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ABSTRACT

Researchers are investigating innovative techniques and tools to improve operational production planning,
as manufacturing processes are increasingly influenced by new product demands, innovation, and cost-
effectiveness. Backward-oriented discrete event simulation (SimBack) is one such tool that has shown great
promise in this area. However, conducting multiple simulation runs for backward simulation can be time
and resource-intensive, hampering its efficiency. To address this issue, this paper proposes an automated
approach for executing and evaluating simulation experiments within the framework of backward-oriented
discrete event simulation for scheduling and capacity planning. The authors illustrate their approach by
applying it to a simulation model of the Semiconductor Manufacturing Testbed 2020 (SMT2020).

1 INTRODUCTION

Manufacturers are facing competitive pressures due to global business, the accelerating digital
transformation, and the need for timely production and delivery. To achieve an efficient flow of
manufacturing processes, production planning and control (PPC) is critical. Manufacturers must
continuously monitor and adopt new practices for PPC to maintain an optimal operating state and organize
all manufacturing processes efficiently. Uncertainty in PPC and the resulting adjustments can have
unforeseen consequences on production system performance, leading to wasted time and resources. To
ensure ongoing effective PPC, manufacturing companies must be flexible in their structure to adapt to
constantly changing market situations and customer requirements.

The semiconductor industry is characterized by highly complex production systems and processes,
surpassing the complexity level of other industries, and is expected to become even more complex in the
future (Bureau et al. 2006; Monch et al. 2011; Mdnch et al. 2013). Recent developments have shown an
increase in product diversity, smaller batch sizes, and a more rapidly changing product range. Moreover,
the growing automation in the industry has resulted in increased interconnections between equipment
groups, making PPC more challenging. Several factors such as limited equipment capacities, stochastic
processing, setup, waiting and transport times, preventive maintenance, setup changes, dynamic time and/or
capacity constraints in queues, or multiple production stages may lead to potential dependencies that need
to be considered in the planning process (Lendermann et al. 2020).

During the years, while application studies on backward simulation methods appeared continuously
(including Jain et al. 1990; Watson et al. 1993 and 1995; Jain and Chan 1997; Mejtsky 2007; Okubo and
Mitsuyuki 2021), promising results are described in Laroque et al. (2021, 2022) according to a
methodological approach to backward simulation under the specifics of the semiconductor industry and
considering stochastic influences. The application of several simulation models and a series of experiments
show that backward simulation in terms of combined execution can be a powerful tool for operational
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production planning. However, depending on the complexity and dimension of the decision and planning
problem under consideration, the combined execution of the simulation model can be very time-consuming
and resource-intensive, resulting in a need for research in the context of developing and implementing
operational decision support. Furthermore, the underlying data in previous work remains largely unchanged
(in the sense of optimization). Accordingly, the potentials of simulation models for targeted data generation
and evaluation as well as application of resulting insights have hardly been used so far.

According to Sanchez (2021), such targeted data generation and evaluation can be understood as data
farming and is intended to increase the amount of data related to the decision and planning problem under
consideration and to improve the derivation of recommendations for action (Feldkamp 2020). Assuming
valid modeling, both forward and backward execution of a simulation model require generating and
processing huge amounts of data (in an automated way) to make high-quality statements about the
mimicked system through a sufficiently careful Design of Experiments (DoE). The extension of a backward
simulation in the sense of a combined design by the approach of data farming should significantly increase
the informative value of the simulation study to be performed and at the same time address the difficulty of
representing the dynamics and stochasticity of production systems and processes (in the semiconductor
industry) sufficiently accurately (Lendermann et al. 2020).

In this paper, the Semiconductor Manufacturing Testbed 2020, shortly SMT2020, in form of the low-
volume/high-mix simulation model (Kopp et al. 2020a) will be used to present an approach for automated
execution and evaluation of extensive simulation experiments in the context of backward simulation.
Accordingly, the AutoSched AP model developed and validated by Kopp et al. (2020a) is to be
automatically reversed and executed (in both directions) using the open-source development platform
KNIME. With this approach, the authors aim to achieve a considerable time saving with respect to the need
to run the simulation model twice for each configuration and to reduce the error-proneness compared to a
manual transformation. After a brief presentation of the scientific state of the art as well as a detailed
explanation of the principal solution approach using the simulation tool AutoSched AP and the open-source
development platform KNIME, experimental results of a sensitivity analysis are described in this paper.
The summary of the paper describes the authors' future approach to the development and implementation
of a machine learning-based decision support for operational production planning in the semiconductor
industry.

