
Digital Twins in Order Picking Systems for Operational Decision Support

Dirk Kauke
Technical University of Munich

dirk.kauke@tum.de

Stefan Galka
East Bavarian Technical University

of Applied Sciences Regensburg
stefan.galka@oth-regensburg.de

Johannes Fottner
Technical University of Munich

j.fottner@tum.de

Abstract

Digital twins are arousing great interest in both
science and industry. There are a large number of
papers that demonstrate and evaluate the potential of
Digital Twins in different application areas. However,
it must be noted that there is still no uniform definition
of Digital Twins. This paper first examines the concept
of Digital Twins and highlight how they differ in level,
compared with other digital models. The focus of this
paper lies in the conceptual development of a digital
twin in order picking systems. The described approach
in the paper aims at supporting the operational control
in order picking systems. Both the architectural
structure and the functions, e.g. the simulation, are
described in detail. Overall, this thesis shows the
benefits of Digital Twins. However, some functional
extensions are still needed before the full potential can
be achieved.

1. Introduction

The term Digital Twin is used in many different ways
in these days. In most cases, this means the virtual
representation of a product, process or system. The term
Digital Twin was first used by Dr. Michael Grieves at the
University of Michigan, to explain a digital model as the
equivalent of a real, physical object [1, 2, 3].

The research institute Gartner assumes that half of all
large industrial companies will use a form of a digital
twin by the year 2021 and that this will increase their
effectiveness by 10 percent [4].

The published digital twin examples differ
significantly in terms of use cases and technical
implementation. Kritzinger et al. classify the different
approaches into digital models, digital shadows and
Digital Twins (shown in Fig. 1) [5]. The essential
feature of the Digital Twins is the bidirectional data
exchange between the real system and the digital
representation [6, 5, 3, 2]. The frequency of data
exchange between the real and the virtual systems is not

specified.
Due to the data exchange in both directions, Digital

Twins are suitable for integration into decision-support
systems, because they represent the current situation in
the system (database), and feasibility of decisions can
be checked in advance using the virtual system. This
reduces the risk of making an incorrect decision.n terms
of decision support and the review of any decisions,
future requirements must be considered; therefore
it makes sense to use Digital Twins together with
forecasting models. In the context of data analytics, this
is described as predictive or prescriptive analytics.

A purposeful and forward-looking optimization of
complex logistics and production systems during the
operation phase is only possible with appropriate tools.
A digital twin of the system expanded by functions
of predictive / prescriptive analysis is a promising
approach. Typical areas of application are production
control, the adjustment of machine parameters, and
employee resource planning [5].

Figure 1 illustrates the correlation between the
different levels of digital models and data analytics. The
figure also shows which data basis is generally used and
who makes the decisions.

In data harvesting, data is collected and analyzed
for a system. There is no intention to model systems,
as occurs in the concepts of the digital model, digital
shadows and digital twins. Data harvesting is often used
in combination with the other approaches.

Digital models (level 1) support the creation of
reports and the retrospective / descriptive analysis of
systems. Due to the lack of automation in the data
exchange, these analyses are triggered in larger intervals
and for specified questions (used in strategic planning).

Digital shadows (level 2) allow automatic data
transfer from real to virtual systems. This means that
a large amount of data is available for analysis. The
modeling of system behavior (interdependencies) is less
pronounced than in Digital Twins. For this reason,
digital shadows are well suited for the analysis of
individual areas in a system (e.g. one machine). The
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Figure 1. Different levels of digital models. Authors’ own representation based on [5]

large database allows forecasts e.g. for maintenance
needs. Digital twins (level 3) also have a large
database; in addition, the interactions between the
system elements are modeled, and this allows the system
behavior to be described. For this purpose, Digital
Twins often have a simulation model for which the
required data is automatically processed. Digital twins
therefore support the prescriptive analytics approach.

The TwinKom project, which is presented in this
paper, introduces a digital twin, uses approaches
of predictive and prescriptive analytics, and makes
decision-suggestions to a user or takes decisions on its
own.

2. Digital Twins in logistics

In the previous chapter, it has already been pointed
out that there is no standard definition of a digital twin
as yet. This also becomes clear when logistics are
considered as a field of application. Exemplary studies,
on closer examination, tend to focus on a digital model
(Level 1) or model (Level 2) [7, 8, 9, 10, 11].

