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Abstract

Due to the rising complexity of production
systems in the automotive industry, simulation has
become an established tool for analyzing dynamic
systems. However, once the number of parameter
combinations rises exponentially, the generation and
evaluation of all possible solutions gets impractical.
While the combination of simulation and optimization
has a long tradition in academic research, its adoption
in the automotive industry remains limited, often due
to the high execution time associated with optimization
experiments. To enable more efficient decision-
making, this paper explores the integration of machine
learning and optimization for simulation optimization.
Specifically, it focuses on the use of metamodels
incorporating various machine learning algorithms
and metaheuristics to optimize two production
planning problems with multiple parameter classes.
The presented approach enables decision-makers to
conduct a rapid assessment of complex production
systems.

Keywords: Material flow simulation, optimization,
machine learning, metaheuristics, metamodeling

1. Introduction

The utilization of analysis tools to support
decision-making has become essential for companies
to evaluate dynamic systems in a production
environment. Thus, simulation is an established tool
for analyzing complex relationships in production and
logistics. Especially in the automotive industry,
simulation is a commonly used tool due to the growing
complexity in their production and logistics systems
(Gutenschwager et al., 2017). For analyzing such
systems, different parameters, constraints, and
multiple objective functions are taken into
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consideration. When the number of parameter
combinations rises exponentially, evaluating all
possible solutions becomes impractical. In these cases,
it is beneficial to employ smart experiment design to
effectively explore the parameter space. One concept
for exploring large parameter spaces and gaining
insights is Data Farming (Feldkamp et al., 2017). After
reducing the number of necessary simulation
experiments, simulation combined with optimization
can be applied for refining and identifying optimal
solutions (Barton, 2009; Mirz et al.,, 2011). The
objective of optimization is the determination of the
best possible solution from a range of possibilities by
using algorithmic methods (VDI, 2020). In particular,
the combination of optimization and simulation is
often used as a decision support system for solving
industrial problems such as resource allocation or
buffer allocation (Soares do Amaral et al., 2022;
Yelkenci Kose & Kilincci, 2020).

However, existing simulation optimization
methods, especially when integrating simulation into
the optimization, are often time-consuming and
inefficient for large and complex problems (Liu et al.,
2018). This is because even hybrid-simulations still
face the challenge of computational effort as
optimization algorithms such as metaheuristics require
many simulation runs for evaluation if they are
combined with simulation directly (Sobottka et al.,
2019). Therefore, the utilization of metamodeling
approaches representing the input and output relations
of particular production planning problems has
received increasing attention in recent years. Besides,
the need to improve the transferability and
generalization of simulation optimization approaches
to enhance their applicability in practice is pointed out.

As a result, the major research goal of this paper
is to develop an approach that is time-efficient,
transferable but still accurate for addressing different
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optimization problems occurring in automotive
production planning.

To this end, Section 2 discusses the background
of previous work in the field of simulation
optimization and metamodel-based optimization.
Section 3 introduces the intended methodology to
combine metamodeling and optimization and dives
deeper into the algorithms for building metamodels.
Furthermore, it discusses the algorithms used to
optimize the production planning problems and their
integration into the metamodel. Section 4 applies the
presented approach to a use case in the automotive
industry, and Section 5 focuses on the transferability
of the approach. Section 6 presents the conclusion, and
finally, Section 7 provides a brief outlook on further
research opportunities.

2. Background and related work

2.1 Simulation and optimization

The goal of simulation optimization is to
determine the input parameters of a complex
simulation model that lead to a desired output
(Medaglia et al., 2002). Thus, the integration of
simulation into the optimization is referred to as
simulation optimization (Hanschke & Zisgen, 2015).
For implementing simulation optimization, there exist
several strategies. The selection depends on the nature
of the optimization model response function and the
feasible region of the design parameters of the system
being simulated (Amaran et al., 2016; Barton &
Meckesheimer, 2006). For addressing discrete design
parameters, appropriate strategies include ranking and
selection, random search, metaheuristics, direct search
and model-based methods. For the application of
continuous  design  parameters, recommended
strategies are gradient-based methods or metamodel-
based methods. But also metaheuristics, direct search
and model-based methods are applicable for
continuous variables. Furthermore, an additional
selection criterion refers to the intended solution
finding, either global solution finding or local solution
finding (Barton & Meckesheimer, 2006). Thereby,
global methods such as mathematical optimization are
computationally expensive as they seek for the global
optimum which however can be impractical for
implementation in real production systems.

