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ABSTRACT

In the context of facilitating operational decision-making through simulation-based digital twins, precise
and expeditious synchronization of simulation models with real-system load states is paramount. Such
synchronization serves to attenuate the typical transient behavior observed in material flow simulation,
confining it to a brief temporal window. This paper delineates a novel conceptual framework for initializing
simulation models, illustrated through an exemplar of an order picking system integrated with SAP
Extended Warehouse Management as its warehouse and operation management system. Through empirical
inquiry, the ramifications of the proposed initialization framework on simulation model transient behavior
are scrutinized. Notably, the reference simulation model commences in a state of 'empty’ load. The findings
of this study evince that the proposed approach yields a significant improvement in transient behavior.

1 INTRODUCTION

The term 'digital twin' has gained widespread usage across diverse domains, generally denoting a virtual
representation of a product, process, or system. In 2012, scientists at the National Aeronautics and Space
Administration (NASA) introduced the term to describe a digital flight system that allows for analysis and
prognostic capabilities. (Piascik 2012; Qi, 2018; Tao 2018).

Various published instances of digital twins encompass a wide array of use cases and technical
configurations. Kritzinger et al. (2018) have categorized these diverse approaches into digital models,
digital shadows, and digital twins, as illustrated in Figure 1.

Central to the notion of digital twins is the establishment of a bidirectional data interchange between
the physical system and its digital counterpart (Harper 2019; Kritzinger 2018; Tao 2018; Qi 2018).
Although the frequency of data exchange remains unspecified, Digital twins hold promise for seamless
integration into decision support systems, facilitated by the reciprocal data exchange. By maintaining a
virtual real-time depiction of the real system, digital twins enable proactive assessment of decision
feasibility within the virtual environment. In addition to the simulation-based digital twins addressed in this
paper, there are other approaches to evaluating alternative courses of action in decision support systems.

To mitigate the risk of erroneous decision-making and facilitate decision review, the synergistic
utilization of digital twins alongside forecasting models is advocated. This approach, encapsulated within
the realms of predictive or prescriptive analytics in data analytics, enables purposeful and anticipatory
optimization of complex logistics and production systems during operational phases. A particularly
promising avenue entails the creation of a digital twin endowed with predictive or prescriptive analytical
capabilities, finding applications in diverse domains such as production control, machine parameter
optimization, and workforce management (Kritzinger 2018)

Figure 1 delineates the interrelation between distinct tiers of digital models and data analytics.
Furthermore, the figure provides an overview of the typical data basis used and the authority responsible
for decision-making. Data harvesting entails the collection and analysis of system data devoid of explicit
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modeling, as embraced by the paradigms of digital models, digital shadows, and digital twins. Often, data
harvesting is synergistically integrated with other methodologies.
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Figure 1: Different levels of digital models and areas of application (based on Kritzinger 2018; Kauke
2021).

At Level 1, digital models facilitate the generation of reports and retrospective or descriptive analyses
of systems. These analyses are typically prompted at periodic intervals and cater to specific inquiries,
primarily utilized in strategic planning contexts owing to limited automation in data exchange processes.

Digital shadows (level 2) automate data transmission from real to virtual systems, furnishing copious
data for analytical purposes. However, compared to digital twins, digital shadows exhibit relatively subdued
modeling of system behavior and interdependencies. Consequently, digital shadows excel in scrutinizing
discrete facets within a system, such as individual machinery. Leveraging their extensive data repositories,
digital shadows enable precise prognostics, encompassing maintenance requirements.

Conversely, digital twins (Level 3) boast comparably extensive data repositories while additionally
modeling inter-system interactions, affording a holistic portrayal of system dynamics. Notably, digital twins
often incorporate simulation models that autonomously process requisite data, thereby supporting the
prescriptive analytics paradigm.

When employing simulation models for operational decision support, initializing the simulation model
at the onset of each simulation run poses a massive challenge. It is imperative to meticulously assess the
real system's current state and seamlessly transmit this information to the simulation model. Moreover,
ensuring the alignment of order data utilized for simulation with the simulated system state is paramount.