A detailed literature review was carried out to reveal
two scientific papers that contain descriptions of a
digital twin in logistics [12, 13]. Braglia et al. have
designed a digital twin that supports forklift routing. By
using an unspecified data interface, the position data of
the forklift and the pallets to be transported are supposed

to be transmitted to the digital model in a defined
time interval. The simulation model examines various
route and order strategies based on the available data.
Afterwards, the respective optimal route is transmitted
to the forklift driver [12].

Korth et al. also present in their work a concept
for a digital twin for the control of logistics systems.
In contrast to Braglia et al., they specify the data
interfaces and try to collect data through scanning or
sensors. However, a more detailed procedure for the
concrete implementation of the information flow cannot
be inferred from the paper. As an application example
for the digital twin, a distribution center consisting of an
automatic pallet shelf warehouse, two picking areas and
inbound and outbound goods departments is presented.
The objective in this case is the balanced utilization
of the employees in the outgoing goods department.
The presented result data could be achieved. If the
applicability of the Digital Twins, even in the much
more complex order picking system, is in the paper not
more closely examined [13]. The papers shown confirm
that Digital Twins are often used for operational issues.
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Table 1. Overview of literature regarding digital twins and related concepts

Digital Shadow Digital Twin Internal Logistics External Logistics

Ashrafian et al. (2019) X X
Baruffaldi et al. (2018) X X
Braglia et al. (2019) X X
Buckova et al. (2019) X X
Hofmann & Branding (2019) X X
Korth et al. (2018) X X
Leng et al. (2019) X X

3. Digital Twins for order picking systems

3.1. Related literature of order picking
systems

Order picking has become one of the most important
processes in intralogistics during the development of
online commerce [14]. The storage of a large number
of different articles as well as the immediate delivery
of the goods are significantly influenced by the order
picking system. Therefore, the optimal design of the
picking system has become a significant competitive
advantage, especially for many online retailers. The
operation of the system is aligned with the following
four objectives.

• High performance

• Low costs

• Short throughput times

• High adherence to delivery dates

The performance of the picking system, measured
in picks/h, ensures that the customer orders can be
processed in time. At the same time, the target
performance should be achieved at the lowest possible
cost, to ensure that the system is operated as efficiently
as possible. Short lead times have a decisive influence
on the overall performance. In addition, buffer stocks
should be kept as low as possible in multi-area systems.
Cut-off times should ultimately ensure that deadlines are
met.

The achievement of these goals has been the subject
of scientific investigation for decades. This has
led to the development of various strategies which,
depending on their characteristics, can influence the
system positively or negatively. In the course of time,
several comprehensive literature reviews have been
published, to which reference should be made here

[15, 16]. For the development of this scientific work the
work of Van Gils et. al. will be primarily considered.

The parameters to be examined are based on a
general division into strategic, tactical and operational
planning problems [16]. Strategic parameters include
layout design, degree of automation and handling
equipment. The digital twin is not supposed to
investigate any variation of these parameters, although
it is more likely that an overall system can consist
of different subsystems with different degrees of
automation, layouts and handling equipment. The
operational parameters are assigned to the resource
dimension (to which the number of people in the system
also belongs), zoning and storage assignment. Batching,
routing and job assignment, among other things, are
considered in operational terms.

In the scope of this classification, no time interval
was considered in which the planning problems are
examined or changed. There are reasonable grounds
to assume that the frequency will increase significantly
from strategic to operational. Since the digital twin
is supposed to consider parameters at intervals ranging
from daily to hourly or shorter, the tactical and
operational parameters are, in principle, relevant.

In order to achieve these goals, however, there is
scope for action in the operation of heterogeneous order
picking systems (multi-area system), which makes it
possible to react to changing conditions. The following
chapter will present the scope and potential of Digital
Twins in order picking systems in more detail.

3.2. Application and potentials

In order to continuously ensure the defined
objectives of a picking system, a regular review of
certain actions is necessary. The scope for action
consists of three key aspects: The size of picking tours
is one of the principal levers. A picking tour can exist
of one or more (multi-order-picking) orders. The task of
the Digital Twin is to find the optimal size of the tour so
that the requirements for lead times and efficiency can
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be met.
A dynamic human-resource-planning system allows

the flexible distribution of available employees to the
different areas of the picking system according to the
current order situation. In this way, the daily fluctuating
orders can be counteracted and a high utilization of the
workforce can be achieved.