In literature, the most popular and widely used
method is the model-based approach (Soares do
Amaral et al.,, 2022). The model-based approach
implies that optimization and simulation modules are
directly integrated, where optimization selects the
solutions which need to be evaluated by simulation
(Soares do Amaral et al., 2022). Within industrial

engineering problems, most common approaches are
heuristics and metaheuristics (Trigueiro et al., 2020).
Kassoul et al. (2022) apply genetic algorithms, tabu
search and particle swarm algorithms to solve the
buffer allocation problem in manufacturing lines.
They aim to overcome the difficulty of increasing
problem size and computational time. Siile et al.
(2024) explore the application of genetic algorithms to
improve a simulation of an automotive paint shop, in
order to reduce energy consumption while at the same
time ensuring on time delivery. Besides metaheuristics
as single solver, the use of hybrid approaches has
increased. These include hyper heuristics, the
combination of multiple heuristics within the same
optimization approach (Soares do Amaral et al., 2022),
learning heuristics, that combine metaheuristics and
machine learning (Liao et al., 2020) or individual
application of machine learning algorithms for
simulation optimization such as reinforcement
learning (Rabe & Dross, 2015).

However, hybrid approaches still face the
challenge of computational effort which remains a
major limitation for simulation-based optimizations
(Sobottka et al., 2019). This is because optimization
algorithms such as metaheuristics require many
simulation runs for evaluation when they are
combined with simulation directly. Furthermore, the
quality relies on the number of available evaluations.
As a result, metamodeling approaches that serve as a
surrogate simulation model have received increasing
attention in the last years due to their potential to
decrease computational time and therefore, enable fast
decision-making.

2.2 Metamodel-based simulation optimization

Metamodels are simpler models that represent the
input-output behavior of simulation models based on
mathematical approximation (Barton, 2020). This
enables the reduction of computational time that is
spent on the optimization for the underlying problems.
Different types of metamodels have been presented in
the literature, such as linear regression metamodels,
Gaussian process regression, stochastics kriging
models or neural networks (Barton, 2009). The choice
of metamodel type depends on the purpose of the
metamodel and further influences the experiment
design to fit the metamodel. Besides the
approximation of simulation models, the results of the
metamodels have the potential to further improve
decision-making processes by conducting predictions,
analysis and optimization.

In the area of manufacturing, the implementation
of metamodels for analyzing dynamic systems is
widely applied. Murphy et al (2019) apply
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metamodeling for estimating order flowtimes in
manufacturing systems based on discrete event
simulation models. They execute 10.000 simulation
runs to generate a dataset for training Artificial Neural
Networks (ANN) Random Forest (RF) and Gradient
Boosting algorithms. Bergmann et al. (2015) apply
several machine learning algorithms, such as k-
Nearest Neighbors (KNN), Support Vector Machines
(SVM) and ANNs for the emulation of control
strategies in manufacturing simulation models and
conclude that these algorithms are capable of creating
good approximations of the simulation model.
Furthermore, Allmendinger & Pfaff (2018) implement
gradient boosting algorithms and neural networks to
build metamodels for an industry use case of a
production system with four process parameters. Their
research shows promising results for gradient boosting
and neural networks as metamodels for approximation
of production systems with a 99.7% accurate
throughput prediction. A concrete application in the
automotive industry is presented by Dengiz et al.
(2016). They implement a metamodel approach for an
automotive paint shop, where they apply full factorial
design as design of experiments and polynomial
regression metamodels. The optimization is performed
with mathematical programming. Soares do Amaral et
al. (2022) introduce a case study for a midsize factory
of a car components company. They achieved the best
results regarding the optimization objective with the
random forest trained metamodel.

Despite these examples, studies that utilize
machine learning for simulation optimization often put
the focus on training a better predictive model rather
than performing optimization (Amaran et al., 2016). In
addition, the missing transferability of metamodels as
surrogate models is pointed out by Rueden et al.
(2020). They emphasize that metamodels are built for
very specific purposes instead of exploiting the
underlying system for similarities. Furthermore, the
lack of practical implementation and deployment is
mentioned (Trigueiro et al., 2020). Therefore, this
paper focuses on investigating the application of
metamodels for system optimization and the
transferability of the approach to multiple problems in
a practical environment. Thus, the application of
optimization algorithms using the metamodel for
system improvement is of particular interest.