This paper presents a novel approach to initializing simulation models for order picking systems,
leveraging contemporary order data sourced from an SAP Extended Warechouse Management (EWM)
system. The proposed methodology entails data importation, analysis, and seamless integration of system
status updates from the SAP system into the simulation environment.
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2 INITIALIZATION OF SIMULATION MODELLS

The initialization of simulation models encompasses the establishment of initial conditions and starting
values requisite for commencing simulations. It is imperative to meticulously define the initial conditions
pertaining to diverse variables and parameters within the model to ensure the production of realistic and
meaningful outcomes. This entails specifying crucial attributes such as the initial positions of transportation
units or other pertinent properties delineating the state of the internal transport system at the simulation's
onset. The process of initialization profoundly influences the transient behavior of the model. The transient
phase denotes the initial period during which the simulated system or process adapts from its initial
conditions towards a stable or steady-state configuration. As elucidated by Hanisch et al. (2005), the
transition time denotes the duration necessitated for a system to evolve from its initial state to a phase where
its behavior exhibits greater regularity or predictability, thereby diminishing the impact of initial conditions.

Simulation constitutes a pivotal tool in material flow planning, facilitating the validation of planning
outcomes prior to system implementation. Frequently, simulation runs commence with an 'empty' model,
indicative of all conveyors being devoid of material and no orders being initiated. Metrics garnered during
the transient phase often deviate from reality. To avert erroneous interpretations, critical system metrics
should be assessed post the transient phase's culmination. Notably, the transient phase may extend over
several hours of simulation time, particularly for expansive and intricate models. Simulation models
integrated within the ambit of digital twins necessitate minimal transient phases. Consequently, thorough
parameterization of the simulation model prior to commencing simulation runs is imperative to accurately
reflect the current load status of the system.

2.1 RELATED WORK IN THE FIELD OF ORDER PICKING SYSTEMS

Order picking constitutes a critical process within intralogistics, particularly with the surge of online
commerce (Giinthner 2014). The efficiency of the order picking system profoundly influences the storage
dynamics of a diverse array of articles and the expeditious delivery of goods, thus establishing an
indispensable competitive edge, particularly for online retailers. The system operates with four principal
objectives:

High performance

Cost efficiency

Reduced throughput times
Adherence to delivery deadlines

Performance, quantified in picks per hour, ensures the expeditious processing of customer orders, while
cost-effectiveness remains a crucial consideration. Minimization of lead times significantly enhances
overall system performance, necessitating the mitigation of buffer stocks, particularly in multi-area systems.
Adherence to cut-off times is paramount for meeting delivery deadlines.

The pursuit of these objectives has been the focal point of scholarly inquiry for decades, resulting in
the formulation of various approaches that, contingent upon their attributes, can exert either a positive or
negative influence on the system. Numerous comprehensive literature reviews have been published over
time, warranting acknowledgment (Kosten 2017; van Gils 2018). The work of van Gils et al. holds
particular relevance for the development of this research endeavor.

Parameters under scrutiny are broadly categorized into strategic, tactical, and operational planning
issues (van Gils 2018). Strategic parameters encompass layout design, automation levels, and handling
equipment. While the digital twin does not inherently investigate variations in these parameters, it
acknowledges the likelihood of an overarching system comprising diverse subsystems characterized by
distinct degrees of automation, layouts, and handling equipment. Operational parameters pertain to resource
allocation, including workforce size, zoning, and storage assignments, with considerations such as batching,
routing, and job assignment falling within this domain.
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This classification does not account for time intervals in the examination or modification of planning
issues. It is reasonable to anticipate a significant increase in the frequency of these issues from strategic to
operational levels. Consequently, the digital twin is designed to consider parameters at intervals ranging
from daily to hourly or shorter, rendering tactical and operational parameters inherently relevant.

Periodic reassessment of specific actions is essential to ensure alignment with the defined objectives of
the picking system. The scope for action encompasses three primary aspects, with the optimization of
picking tour sizes emerging as a pivotal lever. Picking tours, whether singular or comprising multiple orders
(multi-order-picking), necessitate optimization to meet lead time and efficiency benchmarks.

Dynamic human resource planning systems facilitate the flexible allocation of available personnel
across various sections of the picking system, thereby enhancing workforce utilization in response to daily
fluctuations in orders. Synchronization of anticipated partial order arrivals through time-differentiated
release of picking orders can curtail buffer area requirements and bolster system reliability. The current
approach to determining release times and worker allocation is based on experience, which may not always
result in good decisions. Conversely, a digital twin possesses the capability to curate a tailored suite of
measures from the available options through monitoring, forecasting, and simulation, optimizing outcomes
to meet specific requirements.

