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1. Introduction

The current environment for companies is characterized by 
highly volatile, uncertain, complex, and ambiguous events,
such as changes in globalization, digitalization, or ecological 
challenges [1]. Especially rapidly changing customer demands 
and market requirements as well as regulations on ecological 
sustainability impair their competitiveness, e.g., through high 
and fluctuating energy prices or taxes on CO2 emissions [2].
Hence, robust production systems are required that can cope 
with market demands and are ecologically sustainable. Matrix 
production systems (MPS) as a type of flexible and scalable 
production system, are designed to cope with turbulent 
environments and adapt quickly to events such as changing 
customer demands [3]. MPS are characterized by many design 

options from a structural and control perspective, but so far 
there are no specific insights into how robust MPS are against 
changing customer demands on productivity and energy-
related performance, e.g., energy demand or peak loads.

Therefore, a performance- and energy-based robust system 
design approach for MPS is introduced and subsequently 
applied. It is based on the Taguchi method and incorporates 
advanced experimental planning and loss metrics to assess a 
wide range of system configurations against changing product 
mixes [4]. Subsequently, section two introduces robust system 
design and section three derives a methodological framework. 
It is applied in section four to an industrial use case by means 
of discrete-event simulation (DES), where results are evaluated 
and discussed in detail. Limitations and further research needs 
are pointed out in section five.
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2. Robust production system design

Production systems are complex environments and therefore
their design needs to consider not only controllable aspects and 
parameters, but also sources of variation that are uncontrollable 
and arise from the system environment. Especially considering 
these uncontrollable factors, so-called noise factors, can lead to 
different choices in the selection of the best controllable design 
parameters that meet the performance requirements. Hence, 
approaches to design robust systems and processes aim to
optimize their performance measured by specific indicators and 
simultaneously reduce the effect of external variation by noise 
factors through the thorough selection of design parameters [4]. 
In the context of production systems, different customer 
demands, product mixes, and order sequences are typical 
sources of external variation that can serve as noise factors and 
affect structure and control of systems [5].

The robust system design approach proposed by Genichi 
Taguchi originates from quality engineering and states that 
robust design of manufacturing processes is less costly than
controlling the various existing variables. Its main approach is 
to evaluate the effects of noise factors by well-designed
experiments and identify sets of design parameters that have a 
minimum variation around a target value [6]. In essence, 
uncontrollable noise factors cause variability, and the
controllable design parameters are used to reduce their effect 
on the system response f. To measure the effect of noise factors, 
a specific set of design parameters is assessed multiple times 
with different noise configurations. Loss values are calculated 
to evaluate the variability caused by noise factors. Suitable
design parameters aim to reduce these losses to a minimum [7].
Figure 1 points out the relation between these effects.

Though the overall goal is to minimize the loss values, they 
can be calculated for different performance goals. The 
nominal-the-best function evaluates the deviation from a target 
value m of a performance measure, such as specific output per 
hour. The smaller-the-better function is suitable for 
performance measures that are minimized, e.g., throughput 
time. The larger-the-better formula is used when a performance 
measure is maximized, e.g., machine utilization [7]. Hence, the 
formulas help to assess the variability of specific key 
performance indicators (KPI) and serve as a method to evaluate 
the reliability of the respective system [5].

The formulas are subsumed in Table 1 for the calculation of 
a single loss per noise experiment and an average loss for every 
system configuration that is tested with many noise 
configurations. Here, 𝑦̅𝑦 is the mean loss and σ is the standard 
deviation of the response f from Figure 1 over all noise 
configurations.

Figure 1. Control and noise factors with system response (based on [8],[7]).

Table 1. Formulas for Taguchi quadratic loss functions based on [6,7,9,10].

Type of loss 
function 

Individual loss L for 
a single combination 
of system and noise 
configuration

Overall loss 𝐿̅𝐿 for a system 
configuration tested with 
multiple noise 
configurations

Nominal-the-best 𝐿𝐿 = 𝑘𝑘 · (𝑦𝑦 − 𝜏𝜏)² 𝐿̅𝐿 = 𝑘𝑘 · [σ2 + (𝑦̅𝑦 − 𝜏𝜏)2]

Smaller-the-better 𝐿𝐿 = 𝑘𝑘 · 𝑦𝑦 ² 𝐿̅𝐿 = 𝑘𝑘 · (𝑦𝑦2 + σ2)

Larger-the-better 𝐿𝐿 = 𝑘𝑘 · (1/𝑦𝑦²) 𝐿̅𝐿 = 𝑘𝑘 · [∑(1/𝑦𝑦2)]/𝑛𝑛

The value y refers to a single loss value derived from one set 
of design and noise configuration. The constant k is a user-
defined value to determine the economic loss [7]. Exemplarily, 
this could be a fixed value to monetarize the resulting loss in 
quality [5]. 