3. Methodology

Based on Soares do Amaral et al. (2022) and
Barton & Meckesheimer (2006), the methodology as
shown in Figure 1 was developed to implement the
metamodel-based simulation optimization for the
industry use cases. After building a simulation model

for representing the intended planning problem and its
system dynamics (Step 1), a metamodeling type is
identified (Step 2). Most commonly applied
metamodel types in the literature of simulation
optimization are Kriging models, followed by
Polynomial Regression and ANN. Though Kriging
and Polynomial Regression seem to perform worse on
large and more complex problem types (Soares do
Amaral et al., 2022).
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Figure 1: Methodology for implementing
metamodel-based simulation optimization.

Therefore, and due to previous successful
implementations in the manufacturing sector, this
paper makes use of machine learning algorithms to
build the surrogate models. In addition, they provide
the possibility to include further analysis opportunities
such as data farming (Feldkamp et al., 2017).

Before starting the experiments, the design of
experiments (DOE) ensures that the entire search
space is represented without executing large amounts
of experiments (Step 3). Especially for aiming at the
development of a practical approach, time reduction is
a major factor. There exist several methods regarding
the DOE such as factorial design, random sampling
(RS) or Latin Hypercube Sampling (LHS)
(Montgomery, 2017). LHS generates high ortho-
gonality and has good space filling properties, which
is necessary to mitigate correlations between two input
parameters (McKay et al., 1979). With regard to
previous studies in the field of metamodeling, LHS,
but also RS have proven successful implementations
for addressing manufacturing problems. Besides, steps
1, 3, and 4 are all subject to verification and validation
during the development. They are however not
considered in detail in the context of this article, since
the actual validation step relates to the testing of the
optimization results.

By using the results of the simulation runs as
training dataset, the generation of the metamodels
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follows. Due to the previously introduced studies
(Allmendinger & Pfaff, 2018; Soares do Amaral et al.,
2022), Random Forest Regressors (RFR), Extreme
Gradient Boosting (XGB), Support Vector Regressors
(SVR) and Deep Neural Networks (DNN) are applied
for creating the regression models that predict the
output data. RFR use multiple decision trees and have
proven their efficiency to handle large datasets with
higher dimensionality (Breiman, 2001). The ability of
XGB to deliver high predictive accuracy and its
versatility in handling a variety of data types and
structures makes it a suitable algorithm to test the
application on multiple problems (Chen & Guestrin,
2016). SVRs are effective in high-dimensional spaces
and provide a robust algorithm, which is able to handle
various data types (Scholkopf & Smola, 2009). Neural
networks are computational models inspired by the
human brain, composed of interconnected nodes that
process and transmit information through weighted
connections. As Soares do Amaral et al. (2022)
mentioned, DNNs are an interesting open research
area, so the application of DNN is tested. One of the
main advantages of DNNs is their ability to perform
feature engineering and selection automatically from
raw data (Owen, 2022), which can be useful for
general deployment approaches.

Hyperparameter tuning is a critical process in
machine learning aimed at improving model
performance by systematically tuning hyper-
parameters. Unlike model parameters, which are
learned during training, hyperparameters are set prior
to training and control the learning process, such as the
learning rate or regularization strength (Owen, 2022).
Effective hyperparameter optimization techniques
include grid search, random search, and more
advanced methods like Bayesian optimization and
genetic  algorithms. Optimizing hyperparameters
enhances model accuracy, generalization, and
efficiency, resulting in a more robust model. Soares do
Amaral et al. (2022) point out that hyperparameter
tuning improved the performance of their machine
learning-based metamodels and the selection of
hyperparameter ranges is based on their results.

Optimization algorithms serve to find the optimal
configurations of parameters to reach a desired
boundary condition while minimizing or maximizing
a specific objective function. Previous studies in the
field of simulation optimization using metamodels
often applied genetic algorithms (Soares do Amaral et
al., 2022). They are a class of optimization techniques
inspired by the principles of natural selection and
genetics, effectively searching for optimal or near-
optimal solutions in complex problem spaces
(Goldberg & Holland, 1988). Alternatively, simulated
annealing, a probabilistic optimization technique

inspired by the annealing process in metallurgy, is
applied. It explores the solution space by allowing
occasional uphill moves, enabling it to escape local
optima, with the probability of such moves decreasing
over time to converge on an optimal or near-optimal
solution (Kirkpatrick et al., 1983). In particular dual
annealing, which combines the traditional simulated
annealing algorithm with local search heuristics,
enhances convergence and solution quality. The
balancing of global exploration with local exploitation
leads to even more accurate and efficient optimization
results.

