, “Velocity of AGV” and
“Amount of products’ could be identified as particularly
important for the overall utilisation of the manufacturing
system. Especially the parameter combinations of 9to 11
AGV with avelocity between 0.75 and 0.95 m/sand 9 to
11 products were identified as optimal to achieve a high
overall utilisation of the manufacturing system.

Since the use case only considered five parameters,
test serieswith parameter variations of all subsystemsare
necessary to overall improve the manufacturing system.
Therefore, it is necessary to analyse the combination of
the parameters in order to be able to determine thisinflu-
ence on the target value. Moreover, only one material
supply strategy for MM S was analysed. In addition, fur-
ther research is needed regarding the usage of data min-
ing algorithms for planning of flexible manufacturing
systems. Using this approach, parameters with signifi-
cant influence on the target values of the entire system
can beidentified at an early planning stage. This may, for
example, enable greater consideration of interactions
with the environment and can be used for the sustainable
planning of manufacturing systems.
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