In addition, a time-differentiated release of picking
orders makes it possible to synchronize the expected
arrival time of partial orders in consolidation, so that
buffer areas can be reduced and the reliability of the
picking system can be increased.

These actions are powerful tools for overcoming
the existing challenges, but these days they are mainly
based on human experience and controlled by simple
key figures. It is often not possible to fully evaluate
the consequences of individual decisions. A digital
twin, on the other hand, should be able to select a
package of measures from the room for maneuver, by
monitoring, forecasting and simulating in such a way
that the requirements are met as well as possible.

3.3. Research methology

The digital twin consists essentially of a simulation
model. Around the core, different services (functions)
are arranged, which are described in the systems
architecture. The procedure of this research is therefore
based on the usual procedure of simulation projects,
which starts with a problem description. This is
followed by a concept model, which is then transferred
into a computer model. Frequent validation requires a
constant adaptation of the concept and computer model
[17]. In the context of this paper, a first version of the
computer model will be presented besides the concept
of the digital twin, so that insights into the following
research questions can be gained:

• How should a suitable system architecture be
designed?

• Which data are required for the digital twin?

• At what frequency should the parameters of an
order picking system be reviewed?

• Which decisions should be made automatically by
the digital twin in the future?

3.4. Systems architecture

The digital twin was intended to be used for different
order picking systems and to be easily adaptable to
modifications in the system. For this reason, a
service-oriented architecture was chosen. The digital

twin for order picking systems currently consists of
seven services (shown in figure 2).

All data is stored in the TwinDa service. The
storage is object-oriented. For example, one generic
data object is generated for each picking area in the
system - this contains information on layout, orders,
resources and the stored assortment. When customizing
the digital twin, the data from the connected data sources
(e.g. Warehouse Management System) must be assigned
to the object attributes once. Afterwards, the data is
imported and checked automatically.

Based on the data basis, the TwinGe service creates
forecasts for the order load in the order picking
system. For this purpose, the already known orders are
supplemented by forecast orders (time series for orders),
so that the order load for the picking system can be
described as precisely as possible.

The parameters used in the simulation, e.g. the
picking time, must fit the values from the real system
and be adjusted in the event of deviation. The
TwinOp service regularly analyses key figures from
the real system and compares them with the simulation
parameters.

The TwinEx service monitors employee
deployment, e.g. in the order picking system and
order release. The current specifications are regularly
checked for this purpose. The TwinEx service examines
alternative decisions, taking into account the permitted
decisions. Possible decisions are examined using the
simulation and the forecast data. The TwinAn service
controls the simulation and evaluates the simulation
results. The simulation results are summarized in
key figures, which are used by the TwinEx service to
improve the decisions. The TwinSi simulation service is
implemented in PlantSimulation from Siemens and runs
on a separate workstation. The communication between
the services is based on a Representation State Transfer
(REST) architecture. The REST standard was first
characterized and developed by Roy Thomas Fielding
in his dissertation in 2000 [18]. Today, most cloud
providers such as Azure, Amazon Web Services and
VMware use the REST standard [19]. The use of REST
will enable later implementation as a cloud service.
A REST API consists of a client-server architecture
based on the HTTP(s)-protocol. The current version
of PlantSimulation cannot process HTTP requests.
Therefore, the PlantSimulation C interface was used to
access its own dynamic link library (DLL). The DLL
provides appropriate functions for communication with
the other services. The dataset is exchanged between
the services in the body of the request. The JSON
format is used to define the data.
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Figure 2. System architecture and exemplary interfaces to external data sources

3.5. Data analysis and order forecast

The most important input value for the Digital Twin
is the order data. This is permanently transferred
from the WMS or web shop to the digital twin. The
orders contain information on the required articles
(order position) and the quantity per article. Delivery
instructions, such as the type of shipment (e.g. pallet,
box) and the delivery date, are also included. The
challenge when analyzing and forecasting order data
for a simulation run is that it is not only the order
structure (number of positions, quantity, etc.) that
has to be determined. The time of order entry and
the requirements regarding delivery dates must also be
forecast. Fig. 3 shows the procedure for analyzing and
forecasting the order data.