2.2 RELATED WORK IN THE FIELD OF INITALIZATION OF MODELLS

This section examines papers that have addressed the topic of initializing simulation models, either in a
narrow or broad context.

Hanisch et al. (2005) describe two approaches for initializing online simulation, which are comparable
to the simulation-based digital twin mentioned earlier. The first approach involves running a simulation
model (parent model) synchronously with the real system. This model can be replicated to conduct a
predictive simulation more quickly, allowing for the forecasting of future states. The second approach in-
volves creating a model as needed and initializing it with current measured values. This approach is similar
to the one presented in this article. However, the authors did not provide a description of the data analysis
or the exact initialization process in their article.

Le and Fang's (2024) literature review offers a comprehensive overview of the current research on
digital twins for logistics and supply chains. However, the review lacks detailed consideration of the topic
of initialization, with most sources only briefly mentioning its necessity.

The work of Ashrafian and Pedersens (2023) focused on the development of a digital twin for an order
picking system. The article explains the data used for the simulation, but does not cover the interpretation
of the real-world data or the procedure for initializing the model.

Rabe and Dross (2015) describe the architecture of a decision support system for logistics systems and
the use of a reinforcement model. They demonstrate how process and warehouse data can be used for
training and validation. However, they do not provide a detailed procedure explanation.

Nicoletti and Appolloni (2024) present a framework for digital twins as a service for SPL logistics
providers. The framework should include functions for data preparation and analysis, with simulation being
an essential component. However, the authors do not provide a concrete procedure for model synchro-
nization.

Simulation-based digital twins are utilized to optimize and control production systems. For example,
Rachner et al. (2023) proposed an approach for flexible production systems in which workstations are
connected via AGV. The authors emphasize the significance of linking real and virtual systems in terms of
data technology, but do not provide a detailed description.

Models for testing are also used for virtual commissioning. Albrecht et al. (2024) presented an approach
for automatic model generation and initialization. However, the focus of this work is on coupling with
control instances for signal exchange. This area of application presents other challenges and cannot be
compared with the initialization of material flow models for an internal transport system.

Bergmann et al. (2011) conducted a systematic investigation of the data required for initialization in
production systems, how to transfer these data to the simulation model in a standardized way, and the
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potential problems that need to be solved to adequately initialize the model elements. The authors proposed
a solution based on the CMSD standard, which can be extended to logistics systems. However, the required
data analysis is not presented in detail.

In summary, transferring the real system state to the digital model is necessary to use digital twins.
However, many publications do not provide detailed information on data preparation and model
initialization. From the author’s perspective, this is an essential aspect that significantly affects the quality
of the results, particularly when investigating over a short-term time horizon.

2.3 RESEARCH METHOLOGY

This paper elucidates the initialization process of a simulation model within the framework of a case study.
The methodology entails the automated extraction and analysis of data sourced from an SAP EWM system.
Furthermore, the narrative outlines encountered challenges during the analytical phase. Additionally, the
paper delineates discrepancies in order processing times resulting from non-synchronization between the
simulation model and the prevailing system status, as observed within a simulation study. The primary
objectives of this article are to address the following research inquiries:

e How can the current system status be extracted from SAP EWM data?
o How can the analyzed system state be seamlessly transferred to the simulation model?
e  What are the ramifications of model initialization on simulation outcomes?

3 USE CASE

This paper illustrates the concept of initialization within the framework of a 'distribution center' (DC) use
case. The DC comprises several storage zones and a sizable order picking area. Numerous inbound goods
areas receive incoming shipments, while multiple outbound areas dispatch goods. Spanning across an
expanse of 20,000 m?, the DC has the capacity to accommodate up to 60 industrial trucks and facilitate
concurrent order picking tasks by 25 workers. The order picking process is based on the person-to-goods
principle. Items are provided on pallets in racks, which are located on the lower level. According to VDI
3590 (1994), this is a static and decentralized provision. The worker selects the required quantity from the
pallet and places the picking units on the pallet, which is subsequently delivered to the customer. Figure 2
presents a segment of the simulation model.

This section elucidates the material and information flow within the context of order picking. Stock
Keeping Units (SKUs) are initially stored on pallets within a physical warehouse, serving as the source
handling unit in SAP EWM. A warchouse operator retrieves these goods and arranges them onto a pallet
designated as the destination handling unit. Upon completion of the order picking process, the assembled
pallet undergoes wrapping in foil before being dispatched to the shipping area. Figure 3 provides a graphical
representation of this process, accompanied by detailed step-by-step information.