2 BACKWARD SIMULATION

In addition to existing methods of mixed integer optimization, simulation-based heuristics, and simple
forward or backward scheduling, simulation-based optimization is becoming more and more important for
manufacturing companies in many industries, see Block et al. (2017) and Lendermann et al. (2020).
Gutenschwager et al. (2017) point that, it is regularly shown that the use of simulation in the planning of
complex dynamic production and logistics systems leads to secured and more comprehensible planning
results. Accordingly, existing methods of mixed integer optimization often use only rather simple models
to keep computation time within reasonable limits; however, discrete event simulation (DES) can handle
much more complex models.

Models for discrete event simulation describe systems already in existence or in the planning stages,
regarding their operation over time. These models can be parameterized well and consider variability of
reality by including random events into the models. Discrete event simulation can also be used to consider
nested interactions between resources to be modelled, maintenance actions, and characterization rules
according to sequences of steps, batch processing, and setup. Discrete event simulation is suitable in general
and in connection with an input of a concrete production program to consider feasibility of concrete
production program as well as adherence by firms to completion and/or delivery dates promised in advance,
see Laroque et al. (2022).

Discrete event simulation models are used individually or in combination with heuristics in the context
of simulation-based optimization to study for-ward-time decision and planning problems. One approach of
discrete event simulation with respect to time-backward decision and planning problems has been described
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in the literature as backward simulation, which involves reversing the flow logic of the simulation along
with the implemented control and priority rule procedures and running them backward.

According to Jain and Chan (1997) and Laroque (2007), a backward simulation can be used to make
well-founded statements about the target values to be achieved in the context of promised delivery dates.
Furthermore, backward simulation is an efficient tool for implementing the procedures of (simple)
backward scheduling, whereby both the solution quality of a conventional production planning and
scheduling mechanism and the execution speed of simulation-based scheduling approaches become
effective, see Jain and Chan (1997). For a validation of the resulting solution set in terms of start dates, a
forward simulation is to be connected following an inversion of the solution set on the time axis for the
generation of a valid injection planning. Such a combination of a forward and backward simulation shall
be understood as a combined execution in the sense of the backward simulation (SimBack), see Figure 1.
As Leiflau and Laroque (2023) show, multiple other applications of backward-oriented approaches have
been carried out in the past.

DUEDATES

backward simulation

Validation of the
simulation results

(forward) simulation

Figure 1: Combined execution (SimBack).

3 IMPLEMENTATION OF THE SOLUTION APPROACH

As mentioned above, backward simulation in the sense of a combined execution of a simulation model can
be very time-consuming and resource-intensive, depending on the complexity and dimension of the
decision and planning problem to be considered and the related issues. So far, the (forward) time updates
in existing simulation tools and the resulting transformation steps concerning the input and result data
require a manual adaptation as well as the execution of individual configurations and corresponding forward
and backward simulation runs.

In this paper, the authors propose an approach for automated execution and evaluation of extensive
simulation experiments using the simulation tool AutoSched AP and the open-source development platform
KNIME. Here, KNIME as a development environment offers the possibility to work completely with the
drag-and-drop interface and/or a preferred programming language. For the implementation of the solution
proposed in this paper, the authors make use of the extensive spectrum of available building blocks (nodes)
and supplement the functionalities selectively with Python scripts.
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3.1 Model Inversion

The Semiconductor Manufacturing Testbed 2020, shortly SMT2020, according to Kopp et al. (2020a)
includes four simulation models, which are supposed to represent the complexity of modern fabs in the
semiconductor industry sufficiently detailed and can be regarded as an update or extension of the MIMAC
simulation models. A detailed description of the models is given, for example, by Kopp et al. (2020a) and
Kopp et al. (2020b). In addition, the models (AutoSched AP models and raw data) can be downloaded from
https://p2schedgen.fernuni-hagen.de/.