Finally, the initial simulation study serves to
validate the results of the optimization calculated with
the metamodels. Therefore, the parameter
combinations suggested by the optimization algorithm
are entered into the simulation. In this way, we can
elaborate on the one hand, if the simulation reaches the
demanded throughput with the proposed solution, and
on the other hand the difference in predicted through-
put provides an indication about prediction accuracy.

4. Production planning problems in the
automotive industry

To test the applicability of the presented
approach, two use cases from an automotive company
are introduced: an assembly shop and a body shop.

Both shops consist of production lines operating
at specified speeds, which are subject to stochastic
machine failures. Buffers between the lines provide
decoupling to minimize the impact of line failures on
the shop’s overall throughput. Throughput, measured
as the number of vehicles produced per hour, is the key
performance target for the entire production. The goal
is to meet this production target robustly at the lowest
possible cost. Automotive production involves a
variety of cost factors. These use cases focus on
infrastructure costs related to buffer sizing and
operational costs associated with cycle times. Larger
buffers result in higher costs, which emphasizes the
need to minimize buffers sizes. Conversely, faster
cycle times result in higher capacity costs.

Therefore, the optimization objective is to
minimize the costs associated with buffer sizing and
cycle times while maintaining the specified
throughput. The inputs for the optimization include
line cycle times, possible buffer capacities between the
lines, and the desired throughput. The decision
variables are the buffer capacities and cycle time
variations. The outputs are the optimal buffer
capacities, cycle times and the achieved throughput.

Given the large number of parameters and
stochastic elements, the dynamic behavior inside the
shop is highly complex. As analytical models come to
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their limits for these problems, a discrete event
simulation is employed to represent the shops.

The first use case serves to illustrate the feasibility
of the approach, whereas the second use case presents
a first step towards testing its transferability.

4.1 Assembly shop

The assembly shop consists of seven main lines,
each containing several workstations. Buffers with
varying capacities are positioned between the lines. To
represent cycle times, the parameter of line capacity
reserve is examined. This parameter directly correlates
with the availability of the lines and their decoupling.
It reflects the ability to speed up the cycle time for
particular lines. To compensate for the losses caused
by line failures, line capacity must be increased. It
ensures a robust throughput despite breakdowns by
increasing capacity (Daferner et al., 2021). In this use
case, the line capacity reserve ranges from 0.010 and
0.060, indicating a cycle time acceleration of 1% to
6% for the respective lines. Buffer configurations
range from one to eight. The objective function
evaluates proposed configurations based on a cost
function (C). For this study, the cost (C) is calculated
using the cost of the buffer (c;), the total number of
buffers (B,,), cost of line capacity increase (c,,) and the
total line capacity increases (v;) as shown in (1).

Ci=cp, 2B+ c, 21 (D

When defining c;, and c,,, amortization needs to be
considered. If the throughput target is not achieved
with the proposed parameter configuration, an
additional penalty will be added to the cost. It is
defined as the highest cost value, which implies all
maximum buffer capacities and the maximum line
capacity increase, as this leads to a minimum cycle
time. The values for costs are fictional and serve for
the comparison among the algorithms.

4.2 Design of experiments

To minimize the number of experiments while still
achieving comprehensive coverage of the parameter
space, LHS and RS were employed. Considering the
range of possibilities for combining the individual
input parameters and time constraints for the practical
approach, 10’000 simulation runs are created with
three replications for each run, resulting in 30’000
runs. Within the simulation, the model simulation runs
for 81 days and the models’ settling time is 21 days.
The runs were executed with Tecnomatix Plant
Simulation 23.

4.3 Metamodels and hyperparameter tuning

Metamodels are subsequently generated using
machine learning algorithms based on the simulated
training data. They represent regression models that
serve to predict the throughput of the assembly shop.
The implementation of the machine Ilearning
algorithms with Python 3.10 and the scientific libraries
Scikit-Learn, Tensorflow and Keras was an
interrelated process with hyperparameter optimization
to tune the model’s performance. Six hyperparameter
optimization methods were tested on the training data:
Default values, Randomized Search Cross Validation
(RSCV), Dummy minimize, Bayesian optimization
with Gaussian processes (GP) and random forest (RF)
and lastly, Optuna (Rimal et al., 2024). For evaluating
the performance of the models, the Mean Absolute
Error (MAE) was applied. The MAE (2) serves as
performance metric for the machine learning models.
It is a widely used metric for regression models that
measures the average magnitude of the errors between
predicted values (y,) and actual values (¥,), without
considering their direction. It averages the absolute
differences, which makes it robust to outliers. For
calculating, n refers to the number of errors.