The initiation of the process commences with the release of the pallet for picking, prompting the
creation of a warehouse order (WO-100) for SKU retrieval. Simultaneously, warehouse tasks
(WT-1, -2, -3, -4) are generated for each SKU, specifying the quantities to be extracted from the source
handling units. The storage locations for picking (source storage bin) are organized into types (e.g., source
storage type 7200) within the EWM. Additionally, a warehouse task (WT-5) is generated to designate the
final placement of the pallet. Warehouse pickers access these tasks via their terminals and proceed to the
designated provision locations with picking carts. Upon confirmation of task completion, the operator
records the removal of items from the source handling unit and posts them to the destination handling unit
in SAP EWM. Subsequently, the operator transports the completed pallet to the designated drop-off
location, confirming task WT-5. The designated drop-off location has already been allocated to a different
storage type (destination storage type 7300). Upon confirmation of all warehouse tasks for the warehouse
order (WO-100), signifying successful completion of all positions, a new warehouse order (WO-110) is
generated. In the presented use case requiring pallet wrapping, a corresponding warehouse task (WT-6) is
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created. Following acknowledgment by the operator responsible for the wrapping machine, the warehouse
order is confirmed. This initiates the creation of another warehouse order (WO-120) managing pallet
transportation from the picking area to the shipping area, comprising two warehouse tasks (WT-7, -8). Upon
completion of these tasks, the handling unit is transferred from the source storage bin to the destination
resource, ensuring accurate tracking of pallet movements.
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Figure 2: Simulation model of the DC using Plant Simulation with marked areas.
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Figure 3: [llustration of the process and selected information.

Terminal displays guide forklift drivers in pallet transportation tasks, providing pertinent pickup and
drop-off location information. Confirmation of task completion by the operator triggers the display of the
subsequent drop-off location.

Additional warehouse orders and tasks are generated if further handling stages are necessary, mirroring
the process outlined for WT-120. A comprehensive summary of pertinent information pertaining to
individual warehouse orders and tasks is provided in the tables depicted in Figure 4.

The above example shows that the warehouse order and the warehouse task can be used to determine
where a handling unit (e.g., a pallet) is located in the warehouse at a given time. It is not possible to deter-
mine the exact location of pallets that are currently on a forklift truck, i.e., in transit.

There are warehouse orders and tasks for all relevant processes in the DC, such as incoming goods,
replenishment, stock transfers, etc. By analyzing these data, a comprehensive representation of the current
task processing in the DC can be produced and transferred to the simulation.

1439



Galka

# Ovr\ijlgr Created Source Storage Destination Storage Confirmed
(wo) | on | At Typ | Bin | HU Typ | Bin | HU on | At
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Figure 4: Presentation of selected information on the individual warehouse tasks and orders.

With regard to the use case, it can be concluded that the material flows in the warehouse are described
by warehouse orders. The progress of the orders can be identified by the status of the warehouse tasks. The
example includes a warehouse task for each picking position and an additional task for dropping off the
pallets. There are two tasks for each transport step. The first task represents the pick-up of a transport unit
by a transport resource. The placement of the transport unit is documented by the second task. For transfer

to other
concept

4

applications, the existing data structure must be analyzed and transferred to the initialization
described below.

CONCEPT FOR INITIALIZATION

This section introduces the concept of initializing a simulation model employed to explore potential

operatio

nal decisions within an order picking system situated in a DC. Given the typically abbreviated

simulation period, often confined to the ensuing eight hours, minimizing the transient phase of the
simulation model becomes imperative. Hence, it becomes necessary to “fill” the simulation model at the
outset of the simulation run, addressing key questions such as:

e  Which pallets are in the functional area (e.g., buffer locations) and which picking or transport steps
still need to be completed?
Which warehouse orders have been released?
What resources are currently being used and where are they located in the DC?

The subsequent delineation outlines the process of "populating” the model before initiating a simulation

run. Initial steps entail the extraction of pertinent data from SAP EWM and their transfer to an external
database. This data transfer can be executed through methods such as CSV file exports or leveraging a
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REST API in conjunction with the SAP Business Technology Platform (as discussed in Galka et al., 2023).
Subsequently, the data undergo a comprehensive analysis, a procedural overview of which is provided in
Figure 5 and further elucidated below.
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Figure 5: Presentation of selected information on the individual warehouse tasks and orders.