For the implementation of the approach proposed in this paper, the authors choose the AutoSched AP
model developed and validated by Koop et al. (2020a) of a low-volume/high-mix scenario (Dataset 2) with
more than 900 machines (STN) according to 105 machine types (STNFAM) distributed over 11 functional
areas (STNGRP) and 10 product types (PART) with routings (ROUTE) and associated operations (STEP)
ranging from 242 operations for product type 5 to 585 operations for product type 3 (Kopp et al. 2020a).
With respect to a model inversion, the considerations in the following focus on the machine list (tool.txt),
the routings (route_{1-10}.txt) and the order list to be considered (order_{...}.txt).

In the machine list, the focus is on questions concerning scheduling for distribution to the machines of
a machine type (FWLRANK) and then scheduling on the corresponding machines themselves (RULE).
Scheduling according to a pure prioritization, for example according to higher priority (rank_HP), of orders
or batches is to be retained. As a result, the prioritized orders tend to be dispatched later because of the
backward simulation, but they can still fulfill the underlying planning data (due dates) within an acceptable
time frame for planning, following the prioritization in the required operations. In contrast, scheduling
according to the critical ratio (rank_CR), i.e., the ratio of the remaining time against the planning data and
the remaining process time, must be discarded in the context of backward simulation due to the missing
reference value.

While the transformation of the input data in the routings is primarily focused on the inversion of the
required operations, for example from operation number 242 to operation number 1 for product type 5,
equally definitions of an assignment in terms of rework or critical queue time and an assignment of a unique
machine dependency in terms of an order for operations on the same machine type are to be reversed. The
definition of a machine dependency for an order in operation 247 for operation 270 is to be set subsequently
and during the transformation of the input data in the routings inversely in operation 270 for operation 247.

Concerning the definition of critical queue times, the authors point out that, when running the
simulation model backwards and validating it, a way to deal with possible scrap has to be found. In this
paper, and following Kopp et al. (2020a), the definitions of an assignment in terms of critical queue times
are initially provided in the modelling but are not yet functionally implemented. Kopp et al. (2020b) provide
general results regarding the implementation of critical queue times in the low-volume/high-mix simulation
model of the SMT2020.

Based on the planning data, a backward scheduling of the orders can be done based on the order list to
be considered. The scheduling of the orders is done according to the goal of zero delay and the time
feasibility of the promised planning data starting from the latest possible completion date.

The automation of the transformation steps described here for backward simulation (see Figure 2)
implemented by the authors offers numerous advantages, especially for planners and decision-makers who
do not have sufficient knowledge regarding simulation and especially backward simulation. The intuitive
user interface, see Figure 3, allows the user to select the order list to be considered and to define the planning
horizon accordingly, while the underlying transformation process can be executed as often as required. A
table view also offers the possibility to trace the transformation of the order list under consideration.
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Figure 3: User interface and underlying process flow for selecting the order list to be considered and the
planning horizon.

2044



LeifRau and Laroque

3.2 Design and Execution of Experiments

Existing simulation tools have insufficient capabilities in terms of experiment design for backward
simulation; the transformation of result data from a backward simulation run and the subsequent validation
against a forward simulation is a crucial sub-step to be automated to ensure an integrated validation of the
backward simulation results.

To perform the sensitivity analysis envisioned in this paper, the authors again implement a prototype
user interface for selecting and defining factor configurations. Radio buttons can first be used to select
whether the selection should apply to the entire production process or only to specific functional areas that
can be selected via a dual list. In addition, users can also specify the step mode and subsequently the
selection of an exact percentage or step-by-step integer setting of the number of machines for the
corresponding machine types of the selected functional areas, see Figure 4.

e
Selection Definition percentage (STHQTY)

o
Selaction step mode

Select STNGRPY(s)

Figure 4: User interface and underlying process flow for the selection of factors for the design of
experiment.