Simulation is one application area of the concept due to the 
experimental capabilities that allow testing and evaluating
multiple system configurations. Specifically designed 
experiment plans consisting of design parameters and noise 
factors help to evaluate robust system designs [4]. Sanchez 
gives an overview of robust design in the context of simulation 
and emphasizes that the robustness approach has especially in 
complex manufacturing system benefits against common 
design approaches that are based on evaluation of average 
values for KPIs [4]. Exemplarily, Feldkamp et al. have 
provided a case study of manufacturing systems. They utilize 
the DES in combination with experiment design methods and
various knowledge discovery methods in a visual analytics 
framework to derive robust and high-performance system 
configurations for a production system [5]. Pierreval and 
Durieux provided another study for a two-stage simulation 
approach that first determines near-best solutions and then 
evaluate various robust solutions [11]. 

3. Robustness in matrix production systems

To evaluate the robustness of MPS regarding the effect of 
external variation, different design parameters need to be 
evaluated against noise from different product mixes for 
energy- and productivity-related KPIs. MPS are designed to be 
flexible and scalable against different internal and external 
factors [3]. This is ensured by its modular design, which allows 
quick alteration of system properties from a structural and 
control perspective, e.g., by including new or changing existing 
process modules or by deploying additional transport systems. 
The material flow and routing flexibility in these systems arises 
from selecting several process modules for the same task and 
ad hoc decision-making during the order run. 

However, system performance can still be sensitive. 
Exemplarily, the system flow and occurring deadlocks in 
material transport depend on, inter alia, the number and skill 
distribution on process modules, number of AGVs, routing 
strategies or work-in-progress limits. These complex 
interactions also have implications for energy-oriented targets,
such as strategies to reduce peak loads or energy consumption 
[12]. Specifically, the short-term assignment of process 
modules during the order run leads to different load profiles 
resulting from different overlaps of energy-intense states of 
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machines that also vary for different product mixes. Also, 
different job sequences based on product mixes on the same 
machine might lead to varying shares of setup and processing 
time, as well as total energy consumption.

Hence, evaluating a specific system design in an isolated 
environment can lead to a limited view on the overall system 
behavior and resulting performance targets such as throughputs, 
energy consumption or peak loads. This also accounts for the 
specific parameter limits. By expanding model boundaries and 
parameter ranges, insights into general system behavior are 
supported, but also the application of intelligent experiment 
design becomes inevitable [13]. 

From a tool-oriented perspective, DES is well-established to 
explore complex manufacturing systems. To explore a large 
amount of data, data mining methods and visual analytics help 
iteratively analyze the data generated from simulation 
experiments [5]. Subsequently, these areas are brought together 
in a methodological framework to gain insights into the 
interaction between a large number and range of parameters 
and evaluate the robustness of MPS from energy- and 
productivity-related design goals. This case study combines the 
different aspects of robustness evaluation, system and noise 
configuration (Step 1), experiment design (Step 2), simulation 
runs and a visual analytics-based process to derive parameter 
directions (Step 3 and 4). The method is depicted in Figure 2, 
contains the overall goal and an example part with its bill of 
processing to represent the underlying production program.

4. Application of methodology 

4.1. Use case and simulation model description

The methodology is demonstrated using a mechanical 
manufacturing system for different powertrain components, 
which has already been introduced in[14]. The base case was 
transformed into an MPS system and is not directly operated in 
the real world. The model consists of eleven process modules

Figure 2. Methodology to investigate robustness in MPS.

with at least two skills and low-range buffers; an AGV fleet 
with ad hoc job allocation and flexible routing between the 
stations; low-range buffers before and after stations; state-
based energy consumption per skill and product; and the option 
to flexibly adapt all these parameters. 

Subsequently, the job infeed in the system is used to alter 
the proportions of product variants for the production programs.
These are then combined with various system configurations 
and energy and system KPIs are then evaluated.