In addition to the warechouse order data, whose analysis is described below, further information is
available for the model initializations. The number and type of vehicles can be imported from master data
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in SAP (cf. Galka 2023). Each vehicle has a unique identification number in SAP, which is saved when the
warehouse task is confirmed. It is assumed that every vehicle used has confirmed at least one task in the
analysis period. In the event that this assumption is invalid, it is presumed that the vehicle is not currently
in use and that it is not created in the simulation. For simulation spanning longer periods, personnel
deployment plans and shift models can also be imported. These are typically only available in limited form
in the SAP system and must be imported from other data sources.

4.1 Analysis of Warehouse Orders

For each warehouse order, the algorithm verifies its release status and whether it has been fully processed,
indicated by confirmation. Fully processed orders, where subsequent orders have been generated or the
process has concluded, are excluded from initialization and simulation. Orders not yet released undergo
further scrutiny to determine their starting position within the warehouse. If the starting position
corresponds to a standard storage location, e.g., on a rack, the order is treated conventionally in subsequent
simulation. However, if the source bin is a functional area, such as a buffer location, special consideration
is warranted during model initialization. Here, the pallet is generated within the appropriate functional area
in the simulation model, and the order is added to the list of pending warehouse orders (case 6 in Fig. 5).
As these orders have not been released, no associated warehouse tasks are present in the analyzed dataset;
these tasks are created dynamically during the simulation.

4.2 Analysis of Warehouse Tasks

Regarding warehouse orders that have been released but remain unconfirmed, a meticulous analysis of the
associated warehouse tasks is imperative to accurately convey the status of order processing to the
simulation model. This entails scrutinizing the warehouse tasks linked to the respective order. Warehouse
tasks are generated in SAP EWM with ascending document numbers (#) and executed sequentially in
accordance with their assigned order. While each warehouse order comprises at least one task, it may also
encompass multiple tasks. The subsequent section provides a comprehensive delineation of each potential
scenario.

Case 1: All warehouse tasks associated with a transfer step or picking process remain unconfirmed
until the commencement of the respective process. At present, the SKUs are situated within the 'source
storage bins'. These orders are allocated to the table of released orders within the simulation framework. In
cases where a warchouse task already possesses an assigned resource, the corresponding order is linked to
said resource. Alternatively, if the resource is yet to be instantiated within the model, it is generated at the
designated picking initiation point (base). Order processing initiates from this base location. It is noteworthy
that resources may already be present within the model if they are currently engaged in executing another
order.

Case 2: In adherence to official protocols, it is imperative that a warehouse task with a higher document
number be confirmed only after confirmation of preceding tasks for the same warehouse order. However,
deviations from this standard may occur, where a warehouse task with a higher document number has been
confirmed while a preceding task remains unconfirmed. Such discrepancies typically arise due to manual
intervention by authorized users. Instances may also arise when warehouse pick-up tasks remain
unconfirmed while drop-off tasks have been confirmed, indicating potential manual alterations. To ensure
the integrity of the simulation process, warehouse orders with inconsistent task sequences are systematically
excluded and disregarded during initialization and subsequent simulation runs.

Case 3: In this case, the picking process has already been started by a resource. However, the pallet has
not yet been completely picked or placed on the transfer area. Therefore, it can be assumed that the pallet
is currently on its way to its destination. The data cannot be used to determine the exact location of the
equipment containing the pallet. In this case, the picking vehicle is generated in the simulation model on
the aisle in front of the last confirmed picking position. There, the vehicle can start its movement to the
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next pick position or transfer area. All subsequent actions of the vehicle are contingent upon the events
depicted in the simulation model.

The program checks if the resource has already been created in the simulation model as part of another
warehouse task. This may be the case if several pallets are transported simultaneously by a single resource.
If the resource has already been added, another resource with the same name cannot be created in the
simulation model.

Case 4: For some processes (e.g., wrapping pallets with foil), a warehouse order is created with only
one warehouse task. If the warehouse order has already been released and not yet confirmed, the handling
unit is located at the source storage location. In the simulation model, the handling unit is created on the
corresponding area and the warehouse task is added to the queue of open tasks.