In the first step, the order data is divided into groups
using a density-based cluster process (DBScan). The
clustering includes the number of positions, the position
quantity, the shipping type and the delivery specification
(time to delivery). Afterwards, a separate regression
analysis is carried out for the orders of every cluster,
so that the relationship between the number of positions
and the quantity per position can be described for every
order cluster. The delivery type and the shipment
time are determined by weighted probabilities when
generating the order.

To determine the number of orders per day and the
distribution of incoming orders over the day, a day type
is defined first. Each day is assigned to a day type,
whereby the day of the week, the month and aspects
such as vacation times can be taken into account.

A further analysis is initiated for the combination
of a day type and an order cluster. The relevant data
set (day type/order cluster) is analyzed with regard to
the incoming orders over the day. For this analysis, the
day is divided into time slots. For example, for the time
slot 10 to 11 a.m., a calculation of the number of days
on which 100 to 200 orders had already been received
by this time period. For the relevant days (100-200
orders having been received), the further inbound orders
over the day are analyzed. The result is a discrete
distribution function that describes the receipt of further
orders in the next time slot. Starting from a known initial
order backlog, different trends of incoming orders can
be described and rated with a probability of occurrence.

When generating orders for the simulation, the
current order intake from the connected system is
queried. The received orders are assigned to a cluster
(based on parameters of the cluster center). This enables
the order backlog to be determined for each cluster.
Different order trends are calculated for each cluster
and the probability of occurrence is determined. The
TwinAn service specifies which trends are used for the
simulation based on a defined service level. Usually
different trends are used to investigate the robustness
of the decision. The combinations of trends for each
order cluster result in a large number of possible load
scenarios. In order to be able to investigate as many
scenarios as possible, the order generation and the
simulation runs must perform very fast.

A very large number of historical data is required
for the described application. The clustering of orders
and the classification according to day types reduces the
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Figure 3. Schematic process of trend analysis

number of data records for the individual trend analyses.
The described procedure is currently being tested and
validated. It has already been shown that the size of
the value ranges for the trend analysis has a very large
influence on the accuracy.

A trend analysis without order clustering (all orders
in one cluster) describes the real order trend over the
day inaccurately and does not meet the requirements.
However, the simulation model which is described in the
following chapter relies on order data that is as accurate
as possible so that the simulation results form a valid
basis for controlling the order picking system.

3.6. Simulation

The simulation forms the core of the digital
twin. Due to the high complexity of the system,
the effectiveness of individual measures can only be
adequately checked by a process simulation. The
relevant parameters have already been presented in
chapter 3.1. In this chapter, it became clear that previous
studies, which have dealt with the investigation of order
picking systems, do not provide information about how
frequent a parameter has to be investigated. However,
since this is the core element of the simulation, Table

Table 2. Relevant parameters and their temporal

classification
≤ hourly per shift daily

Human resource dimension X

Human resource distribution X

Zoning X

Batching X

Routing X

Job assignment X

2 shows the relevant parameters and a timeline for the
analysis.

Individual order picking systems can only be
compared to a limited extent. This circumstance
requires a simple modelling of the real system. The
simulation service developed for the digital twin in
the PlantSimulation software (Siemens) has an object
library that can be used to quickly model different order
picking systems. Each simulation model (order picking
system) has a framework that enables communication
with the other services. Essential here are the interfaces
to the TwinGe service which are used to transfer
the system load (picking orders) to the simulation.
Furthermore, the interface to the TwinOp service
enables an automated check of the process parameters
(e.g. the picking time in each order picking area) and the
interface to the TwinAn service allows the adjustment
of decision parameters, such as the staff assignment.
The simulation results are also transferred to the service
mentioned above via this interface.

Before the TwinSi simulation service can be used, it
must be parameterised in a customising process. Several
blocks are available in the object library for this purpose.
The objects represent different picking methods, such
as conventional picking (person to goods) or picking
stations in combination with an automated warehouse
(goods to person). The selected modules are placed
and connected in the simulation model according to
the intended material flow between the areas. Figure 4
shows an example system with four areas.