4.2. Step 1: System boundaries and KPIs

The system boundaries are defined by various assumptions for 
the experiment runs, as well as the selection of design 
parameters and KPIs. The experiment runs will be restricted to 
the manufacturing of around 2.000 parts where the simulation 
terminates and replications are conducted for each 
experimental design to account for stochastic effects from 
breakdowns, with machines having 95% availability and 
assumed disruptions of up to 25 minutes. Processing and setup 
times are between one to five minutes on average. Since the 
modelled system is not industrially operated, MPS-specific 
design parameters were selected to demonstrate the concept.
The relevant performance indicators are based on the specific 
targets of the study: identifying robust configurations for low 
energy consumption, low peak loads, and high productivity.
The Specific Energy Consumption (SEC) is suitable for 
measuring the first target dimension, as it is often used to assess 
energy efficiency [15]. While the peak load itself is already a 
KPI, the production performance can be measured with various 
KPIs. The machine utilization, parts per time or mean 
throughput time are common measures that will serve as a basis
for further analysis of results. These values will be calculated 
during the simulation runs and subsequently, average loss 
values based on Table 1 are calculated.

Design parameters should be actively manipulable in real-
world systems [5]. The selected design parameters are based on 
the derived interrelations between system configuration, 
performance and energy-related behavior in the previous 
sections. The selected parameters are summarized in Table 2
with units and scales. The scales are partially extended to cover 
a wide range of system behaviors and to gain more general 
insights into MPS, e.g., by extending driving speed limits for 
AGVs. The part routing strategies consist of simple rules such 
as the longest waiting machine or first available AGV.

Table 2. Scales and ranges of design parameters for system configuration.

Design parameter Unit Scale Range

Horizontal distance between processes [m] Discrete 5…30

Number of AGV [-] Discrete 1…7

Speed of AGV [m/s] Continuous 0,1…2

Number of load stations for AGV [-] Discrete 1…7

Work-in-progress limit [-] Discrete 10…50

Lot size per job [-] Discrete 1…30

Capacity of buffer before process [-] Discrete 1…10

Capacity of buffer after process [-] Discrete 1…10

Rule for routing parts to next station [-] Categorical 1…5
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The noise configurations are represented by different 
product mixes, consisting of individual proportions of products 
in the overall product mix. The bill of processing ranges from 
two to eight different steps per product.

4.3. Step 2: Generate and cross experiment designs

Due to the combination of discrete, categorical and 
continuous parameters, a full factorial design is practically 
infeasible. To cover the complex experiment design space, a 
nearly orthogonal Latin hypercube design (NOLH) is suitable 
to reduce the overall number of experiments significantly and 
still cover the design space. It also ensures that the correlation 
between input factors is reduced to nearly zero. It is applicable 
for mixed designs that consist of different factor types 
(categorical, discrete, continuous) and different factor levels 
[16]. Hence, this approach is used to generate the experiment 
plans for design and noise configurations that are then crossed.
The crossing is performed by combining each set of design 
factors with each set of noise factors. The total number of 
experiments is equal to multiplying the number of experiments 
for each design. This procedure is preferred in industrial studies 
due to the explainability of the approach [17]. Hence, the 
system configurations are a space filling mix of variations 
whereas the noise configurations reflect variations of the 
different shares of products within the product mix. If 
replications are performed, then these are again multiplied with 
the number of crossed experiments. The experiment design 
concept is described in Figure 3.

For the case study there are 9 design parameters and 9 noise 
parameters available. By using the NOLH approach there were 
577 system configurations and 65 noise configurations defined. 
While the system configurations do not have any constraints, a 
standard NOLH approach can be applied that ensures 
independence among the input variables. For the product mixes
there is a constraint that the overall mix must sum to 100%.
Since the factor levels are continuous, NOLH sampling is 
necessary to generate noise configurations that properly cover 
the product mix range. One approach is to generate a NOLH-
based design and normalize each row's sum to 100%.

Figure 3. Concept of crossed experiment designs for robustness analysis.

Table 3. Crossed experiment plan with design and noise parameters.