1 A
MAE = ~3L |y — ¥, ©)
The influence of individual hyperparameters on the

model is illustrated in Figure 2.
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Figure 2: Influence of random forest
hyperparameters using Bayesian optimization
with random forests.

The plot on the top left shows the partial
dependence of MAE on the number of estimators. The
relatively flat line indicates that this parameter does
not have a significant effect on the model
performance. The same is true for the maximum depth.
On the other hand, the model performance seems to
improve by decreasing the number of minimum
samples split. The contour plots illustrate the relations
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between hyperparameter combinations, where the
color represents the magnitude of partial dependence
with darker colors indicating higher MAE values. The
optimal combination of hyperparameters is marked
with a red star. This combination minimizes the
performance metric MAE of the Random Forest
model. Figure 3 presents the MAEs for training and
testing data for the applied hyperparameter tuning
methods on the Random Forest model. Comparing the
values of MAE for the training and testing data, it
becomes visible that using the default parameters leads
to an overfitted model, as well as for Optuna.

g Default parameters g.005034 ISP 36 EQEI;ZL“
E Bayesian (RF) ootsnsr |

o Bayesian (GP) 043‘29128634202

g Dummy Minimize 0036605
*é RSCV 0032645

z Optunai gooee O

0.00 0.01 0.02 0.03 0.04
MAE

Figure 3: Hyperparameter optimization on
Random Forest model.

As the MAE train is much smaller than the MAE
test with the default values, it indicates that the training
model is not generalized well enough, resulting in a
model that memorizes instead of learning the relations
between input and output variables. Bayesian
optimization with random forests achieved the best
parameter configuration with the lowest MAE without
overfitting and demonstrates better robustness for
future predictions. After performing hyperparameter
tuning for all implemented machine learning
algorithms, the configurations of parameters leading to
the lowest MAE without overfitting were set as model
parameters. This ensures more accurate results for the
final optimization.
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machine learning algorithms with simulation
results on test data for LHS.
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Based on this, the blue data points in Figure 4
present the prediction results of the machine learning
algorithms on the test dataset, compared to the actual
results with normalized distribution. Data points on
the red line indicate an optimal prediction without
deviation. XGB predicted the output values most
accurately, followed by DNN and RFR. The prediction
using SVR was less accurate. However, the MAE is
low for all models as shown in Table 1.

Table 1: MAEs on train and test data of the
implemented machine learning algorithms.

Sampling SVR RFR XGB DNN
Train LHS 0.0735 0.0194 0.0141  0.0181

RS 0.0710  0.0243  0.0140 0.0162
Test LHS 0.0765 0.0219 0.0161 0.0196
RS 0.0774  0.0269 0.0162  0.0162

The table presents the concrete values for MAE
test and MAE train for LHS and RS. The MAE test for
XGB indicates that the prediction values deviate by
0.016 jobs per hour (JPH) from the actual simulation
result in the test dataset. Furthermore, the difference in
MAEs for using LHS or RS is marginal, concluding
that both sampling methods seem appropriate for the
use case.

4.4 Optimization and validation

As previously mentioned, the objective of the case
study is to find the optimal configuration of buffers
and line capacity increase to meet the throughput at the
lowest cost.

The results of the optimization algorithms varied,
depending on the approach and metamodel. As shown
in Table 2, using a genetic algorithm for optimization,
DNN provided buffer and cycle time configurations
with the lowest cost, followed by RFR, XGB and
SVR. Dual Annealing achieved similar results.

Table 2: Comparison of costs generated with dual
annealing and genetic algorithm.