In the experimental execution, defined factor configurations are simulated several times to be able to
make high-quality statements about the mimicked system. The authors simulate the individual factor
configurations following the original forward loading and follow the backward simulation in the sense of a
combined execution. For this purpose, the factor configurations are executed in sequence via a chunk loop
using appropriate Python scripts from KNIME directly in AutoSched AP. The result data (.rep files) for
each simulation run are automatically stored under a specific file path for the executed experiment together
with a listing of the executed configurations and information regarding the planning horizon.

3.3  Data Preparation and Analysis

The availability of all result data after completion of all configurations of one or more experiments enables
immediate data preparation and analysis. In this context, the one-time creation of a workflow in KNIME
again offers the advantage that each new configuration series in the form of an experiment can be analyzed
at the push of a button. The resulting evaluations can be viewed via an interactive dashboard. The authors
have implemented four different views for the dashboard, see Figure 5. The first three views refer to a single
configuration of an experiment. In the fourth view, the evaluations focus on a whole set of configurations.
Selections can be made using radio buttons, and experiments (and configurations) can also be selected using
drop-down lists. The dashboard view is automatically updated with each new selection.

2045



LeifRau and Laroque

Figure 5: Different views and underlying process flow of the interactive dashboard for evaluating the
simulation results.

4 RESULTS OF A SENSITIVITY ANALYSIS

With the proposed solution approach for automated execution and evaluation of extensive simulation
experiments in the context of backward simulation, the authors try to achieve several goals. Respectively,
the authors initially address the difficulty of performing experiments in the context of a sufficiently careful
design of experiments and the need to automate backward simulation. In this regard, the implementation of
a comprehensive solution approach to automate model inversion, design and execution of experiments, and
data preparation and analysis not only lead to time savings for simulation experts, but also enable, at least
in principle, the execution of experiments by trained users. The series of experiments itself achieves a
significant increase in efficiency and lower susceptibility to errors due to the absence of manual
intervention.

By means of the described approach, the backward simulation approach is to be transferred to a more
complex model and the applicability of the proposed solution approach for the automated execution and
evaluation of extensive simulation experiments in the context of backward simulation is to be presented in
principle. Within the framework of a sensitivity analysis, the authors have investigated the impact space in
terms of the number of machines for the machine types of selected functional areas (Dielectric, Diffusion,
Dry_Etch, Litho, Litho_Met) and a reduction of these by half. The resulting 57 experimental runs (including
initial configuration) were started using the developed solution approach on an octa-core Intel Xeon Silver
4215 processor and 256 GB physical memory. According to a comparability of the result data, the solution
approach starts with the processing of the original (forward) simulation run, called VWSO, and follows the
backward simulation in terms of the combined execution of the simulation model. The underlying planning
horizon was set in one case at 8 weeks (experiment001) and in another case at 12 weeks (experiment002).
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As already mentioned in section 2, discrete event simulation is suitable in general and in connection with
an input of a concrete production program to consider feasibility of concrete production program as well as
adherence by firms to completion and/or delivery dates promised in advance. The analysis carried out in
this paper is then initially based on the results of the original (forward) simulation run and compares these
with the results of the subsequent backward simulation. In the context of the sensitivity analysis performed,
the following statements always refer to a comparison of the results obtained by scheduling the original
(forward) simulation with the results of a backward simulation in terms of the combined execution of the
simulation model. According to the time feasibility of promised planning data, comparable results can
already be achieved for the initial configuration, in other words, without adjusting the number of machines.
Figures 6 and 7 show the result data according to a deviation in hours and corresponding time intervals.

Adherence to due dates (cumulated)

Adherence to due dates

Figure 6: Adherence to due dates according to a deviation in hours and time intervals for a planning horizon
of 8 weeks.

Adherence to due dates (cumulated)

Adherence to due dates

Figure 7: Adherence to due dates according to a deviation in hours and time intervals for a planning horizon
of 12 weeks.