Exp. LotSize offsetX AGV … P1 P2 … P9

1_1 24 14 3 … 0,18 0,02 … 0,18

1_2 24 14 3 … 0,18 0,20 … 0,18

… … … … … … … … …

16_25 30 19 5 … 0,13 0,09 … 0,13

16_26 30 19 5 … 0,06 0,14 … 0,07

… … … … … … … … …

However, caution is necessary since the original 
orthogonality properties can be reduced, increasing correlation 
between factors. Ensuring a design with statistical 
independence is a challenging task and still a topic of 
investigation [18]. For the purpose of demonstration, the 
normalization approach was chosen, and the correlation 
between products was evaluated, ranging from 0.08 to 0.15 
within the 65 product mixes. Furthermore, ten replications 
were added for each simulation run to cover breakdown 
behavior. By crossing the two designs with 577 and 65 
configurations and multiplying it with ten replications, the 
overall experiment plan consists of 375.050 runs.

An insight into the experiment design is given in Table 3, 
indicating the different experiments as a combination of system 
and noise design (Exp.), followed by the design parameters Lot 
size (LotSize), horizontal distance of process modules 
(offsetX), and number of AGVs (AGV). P1 to P9 depict the 
shares of product variants in the noise configurations.

4.4. Step 3 and 4: Simulation runs and results evaluation

The simulation study was performed with Siemens Plant 
Simulation by distributing the experiment to 20 CPU cores in 
parallel with around 19 hours of simulation time. Results were 
collected with distributed SQLite databases, which were 
merged after the experiment runs and further analyzed with a 
workflow in KNIME and a Python-based Streamlit application 
that was built for the specific purpose of a knowledge discovery 
and visual analytics approach to the generated simulation data. 
A boundary condition for successful experiments was that the 
run finished successfully, i.e., the production target of around 
2.000 parts depending on the selected lot size was fulfilled. 

The experiments conducted were filtered for successful runs, 
which reduced the number of experiments from 375.050 to 
352.826 runs. The remainder could not be completed, e.g., due 
to deadlocks in the system that are a result of different factors 
in MPS such as blocking of consecutive processes. Then the
average values of the replications for all KPIs were calculated 
before the loss values of the KPIs. Here, the individual losses 
per system- and noise configuration as well as the average loss 
per system configuration were calculated. Table 4 provides 
insight into the best overall system configurations based on the
average overall loss. This already points towards specific 
configurations that support individual targets, but it does not 
sufficiently show the general interrelations between the target 
indicators and underlying system configurations. Therefore,
the exploration of mutual effects needs to be extended.

System 
configuration 1

Noise 
configuration 

1…n

Space 
filling

design

System and noise configurations

System cfg. 1
…
System cfg. n

Noise cfg. 1
…
Noise cfg. n

System configuration

Noise configuration 
with individual loss

Replication 

Mean loss across 
noise configurations 

Crossed experiment plans and loss values



Marc Münnich  et al. / Procedia CIRP 140 (2026) 545–550 549

Table 4. Best loss configurations based on average loss over all KPIs.

Config. avg_loss_SEC avg_loss_Peak load avg_loss_Mean cycle time
265 24,62 64658,32 5169,27
459 27,70 61214,75 13839,33
73 13,22 75771,46 2745,45
395 7,16 66564,00 19415,68
43 9,29 71058,74 17088,98
… … … …

To support the evaluation of the single values and improve 
understanding of configurations that lead to similar results, a 
clustering algorithm is applied to the individual losses of every 
experiment. The target values SEC, Peak load and Mean cycle 
time are the clustering features, and a number of eight clusters 
are chosen to sufficiently divide the results into different areas 
with distinct characteristics. Quality criteria for clustering such 
as silhouette coefficients were applied but showed overall 
medium results and there was no partitioning that stood out 
clearly. The result of the clustering with eight clusters is 
depicted in a scatter matrix plot in Figure 4.

In general, the histograms across the main diagonal show a 
very imbalanced distribution of values for SEC and mean cycle 
time with many values binned in a comparably low area but 
also some outliers. The loss values for peak load are better 
distributed across the solution space. This already shows that 
there is a concentration of performant and energy efficient 
solutions that can vary in the achieved peak loads. Furthermore, 
among the different clustering matrices, there is no cluster that 
shows very low losses for all target dimensions. Cluster 6 
shows comparably low values for all dimensions, though they 
are also distributed. In comparison, cluster 0 shows low SEC 
and mean cycle time, but high peak load losses; it is robust in 
energy efficiency and performance but has the drawback of 
distributed peak loads. These clusters will be compared in more 
detail to understand which effects in the parameter distribution 
are different and therefore can lead to this behavior. 

Figure 4. Scatter matrix plot of the clustered average losses per loss KPI.