Whereby area 1 and 3 are passed through by picking
orders one after the other. In picking area 2 the orders
are processed parallel to the orders in areas 1/3. Finally,
the picking orders are then merged in area 4. Each
individual area (module) can then be parameterized
according to the real conditions. The layout parameters
are set in this customizing process (for example, number
of aisles, compartments per shelf). The essential process
characteristics are also set in the customizing process.
This is necessary so that the process times of the
pickers are mapped accurately. At this point we would
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Figure 4. Structure of a multi-level order picking system

like to point out once again the close link with the
TwinOp service. In the usage phase of the Digital Twin,
process times should not simply be specified by the user,
but should be determined cyclically from data sources
such as the Warehouse Management System (WMS).
This is to ensure that the Digital Twin always really
represents the real system. To complete the customizing,
the assortment must be assigned to the order picking
areas (modules). This can also be done automatically
via the TwinOp service. Customizing is completed
with a functional test of the simulation model and the
interfaces.

During the development of objects in the simulation
library, attention has been paid to a generic design of
the individual areas so that the modules can be used
for as many different applications as possible. Another
essential requirement for the development of the objects
was standardized interfaces. This refers on the one
hand to the exchange of information between the objects
in the simulation model and on the other hand to the
communication with the services already mentioned. By
standardizing the interfaces, additional objects (picking
types) can be implemented if required, without having
to modify the framework or other objects.

Due to the automatic parameterization of the
simulation model with the use of the TwinOp service,
the model does not have to be adapted manually by the
user after the initial customizing. Instead, the digital
twin automatically adapts to the real state of the order

picking system, so that in this case we can speak of a
”real” Digital Twin. The user only has to intervene in
the simulation model if the structure of the order picking
system changes. This is the case, for example, if the
processing of orders in areas 1 and 3 is no longer serial
(see fig. 4) or if another picking area is integrated into
the simulation model.

3.7. Decision support

The Digital Twin for order picking systems is
designed to support decisions, especially in operational
issues, such as size of the picking tour, human resource
planning and adjustments to the order-release strategy.
For this purpose, the allowed decision space is defined
during the customizing of the Digital Twin. In the case
of staff resource planning, these are, for example, the
minimum and maximum number of employees in an
area as well as the maximum number of employees
available for a certain type of process in the entire
order picking system. This defines the decision space
of the Digital Twin. Today, order picking systems
usually have various picking areas, therefore the staff
assignment must be defined for each area. But the staff
assignment in one area of the picking system cannot be
considered independently of the planning for the other
areas. One reason for this is the maximum number
of resources available for the entire system. Another
aspect is that the number of allocated resources will
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affect the throughput of the picking area. When orders
are processed serially in several areas, the output of one
zone is the input of another zone. Due to the necessary
holistic view of the employee-deployment planning
for order picking systems, a high number of possible
combinations for the employee assignment quickly
arise. To keep the number of necessary simulation
experiments low, a heuristic approach was developed
for the TwinEx service. This gradually evaluates certain
constellations for staff planning and uses the simulation
results to determine which further alternative should
be investigated. Boundary conditions are also taken
into account, e.g. that an employee must work for at
least 2 hours in one order picking area before being
assigned to another area. For the defined experiments
the simulation runs are performed and the simulation
provides the following key figures to support decision
making

• throughput for each area

• lead time for each area

• order backlog for each area (incoming)

• utilization of the pickers per area

• performance per order picker per area

• service level (order in time) for each area

• lead time per order (total)

The decision regarding staff resource planning must
meet two main objectives. It must be guaranteed that all
orders have been processed on time for a given shipment
and, on the other hand, the number of pickers involved
and the necessary working hours must be as small as
possible . The TwinEx service looks for a setting for
staff resource planning that ensures a service level which
is parameterizable (mandatory criterion) and at the same
time has the lowest number of worker hours. It also
attempts to keep the required number of employees as
low as possible over time. The different key figures
are transformed into one key figure with the help of
a cost function. The staff resource planning with the
lowest costs is suggested to the user or transferred to
the control system (e.g. WMS). Different load scenarios
(see chapter 3.5) can also be included in this cost
function. The parameters for the load scenarios are
weighted by the forecast probability of the load scenario
occurring.

4. Implementation and evaluation

The digital twin for picking systems is being tested
by a logistics service provider. The provider handles

the orders for various online shops. Order picking is
carried out in three different picking zones. In two zones
the picking from pallet racks is realized. However, the
majority of orders (73 percent) are processed in the third
zone. These are goods to person systems. The transport
of the goods is carried out by small transport robots.
Figure 5 shows the warehouse of the logistics service
provider.