Subsequently, the results of the test experiments across all configurations show that the backward
simulation can achieve promising results in terms of the time feasibility of the promised planning data,
starting from the latest possible completion date, compared to the scheduling of the original (forward)
simulation. The simulations show a higher average and median cycle time of the lots in relation to the
mimicked system, but at the same time they show a higher time feasibility according to a deviation of £12
hours up to £96 hours compared to the underlying planning data. The utilization of the individual functional
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areas, on the other hand, is almost unchanged compared to the scheduling of the original (forward)
simulation, see Figures 8 and 9.

Utilization according to STNGRP Cycle Time

T, Bligl

Adherence to due dates

safldne

Figure 8: Results of the test experiments across all configurations for a planning horizon of 8 weeks.

For a planning horizon of 8 weeks, half of the simulation runs for VWSO are between 0.69 and 16.06
percent adherence to due dates according to a deviation of £24 hours, while SimBack lies in a value range
of 1.29 and 21.19 percent. According to a deviation of £72 hours, the values are 2.57 and 29.19 percent
(VWSO0) and 4.28 and 46.02 percent (SimBack). In contrast, half of the simulation runs for VWSO have a
mean cycle time between 38.76 and 67.00 days and a mean of 56,51 days, while SimBack measures values
between 42.41 and 75.33 days and a mean of 62,12 days.

Utilization according to STNGRP Cycle Time

= b

Adherence to due dates

ir &L L0 4 g

Figure 9: Results of the test experiments across all configurations for a planning horizon of 12 weeks.
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Furthermore, the superiority of the results of the backward simulation in terms of a combined execution
of the simulation model can also be shown for a planning horizon of 12 weeks. Accordingly, half of the
simulation runs for VWSO range from 0.66 to 7.86 percent adherence to due dates for a deviation of +24
hours, while SimBack ranges from 0.94 to 13.98 percent. For a deviation of +72 hours, the values are 2.54
and 17.72 percent (VWSO0) and 3.09 and 31.81 percent (SimBack). In contrast, half of the simulation runs
for VWSO have a mean cycle time between 50.29 and 84.11 days and a mean of 72,36 days, while SimBack
measures values between 62.78 and 115.35 days and a mean of 91,39 days.

As a result, the authors achieve a higher adherence to due dates in both experiments, but at the same
time record a higher average cycle time. The authors initially attribute this fact to the "simple" execution of
the simulation, which is still carried out without further optimization. The transfer of the backward
simulation approach by means of the described procedure to a more complex model, however, initially
focuses primarily on the time feasibility of promised planning data and on proving the applicability of the
proposed solution approach for the automated execution and evaluation of extensive simulation
experiments in the context of backward simulation in principle.

5 OUTLOOK

Simulation requires effort and time; even if a preexisting model just needs to be updated with new
parameters, there is still the runtime required to run the simulation, see Pappert and Rose (2022). Today's
manufacturers must develop production plans that keep inventories as low as possible while meeting quality
requirements and delivering on promised delivery dates. One way to address this objective is by optimizing
overall planning processes, which require overarching optimization methods, see Jain and Chan (1997) and
Laroque et al. (2022). The purpose of this paper was to present an approach for automated execution and
evaluation of extensive simulation experiments in the context of backward simulation as a first component
of a larger overall concept, see Figure 10.
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Transfer Learning

Figure 10: Overall solution concept for a powerful tool to support operational decisions in scheduling and
sequence planning.

In addition to an on-going research of questions concerning the methodological approach of backward

simulation, for example with respect to critical queue time, and the study of real-world use cases at industry
partners, the authors intend, besides transferring the model into the AnyLogic simulation tool, to use
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targeted data generation in the form of the execution of concrete factor configurations as part of the training
phase of machine learning techniques in order to provide a powerful tool for supporting operational
decisions in scheduling and sequencing in the semiconductor industry. This is to ensure that the solution
approach is immediately applicable to decision makers and to minimize the time and resource requirements
associated with the deployment of the techniques.

Finally, the testing of transfer learning should address the difficulty of having to train the machine
learning-based decision support and the underlying predictive model from scratch with new industry and
problem specific data (simulation and real data) as soon as input data changes significantly and/or similar
use cases are to be considered. The need for model adaptation and re-validation, combining data generation
through data farming with data analysis, and the resulting time and resource requirements represent a
significant research need.