SVR RFR XGB DNN

GA 6432 47.84 5624 13.05
Dual annealing  84.45 47.40 61.21 10.50

For the validation, the proposed configurations
were used as input parameters in the original
simulation model. Regarding the difference between
predicted throughput and actual throughput, DNN had
the greatest deviation with 0.24 JPH. The prediction of
the throughput by RF was also lower than the
simulation result, with a difference of 0.13 JPH. For
both of these solutions, the target was not achieved.
Therefore, it might be useful to increase the target
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throughput of the optimization to ensure that the target
is achieved, considering the small error of the
metamodels. However, SVR and XGB both predicted
results meeting the target throughput. SVR had a
deviation of 0.16 JPH and XGB achieved the best
performance with a deviation of 0.08 JPH above the
target and providing a solution with lower cost.

In terms of computational -efficiency, the
optimization using the metamodels was significantly
faster. Considering the XGB metamodel, the entire
calculation, including training with 1000 iterations and
hyperparameter optimization using RSCV, took
138.8s. The genetic algorithm ran for 150 generations
with a population size of 100. In comparison, the same
optimization integrated directly into the simulation
took 461 minutes. Additionally, the costs were higher
compared to the metamodels as shown in Figure 5.
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Figure 5: Development of fitness value of the

genetic algorithm.

It should be noted, however, that generating the
training data for the machine learning model required
an additional one-time computational effort of 309
minutes. Consequently, if the simulation runtime is
relatively short, it may be more efficient to perform the
optimization directly within the simulation,
particularly for one-time optimization tasks.
Additionally, the runtime of the optimization within
the simulation can be reduced by decreasing the
number of generations in the GA. However, this
resulted in higher associated costs.

5. Transferability of the approach

In order to test the possibility to transfer the
proposed approach, a second use case is introduced. It
represents a body shop, which consists of a highly
automated area equipped with robots. This area
includes subareas with several workstations.
Additionally, the area contains multiple buffers.

Similar to the assembly shop, the aim is to achieve
the desired throughput while minimizing the cost for
the buffer configurations and the cycle times.

However, the underlying system dynamics influencing
the parameters vary. The throughput serves as the
result parameter. The adjustable input process
parameters consist of seven buffers (B, to B;) with
different capacities and three cycle times (¢t; to t3) for
the subareas. These cycle times can take on five
different values.

Besides, in comparison to the assembly line an
additional constraint for the optimization is tested. For
some buffers, the cost increases once a certain number
is reached (B), as the increasing of buffers over that
number implies additional investment costs (c;). The
following cost function for optimizing buffer
capacities and cycle times, including cost of cycle
times (c,) and cost of buffers (c,) is defined as

Co= 0y ) Bat ) tat ) OBa=Biin (3

Thereby, the calculation of the sum of additional
investment costs O is subject to the Heaviside function

o) = {] 3 @)

The experimental design and execution of
simulation runs is as presented in 4.2.

5.1 Body shop results

For generating and training the metamodels, the
steps as described in section 4 are executed. Regarding
the performance of the metamodels for the body shop,
XGB provided the smallest MAE, followed by DNN,
SVR and RF having the highest MAE as shown in
Table 3. As with the previous case study, the sampling
methods do not seem to have a great influence on the
final model performance.

Table 3: MAEs on train and test data of the
implemented machine learning algorithms.

Sampling SVR RFR XGB DNN
Train LHS 0.0332  0.0401  0.0240  0.0293

RS 0.0336  0.0402 0.0240 0.0511
Test LHS 0.0330  0.0566 0.0262  0.0292
RS 0.0344  0.0560 0.0275 0.0511

For the optimization, the objective is to minimize
cost of buffers and cycle times, while maintaining the
desired throughput and meeting the defined con-
straints. The development of the fitness value, which
measures the cost of each proposed solution candidate,
shows Figure 6. The genetic algorithm using the
metamodel generated with the DNN provides the
solution with lowest cost, followed by RF, XGB and
SVR proposing a solution with the highest cost.
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Testing the proposed parameter configurations
in the simulation shows that the solutions provided
by the metamodels generated with DNN, RF and
XGB do not reach the target value. DNN had the
greatest deviation with 0.62 JPH, RF deviated by
0.41 JPH and XGB by 0.18 JPH. Furthermore, even
if the proposed candidate solution of SVR provided a
result achieving the target, it still deviated by 0.5
JPH from the proposed target value. The deviation
might occur due to the noise within the data
created by simulations when only executing a
limited number of evaluations per simulation
run. This has effects on the training data used for
generating the metamodels as it can be sensitive
to outliers.