Figure 5. Normalized parameter distribution for cluster 0 and 6 with 25%, 
75% quartile (dotted lines) and median value (solid line).

A radar plot is used to compare the normalized parameter 
ranges for these clusters in Figure 5. The parameters 3-Number 
of AGV, 6-Lot size per job and 7-Work-in-progress limit are
showing differences between the clusters. This combination 
fosters higher and less robust peak loads in cluster 0. To further 
evaluate paths that point to robust configurations in the clusters, 
a decision tree was trained by losses for mean cycle time, SEC, 
and peak load. In a decision tree, the nodes represent the 
specific input factors, the leaves represent the clusters for the 
losses of the KPI. Hence, a specific path shows a way of 
combining input factors to a specific cluster. By following the 
nodes to a leaf, an if-then rule can be found that depicts the way 
to the cluster [5]. Here, several ways can lead to the same 
cluster. The tree is split by features that are characteristic of the 
clustered losses. Furthermore, splits are conducted binary, e.g., 
discrete variables are split by identifying an optimal threshold 
point, such that binary features (0/1) are typically split at 0.5 to 
separate the two categories.

To determine the differences in robust configurations for the 
clusters 0 and 6, the representative paths to the cluster are 
compared in Table 5. They are determined by the decision tree; 
by examining different cluster paths, specific configurations 
can be found. In both configurations the design parameters 
Work-in-progress limit and Lot size per job appear. Differences 
appear in other parameters: Number of load stations for AGV 
and Number of AGV itself are important in cluster 0, while 
Speed of AGV is a decision parameter for cluster 6. 

Table 5. Decision rule for robust configurations [/: not relevant for cluster].

Cluster 0 6

Target Low SEC, 
mean cycle 
time, high 
peak load

Trade-off between 
SEC, peak load 
and mean cycle 

time

Work-in-progress limit > 15.50 < 11.50

Lot size per job < 10.50 > 9.5

Speed of AGV / > 0.37

Number of load stations for AGV > 4.5 /

Number of AGV > 4.5 /

Horizontal distance between processes 2Capacity of buffer before process1

Speed of AGV 4Number of AGV 3

Lot size per job6Number of load stations for AGV5

Rule for routing parts to next station 8Work-in-progress limit 7

Capacity of buffer after process9
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Figure 6. Feature importance of design parameters from decision tree.

After investigating effects in the specific clusters that were 
selected from the scatter matrix, a generalization of feature 
importance can be derived from the weight of the different 
predictors of the decision tree in Figure 6. The higher the 
importance of a specific feature the higher its information value 
when splitting a decision tree. Hence, by evaluating the feature 
importance, a general understanding can be acquired of which 
design parameters are relevant for variability in the modelled 
MPS. It can be seen that the Work-in-progress limit, Number 
and Speed of AGV and Lot size are the main drivers to explain 
variability in performance and energy-related behavior. 
Exemplarily, the higher peak load losses in cluster 0 can occur 
due to the higher number of parts in the system as well as the 
higher transport capacity in combination with more load 
stations that contribute to potentially higher variability in the 
overlap of energy-intensive production states at the same time. 
Whereas the limitation of parallel jobs in the system in 
connection with higher lot sizes lead to less overlap in parallel 
processing but still remain good and stable energy efficiency 
and performance by processing higher lots. Hence, a target 
conflict between these KPIs and robust system behavior can be 
observed and is determined by various mutual effects. An 
adapted system configuration can contribute to maintaining 
performance as well as reducing energy consumption or peak 
loads within a wide range of product mixes. Also, additional 
measures such as adapted material flow strategies or intelligent 
job selection and machine control can help reduce the identified 
target conflicts even further and harmonize energy and 
production management. 

5. Summary and Outlook

The introduced approach evaluates the robustness of MPS 
against external variation from productivity and energy-
oriented perspectives and parameter configurations that are 
potentially robust against noise. The visually guided approach 
contributes to understanding the main aspects that make MPS 
robust and support sustainability by integrating different 
management targets. However, further research is needed to 
determine whether the results obtained are transferable to other 
systems. Also, different analysis methods need to be evaluated 
in more detail regarding their sensitivity. The introduced 
methodology needs to be simplified in general to make it more 
accessible to other end users. Nevertheless, the approach 

provides an additional perspective on production and energy 
management in MPS and can serve to evaluate further 
measures to reduce these target conflicts.