REFERENCES

Block, C., B. Kuhlenkaétter, T. Frank, and U. Burges. 2017. “Online-Materialflusssimulationen zur Entscheidungsunterstiitzung in
der PPS*. productivITY 22 (1):28-30.

Bureau, M., S. Dauzére-Pérés, and Y. Mati. 2006. “Scheduling Challenges and Approaches in Semiconductor Manufacturing”.
IFAC Proceedings 39 (3):739-744.

Feldkamp, N. 2020. Wissensentdeckung im Kontext der Produktionssimulation. Ph.D. thesis, Department of Economic Sciences
and Media, Technische Universitat IImenau, llmenau: Universitdtsverlag.

Jain, S., K. Barber, and D. Osterfeld. 1989. “Expert Simulation For Online Scheduling”. In Proceedings of the 1989 Winter
Simulation Conference (WSC), edited by E. A. MacNair, K. J. Musselman, and P. Heidelberger, 4th — 6th December,
Washington, DC (USA), 930-935. Piscataway, NJ: Institute of Electrical and Electronics Engineers.

Jain, S., and S. Chan. 1997. “Experiences with Backward Simulation Based Approach for Lot Release Planning”. In Proceedings
of the 29th Winter Simulation Conference (WSC), edited by S. Andradéttir, K. J. Healy, D. H. Withers, and B. L. Nelson, 7th
— 10th December, Atlanta (USA), 773-780. Piscataway, NJ: Institute of Electrical and Electronics Engineers.

Kalinowski, K., C. Grabowik, G. Cwikla, |. Paprocke, and B. Balon. 2018. “Schedule Generation Schemes for Flexible
Manufacturing Systems with Additional Resources”. IOP Conference Series: Materials Science and Engineering, 400(6).

Kopp, D., M. Hassoun, A. Kalir, and L. Monch. 2020a. “SMT2020 — A Semiconductor Manufacturing Testbed”. IEEE
Transactions on Semiconductor Manufacturing 33 (2020a) 4:522-531.

Kopp, D., M. Hassoun, A. Kalir, and L. Mdnch. 2020b. “Integrating Critical Queue Time Constraints into SMT2020 Simulation
Models”. In Proceedings of the 2020 Winter Simulation Conference (WSC), edited by K.-H. Bae, B. Feng, S. Kim, S.
Lazarova-Molnar, Z. Zheng, T. Roeder, and R. Thiesing. Piscataway, NJ: Institute of Electrical and Electronics Engineers.

Laroque, C. 2007. Ein mehrbenutzerfahiges Werkzeug zur Modellierung und richtungsoffenen Simulation von wahlweise objekt-
und funktionsorientiert gegliederten Fertigungssystemen. Ph.D. thesis, Department of Information Systems, esp. CIM, Heinz
Nixdorf Institut, Paderborn.

Laroque, C., M. LeiBau, W. Scholl, and G. Schneider. 2021. , Rickwértssimulation als Instrument zur Produktionsplanung -
Erkenntnisse aus einer praxisbezogenen Fallstudie“. In Simulation in Produktion und Logistik, edited by J. Franke and P.
Schuderer, 295-304. Géttingen, Germany: Cuvillier Verlag.

Laroque, C., M. LeiBau, W. Scholl, and G. Schneider. 2022. “Experimental Analysis of a Stochastic Backward Simulation
Approach Under the Specifics of Semiconductor Manufacturing”. In Proceedings 55th CIRP Conference on Manufacturing
Systems, Volume 107, Lugano, Switzerland, 1336-1342.

LeiRau, M., and C. Laroque. 2023. “Backward-Oriented Decision and Planning Approaches in Production Scenarios: A Systematic
Literature Review and Potential Solution Approach”. In Proceedings of the EUROSIM Congress 2023, edited by M. M. Mota
and P. Scala. Cham, Switzerland: Springer Nature Switzerland.