Figure 5. Warehouse of logistics service provider

Between 10,000 and 20,000 order positions are
processed per day by 50 employees in two shifts. This
implementation focuses on the question of employee
scheduling (Zone Allocation). This implementation
focuses on the question of human resource planning
(number of workers per zone). In the context of goods
to person picking, there are two further questions: At
which station (port) is the picking for which online
shop placed and how many orders should be prepared
by the automated warehouse in advance. The logistics
service provider uses an in-house developed Warehouse
Management System (WMS) with an SQL server as
database. The REST API actually updates the order data
every 120 minutes. The order data are supplemented
by the WMS with warehouse-specific data (e.g. storage
locations) in advanced. During the night, further data
are synchronized. These are mainly data that are used
to determine the current process times. In addition,
the stock mirror is analyzed. From this information
the current stock filling level is determined and it is
checked if all storage locations are also represented in
the simulation model (number of aisles, length of aisles).
After each update the order forecast is started. For the
specified load scenarios, various options for operation
are examined using the simulation service (TwinSi).
The options for action were defined by the logistics
service provider. Currently the results are written into
the database of the WMS and can be viewed by the user
in the WMS. (Web interface is still under development).
The user confirms or overwrites the suggestion for
action. Parameters such as the assignment of ports to
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online stores (goods to person zone) are automatically
written in parameter tables in the MWS. Employees are
personally informed about the change of a zone. The
supervisors usually agree with the system’s suggestions.
A comprehensive validation is planned in the coming
months. Currently, the simulation run times for the
person-to-goods system are between 4.5 minutes and
6.25 minutes per experiment (option to action) with 5
replications. Per load scenario six predefined options
for action are investigated (number of open ports and
allocation to online shops). The reason for the long
simulation run times is the very precise representation of
the robot behavior in the simulation. Here the simulation
model shall be simplified in a next step, where the
effects on the simulation results (accuracy) have to be
investigated. The simulation times for the other areas
are less than 1 minute. In figure 6 the simulation module
for the good to person system (AutoStore) is shown.

Figure 6. Simulation modell of good to person zone

After the nightly data transfer, the TwinOp service
uses the new data to determine parameters such as the
picking time depending on the online shop (order type).
Furthermore, structural changes can be detected via the
warehouse mirror or order data. The new parameters
are displayed to the user. The simulation model is
updated if the user agrees to the new parameter. Thus
the simulation model can be adjusted daily to changing
conditions. The testing of the digital twin is still in
the beginning. An intensive evaluation of the order
forecast and simulation results is planned for the coming
months. Furthermore the usability of functions shall be
increased.

5. Conclusion

The term digital twin is used in many ways. Since
a common definition has not yet been established,
the published concepts are usually not ”real” Digital
Twins. Based on the definition of Kritzinger et. al.

([5]), a Digital Twin has an automated bi-directional
data exchange. The paper clarified that Digital Twins
cannot be considered separately from Big Data and
Data Analytics, since a large amount of data has to be
prepared for Digital Twins. This processing represents
one of the greatest challenges within the implementation
of a Digital Twin. However, logistics and the related
fields of application offer a high potential. The Digital
Twin concept has great potential, especially within order
picking systems. Order picking systems are usually
very complex, such that the consequences of human
decisions are often impossible to estimate. In addition,
individual decision criteria are subject to interactions.
Furthermore, the demands on a picking system are
constantly changing, which makes it necessary to
regularly review decisions.

The testing of the architecture has shown that the
data prediction for the system load is a great challenge,
and that it significantly influences the results of the
simulation. With regard to the simulation, the level of
detail a system has to be modeled to remains an open
question. For decision support, uniform events and KPIs
must be defined that trigger a decision. This raises the
question of the extent to which the quality of decisions
taken can be. The decision-making process was
implemented by a cost function that takes into account
various key figures and load scenarios. In the next step,
this methodology will be improved. Feedback loops will
be implemented, whereby the users have to evaluate a
proposed decision. This is intended to replace the fixed
parameterization of the cost function. Discussions with
potential users have shown that the topic of acceptance
of automated decisions is a challenge. In this respect it
will be important to prepare the traceability of a decision
making-process in a comprehensible way.
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