Case 5: In this case, the warehouse order should already have been confirmed. This can only happen if
the posting workflow has not been completed at the time of the data transfer. This is usually prevented by
locking logic in the database.

The initialization of the simulation model can be completed when all warehouse orders and tasks have
been analyzed.

5 STUDY OF TRANSIENT BEHAVIOUR

To demonstrate the influence of the described initialization concept on the transient behavior of a simulation
model, a simulation study was carried out using artificially generated data. Unfortunately, real data from
the use case cannot be published. In addition, the feasibility of the concept was evaluated using real data as
part of a research project.

The simulation study focused solely on the picking process within the DC, excluding incoming goods
processes, replenishment processes, and truck loading. Over a 12-hour simulation period, 500 orders
(pallets) were to be picked, each containing at least three order lines and up to twelve order lines per pallet.
One position can hold a maximum of 20 picking units, which are typically cartons. The picking system was
operated by eight operators. The process starts with picking up an empty pallet and ends with transferring
the picked pallet to the pallet wrapper.
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Figure 6: Results of the study: Lead time limit without initialization (red) and with initialization (green),
number of released picking orders (blue line).
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The study compares the proposed initialization concept with the classical approach in material flow
simulation, where the model is empty at the beginning of the run. The study selected the lead time of a
warehouse order as the relevant KPI. This metric describes the time between the release of the warehouse
order and the confirmation of the last warehouse task. Figure 6 shows the average order lead time as a
function of the simulation time. For example, orders that were confirmed within 30 to 45 minutes of the
start of the simulation are grouped together and the average is calculated.

The results of the simulation study show that the described initialization concept can shorten the
transient behavior of the simulation model. This results in the simulation model representing the real system
more quickly when preloaded with tasks at the start of the simulation.

6 CONCLUSIONS

This paper presents an approach for initializing a simulation model for an order picking system based on
transaction data from a SAP EWM system. The approach is case-specific and can be applied to similar use
cases with comparable input data. The initialization and pre-assignment of simulation models is particularly
important if the simulation model is to provide short-term decision support for operational decisions. In
contrast to support strategic decisions, simulation for this purpose often has longer simulation periods,
allowing for a longer transient time of the simulation model. It is important to take this into account when
analyzing the result parameters.

The described procedure is not suitable for the permanent synchronization of simulation models. Its
purpose is to significantly shorten the transient phase, thereby ensuring that the model behavior corresponds
to the real system as quickly as possible. For a new analysis, the model is initialized anew and current data
are imported from the SAP EWM. The time required to exchange and analyze the data depends on the
amount of data. For the use case, the time required was less than one minute. The function was implemented
directly in Plant Simulation for testing purposes. In order to enhance the runtime and streamline the analysis,
the function was then implemented in the backend of the communication interface between SAP and Plant
Simulation.

As part of a research project, which investigates simulation-based digital twins to support operational
decisions, it was observed that the synchronization between the real system and the digital simulation model
places new requirements on the initialization of simulation models. In this context, it is necessary to develop
generally applicable approaches for the initialization of simulation-based digital twins.

REFERENCES

Albrecht, L., P. Seeger, and L. Kiible. 2024. "Automatische Modellgenerierung fiir die Virtuelle Inbetriebnahme bei HOMAG”. In
Echtzeitsimulation in der Produktionsautomatisierung, edited by A. Verl, S. Réck, and Ch. Scheifele, 169—180. Berlin:

Springer.
Bergmann, S., S. Stelzer, and S. Stralburger. 2011. “Initialization of Simulation Models Using CMSD”. In 2011 Winter Simulation
Conference (WSC), 2223-2234 https://doi.org/10.1109/WSC.2011.6147934.

Ashrafian, A., and S. Pedersen. 2023. “Digital Twin for Complex Logistics Systems: The Case Study of a Large-Scale Automated
Order Picking and Fulfillment System”. I[FAC-PapersOnLine 56(2): 11056-11061.

Fottner, J., S. Galka, S. Habenicht, E. Klenk, I. Meinhardt, and T. Schmidt. 2022. Planung von innerbetrieblichen
Transportsystemen. Berlin: Springer.