Lendermann, P., S. Dauzére-Péres, L. McGinnis, L. Mdnch, T. O’Donnell, G. Seidel, and P. Vialletelle. 2020. “Scheduling and
Simulation in Wafer Fabs: Competitors, Independent Players or Amplifiers?”. In Proceedings of the 2020 Winter Simulation
Conference (WSC), edited by K.-H. Bae, B. Feng, S. Kim, S. Lazarova-Molnar, Z. Zheng, T. Roeder, and R. Thiesing.
Piscataway, NJ: Institute of Electrical and Electronics Engineers.

Mejtsky, G. J. 2007. “A Metaheuristic Algorithm for Simultaneous Simulation Optimization and Applications to Traveling
Salesman and Job Shop Scheduling with Due Dates”. In Proceeding of the 2007 Winter Simulation Conference (WSC), edited
by S. G. Henderson, B. Biller, M.-H. Hsieh, J. Shortle, J. D. Tew, and R. R. Barton, 9t — 12" December, Washington, DC
(USA). Piscataway, NJ: Institute of Electrical and Electronics Engineers.

Ménch, L., J. W. Fowler, S. Dauzére-Péres, S. J. Mason, and O. Rose. 2011. “A Survey of Problems, Solution Techniques, and
Future Challenges in Scheduling Semiconductor Manufacturing Operations”. Journal of Scheduling 14 (6):583-599.

Ménch, L., J. W. Fowler, and S. J. Mason. 2013. Production Planning and Control for Semiconductor Wafer Fabrication Facilities:
Modeling, Analyses, and Systems. New York: Springer.

2050



LeifRau and Laroque

Okubo, Y., and T. Mitsuyuki. 2021. “Study on Job Shop Scheduling for Keeping the Requested Shipping Sequence by Production
System Modeling and Backward Simulation”. Transdisciplinary Engineering for Resilience: Responding to System
Disruptions: 10S Press 2021:203-212.

Pappert, F. S., and O. Rose. 2022. “Using Data Farming and Machine Learning to Reduce Response Time for the User”. In
Proceedings of the 2022 Winter Simulation Conference (WSC), edited by B. Feng, G. Pedrielli, Y. Peng, S. Shashaani, E.
Song, C. G. Corlu, L. H. Lee, E. P. Chew, T. Roeder, and P. Lendermann, 111 — 14" December, Singapore. Piscataway, NJ:
Institute of Electrical and Electronics Engineers.

Sanchez, S. M. 2021. “Data Farming: The meanings and methods behind the metaphor”. In Proceedings of the Operational
Research Society Simulation Workshop 2021 (SW21), 22" — 26% March.

Watson, E. F., D. J. Medeiros, and R. P. Sadowski. 1993. “Generating Component Release Plans with Backward Simulation”. In
Proceedings of the 1993 Winter Simulation Conference (WSC), edited by G. W. Evans, M. Mollaghasemi, E. C. Russel, and
W. E. Biles, 12" — 15" December, Los Angeles, CA (USA). Piscataway, NJ: Institute of Electrical and Electronics Engineers.

Watson, E. F., D. J. Medeiros, and R. P. Sadowski. 1995. “Order-Release Planning Using Variable Lead Times Based on a
Backward Simulation Model”. International Journal of Production Research 33 (1995) 10:2867-2888.

AUTHOR BIOGRAPHIES

MADLENE LEIRBAU is a research assistant at the Institute of Management and Information at the University of Applied Sciences
Zwickau, Germany and works in the research group Industry Analytics (www.industry-analytics.de) in the project KI-StudiUm.
She holds a M.Sc, in management. Her main interest is the application of simulation and machine learning methods in relation to
operational decision support for production. Her email address is Madlene.Leissau@fh-zwickau.de.

CHIRSTOPH LAROQUE is a full Professor of Business Analytics at the University of Applied Sciences Zwickau, Germany.
His research group Industry Analytics (www.industry-analytics.de) is working on the development of manufacturing companies
towards data-driven organizations. On focus is the application of simulation-based decision support techniques in manufacutring
operations. His email address is Christoph.Laroque@fh-zwickau.de.

2051


mailto:Madlene.Leissau@fh-zwickau.de
mailto:Christoph.Laroque@fh-zwickau.de