An approach for making the metamodels
more robust without increasing simulation runs is
to use quantile regression (Batur et al., 2018).
Quantile regression (QR) estimates the conditional
median or other quantiles of the dependent variable.
In this way, the entire variability and distribution
of the target variable across different quantiles can
be examined. For testing the approach, we
integrated QR into the generation of an extreme
gradient boosted tree model. The application of the
genetic algorithm to this model provided a solution
that only deviated by 0.02 JPH when entered in
the initial simulation model and achieved the
required throughput. This is significantly lower
compared to the metamodels trained without QR,
as shown in Figure 7. Applying dual annealing

pro < 0.5 of
a
0.0¢ 5,
=
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=
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o
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Figure 7: Deviation from predicted throughput
using metamodels with and without QR.

Furthermore, the cost of the provided solution
using dual annealing was 17% lower compared to the
solution candidate of the genetic algorithm. The
solution provided by dual annealing achieved in
comparison to an optimization directly integrated into
the simulation a buffer and cycle time configuration
with 11.5% lower costs, and the runtime was 40 times
shorter. The decrease in computational time while at
the same time providing a more cost-efficient solution
is promising for repeating optimization tasks.

5.2 Practical implementation

When considering future implementations in the
industry, it is important to evaluate the maturity of a
shop layout before opting for a metamodel-based
optimization approach. Given the long execution times
required for simulation experiments to generate the
initial training data for the metamodel, it is
recommended to apply metamodels at a later stage in
the planning process. This helps avoid repeating the
data generation process, which can take several hours.
Once the layout is finalized and the focus shifts to
optimization, the metamodeling approach becomes
beneficial due to its fast computation and cost-efficient
results.

6. Conclusion

By comparing the metamodels for both studied
problems, it became clear that the performance of
individual algorithms depends on the dataset and
problem type. Therefore, it is difficult to decide for
one algorithm in advance. It is rather recommended to
train the dataset on multiple algorithms and decide for
the algorithm achieving the lowest MAE. An
algorithm selection process can support automating
this step, because once the algorithms are set up and
include hyperparameter optimization, there is no
additional input of the user necessary.

With regard to the model set up, DNN turned out
to be the most challenging algorithm due to its
sensitivity for parameters. In addition, it is difficult in
terms of reproducibility. Therefore, DNNs might be
demanding for practical implementation, as it requires
domain knowledge for correct adjustment. Hyper-
parameter optimization improved the performance of
the algorithms, and especially reduced overfitting of
the models, confirming the results of Soares do
Amaral et al. (2022).

Regarding the overall results of the optimization,
using the XGB metamodel was most reliable when
predicting optimization configurations. DNN and RF
were too optimistic when predicting configurations for
the input parameters. Therefore, it is recommended to
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either increase the target value for the optimization, or
to investigate outliers at the beginning of the study
with quantile regression. In this way, the noise of
simulation results could be reduced, resulting in
increased optimization accuracy.

One of the main benefits of the entire approach is
the fast execution of the optimization. Compared to an
optimization directly integrated in the simulation, run
time can be reduced significantly from hours to
seconds when analyzing existing layouts with already
trained metamodels. This supports the rapid decision-
making in the fast-changing industry environment.
Furthermore, the approach allows changes in the opti-
mization parameters, for instance the cost function,
and is able to provide optimization proposals without
the need of additional simulation runs. In addition, it
can be implemented in such a way that users can apply
it without having deep domain expertise, supporting
widespread use for industry application.

On the other side, as soon as there are changes in
the entire system, for instance adaptions to the
availabilities or additional workstations, the meta-
model needs to be retrained with new datasets of the
adjusted simulation. Therefore, it is recommended to
use this approach at a later planning stage and
especially for large and complex simulation models.

7. Outlook and future research

For future studies, the implementation of logistics
use cases is of great interest. Logistic problems consist
of a variety of parameters and their influence on the
entire approach provides investigation potential. As
the large number of parameters in logistic simulations
results in slow simulation models, the presented
approach provides great potential to reduce time
invested in optimization. Also, the exploration of
multiple objectives within the approach is an
interesting research field.

Furthermore, the integration of data farming
concepts into the framework can enhance its practical
impact even more. Besides, a detailed exploration of
the effects of cost functions for the final optimization
of the production planning problem provides potential
for future research. The impact on the objective
function, fitness and penalty functions depending on
different problem types can be examined.
Furthermore, the influence of robustness is another
research area to explore more in detail to reduce the
error in the final optimization procedure.
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