Galka, S., F. Schmid, D. Grasser, J. Hohm, S. Stauber, and S. Meifiner. 2023. “Integration eines SAP-Transportleitsystems in eine
Simulationsumgebung zur Unterstiitzung von Entscheidungen im operativen Betrieb”. In Proceedings of 20. ASIM
Fachtagung Simulation in Produktion und Logistik 2023, 13-15" September, Clausthal, Germany, 281-291.

Gils, T. van, K. Ramaekers, Caris, and R. B. de Koster. 2018. “Designing Efficient Erder Picking Systems by Combining Planning
Problems: State-of-the-art Classification and Review”. European Journal of Operational Research 267(1): 1-15.

Gilinthner, W. and M. ten Hompel. 2010. Internet der Dinge in der Intralogistik. Berlin: Springer.

Hanisch, A., J. Tolujew, and T. Schulze. 2005. “Initialization of Online Simulation Models”. In 2005 Winter Simulation Conference
(WSC), 1795-1803 https://doi.org/10.1109/WSC.2005.1574454.

Harper, K., C. Ganz, and S. Malakuti. 2019. “Digital Twin Architecture and Standards”. IIC Journal of Innovation 11/2019: 1-12.

Kauke, D., S. Galka, and J. Fottner. 2021. “Digital Twins in Order Picking Systems for Operational Decision Support”. In
Proceedings of 54th Hawaii International Conference on System Sciences, 5" January, virtual, 1655-1664.

1444



Galka

Koster, R, T. Le-Duc, and K. J. Roodbergen. 2007. “Design and Control of Warehouse Order Picking: A Literature Review”.
European Journal of Operational Research 182(2): 481-501.

Kritzinger, W., M. Karner, G. Traar, J. Henjes, and W. Sihn. 2018. “Digital Twin in Manufacturing: A Categorical Literature
Review and Classification”. I[FAC-PapersOnLine 51(11): 1016-1022.

Kuehner, K.J., R. Scheer, and S. Stralburger. 2021. “Digital Twin: Finding Common Ground — A Meta-Review”. Procedia CIRP
104(11): 1227-1232.

Le, T.V. and R. Fan. 2024. "Digital Twins for Logistics and Supply Chain Systems: Literature Review, Conceptual Framework,
Research  Potential, and  Practical Challenges". Computers &  Industrial  Engineering 187(C)
https://doi.org/10.1016/j.cie.2023.109768.

Nicoletti, B. and A. Appolloni. 2024. "A Framework for Digital Twins Solutions for 5 PL Operators". Technology in Society 76
https://doi.org/10.1016/j.techsoc.2023.102415

Piascik, B., Vickers, J., Lowry, D., Scotti, S., Stewart, J., and Calomino, A. 2012. “Materials, Structures, Mechanical Systems, and
Manufacturing Roadmap”. NASA TA 12-2.

Qi, Q. and F. Tao. 2018. "Digital Twin and Big Data towards Smart Manufacturing and Industry 4.0: 360 Degree Comparison".
IEEE Access 6: 3585-3593.

Rabe, M. and F. Dross. 2015. "A Reinforcement Learning Approach for a Decision Support System for Logistics Networks". In
2015 Winter Simulation Conference (WSC), 2020-2032 https://doi.org/10.1109/WSC.2015.7408317.

Rachner, J., F. J. Manschein, A. Goppert, and R. H. Schmitt. 2023. "Simulation-based Optimization of Product Integrations in
Line-less Assembly Systems based on Digital Twins" Procedia CIRP 120: 523-528.

Tao, F., J. Cheng, Q. Qi, M. Zhang, H. Zhang, und F. Sui. 2018. "Digital Twin-driven Product Design, Manufacturing and Service
with Big Data". The International Journal of Advanced Manufacturing Technology 94(9-12): 3563-3576.

VDI Guideline 3633. 2020. Simulation of Systems in Materials Handling, Logistics, and Production. Berlin: Beuth.

VDI Guideline 3590. 1994. Order-Picking Systems. Berlin: Beuth.

AUTHOR BIOGRAPHY

STEFAN GALKA is a professor for Material Handling Technology and Plant Simulation at the Technical University of Applied
Sciences Regensburg (OTH). Since 2021, he is head of the Innovation Lab for Production and Logistics at the OTH Regensburg.
His research interests include discrete event simulation in the field of production and logistics, digital twins and decision support
for operational logistics processes, as well as automation and robotics in production and logistics. His e-mail address is
stefan.galka@oth-regensburg.de and his website is https:/izpl.de.

1445