Acknowledgements

The authors gratefully acknowledge the financial support of 
the project “SynErgie” (03SFK3R2-3) by the Federal Ministry 
of Research, Technology and Space (BMFTR) and 
Projektträger Jülich (PtJ).

References

[1] Gaubinger K (2021) VUCA-Welt als zentrale Herausforderung für den 
Mittelstand. in Gaubinger K, (Ed.). Hybrides Innovationsmanagement 
für den Mittelstand in einer VUCA-Welt. Springer Berlin Heidelberg. 
Berlin, Heidelberg, pp. 1–27.

[2] AG Energiebilanzen e.V. Energieverbrauch in Deutschland im Jahr 
2024. https://ag-energiebilanzen.de/wp-
content/uploads/2024/05/AGEB_Jahresbericht2023_20240529_dt.pdf 
(accessed on 25.07.2024).

[3] Greschke P, Schönemann M, Thiede S, Herrmann C (2014) Matrix 
structures for high volumes and flexibility in production systems. 
Procedia CIRP 17:160–5.

[4] Sanchez SM (1994) A robust design tutorial. Proceedings of Winter 
Simulation Conference. IEEE, pp. 106–113.

[5] Feldkamp N, Bergmann S, Strassburger S, Schulze T (2017) Knowledge 
discovery and robustness analysis in manufacturing simulations. 2017 
Winter Simulation Conference (WSC). IEEE, pp. 3952–3963.

[6] Taguchi G (1984) System of experimental design engineering methods 
to optimize quality and minimize costs. Kraus International Publications, 
New York.

[7] Park G-J, Lee T-H, Lee KH, Hwang K-H (2006) Robust Design: An 
Overview. AIAA Journal 44(1):181–91.

[8] Roy R, Hinduja S, Teti R (2008) Recent advances in engineering design 
optimisation: Challenges and future trends. CIRP Annals 57(2):697–
715.

[9] Phadke MS (1989) Quality engineering using robust design. Prentice 
Hall, Englewood Cliffs, N.J.

[10] Feldkamp N Wissensentdeckung im Kontext der Produktionssimulation, 
Dissertation, Technische Universität Ilmenau; Universitätsverlag 
Ilmenau.

[11] Pierreval H, Durieux S (2002) A two-stage simulation optimization 
heuristic for robust design. IEEE International Conference on Systems, 
Man and Cybernetics. IEEE, p. 6.

[12] Münnich M, Ihlenfeldt S, Thiede S (2025) Energy efficiency and energy 
flexibility in matrix production systems. Procedia CIRP 134:945–50.

[13] Sanchez, M S Data Farming: Reaping Insights from Simulation 
Experiments.

[14] Münnich M, Ihlenfeldt S, Thiede S (2023) Simulation platform for 
energetic considerations in matrix production systems. 20. ASIM 
Fachtagung Simulation in Produktion und Logistik 2023, p. 51. in 
Bergmann S, Feldkamp N, Souren R, Straßburger S, (Eds.). 20. ASIM 
Fachtagung Simulation in Produktion und Logistik 2023. 
Universitätsverlag Ilmenau. Ilmenau, pp. 51–60.

[15] Lawrence A, Thollander P, Andrei M, Karlsson M (2019) Specific 
Energy Consumption/Use (SEC) in Energy Management for Improving 
Energy Efficiency in Industry: Meaning, Usage and Differences. 
Energies 12(2):247.

[16] Vieira H, Sanchez SM, Kienitz KH (2011) IMPROVED EFFICIENT, 
NEARLY ORTHOGONAL, NEARLY BALANCED MIXED 
DESIGNS. WSC'11: Proceedings of the 2011 Winter Simulation 
Conference; December 11 - 14, 2011, Phoenix, Arizona, U.S.A. 
Omnipress. S.l., pp. 3605–3616.

[17] Sanchez SM (2007) Work Smarter, not Harder: Guidelines for 
Designing Simulation Experiments. Proceedings of the 2006 Winter 
Simulation Conference, pp. 47–57.

[18] Petelet M, Iooss B, Asserin O, Loredo A (2010) Latin hypercube 
sampling with inequality constraints. AStA Adv Stat Anal 94(4):325–39.

Fe
at

ur
e

-Capacity of buffer after process

-Rule for routing parts to next station 

Horizontal distance between processes 

Number of load stations for AGV

Capacity of buffer before process

Speed of AGV 

Lot size per job

Number of AGV 

Work-in-progress limit 


