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Abstract: This paper presents recent extensions made to a previously presented
decision support system (DSS) for logistics networks in materials trading. The
system uses a simheuristic framework to compute integrated action sets from actions
that could possibly be realized in a logistics network. In order to increase the
usability and flexibility of the DSS, a concept for extending the system with usergenerated action types is presented in this paper. Furthermore, different
implementations of the systems’ heuristic unit have been tested. In this respect, the
paper presents promising results and gives an outlook regarding further research.

1

Introduction

Logistics networks are complex systems that can be very hard to manage. With the
aim to develop methods and systems that provide decision support for logistics
networks, the authors are cooperating with an international materials trading
company. The company operates a large, complex and heterogeneous logistics
network with over 100 warehouses and an inventory of around 150,000 items on
permanent stock. The company uses a data warehouse to measure different key
performance indicators (KPI) for different aspects of the logistics network, e.g., to
measure inventory productivity or the transportation utilization. Furthermore,
different KPI monitoring systems (KPIMS) are used to help the decision makers
cope with the complexity of the network (Dross and Rabe 2014). Each KPIMS
constantly monitors one KPI and sends an individually composed KPI alert to a
responsible decision maker, if the KPI leaves certain predefined corridors. An alert
generally consists of two parts: the performance measure that caused the KPI to
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deteriorate and a set of possible actions that could be performed by the addressed
decision maker in order to improve the KPI. The different KPIMS are not connected
to each other and each alert is sent to the decision makers of the company
independently. As a result, the actions suggested by one KPIMS could improve its
own KPI while possibly worsen one or more other KPIs. Therefore, the initial setup
could lead to a decline of the overall network performance instead of an
improvement (Dross and Rabe 2014; Rabe and Dross 2016). The overall research
goal is to develop a decision support system (DSS) for logistics networks that can
automatically find action sets that have the potential to improve the overall network
situation regarding all KPIs, called integrated action sets (Dross and Rabe 2014).
In order to solve the problem described above, Dross and Rabe (2014) proposed to
develop a simheuristic framework as the basis for a decision support system (DSS).
A simheuristic approach combines a simulation model with a meta-heuristic (Juan
and Rabe 2013). In recent years, a prototype, realizing the concept, has been
continuously developed (Rabe and Dross 2015; Rabe and Dross 2016; Rabe et al.
2017). For the DSS, action types define which types of actions can be applied to the
simulation model. Therefore, action types influence the search space for the metaheuristic. In order to extend the functionality of the DSS, a concept to integrate usergenerated action types was necessary. This concept and its implications on the DSS
components are presented in this paper.
The paper is structured as follows: Section 2 gives an overview of related work.
Section 3 introduces the development of a modelling language as the prerequisite for
the integration of new action types. Section 4 describes the usage concept for
integrating new action types into the system. Section 5 gives an outlook on expected
implications on the heuristic unit. Section 6 presents the authors’ current approaches
for the heuristic unit. Section 7 closes the paper with a conclusion and an outlook.

2

Related Work

This section presents related work with an emphasis on DSS for logistics networks
and supply chain simulation approaches. Furthermore, the architecture of the DSS is
presented.

2.1

Decision Support for Logistics Networks

Logistics assistance systems (LAS) have been described as systems providing
decision support for logistics networks by Blutner et al. (2007) and Kuhn et al.
(2008). LAS are systems which assist planners to quickly identify critical situations
and objectively evaluate consequences of possible decision alternatives. Deiseroth et
al. (2008) and Bockholt et al. (2011) describe LAS for planning and decision
support in supply chains, especially in the automotive sector. Liebler et al. (2013)
present a simulation-based approach for gaining insight in global supply networks
and explain its use for LAS. The terms LAS and DSS for logistics networks are used
synonymously in the literature. In general, DSS is a widely accepted term in the
international literature (Shim et al. 2002; Kengpol 2008). For this research, the
authors decided to consistently use the term DSS, although the system could also be
referred to as a LAS.
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Supply Chain Simulation and Simulation-based
Optimization

In order to support the research described in this paper, a corresponding prototype
has been developed using the supply chain simulation tool SimChain (SimPlan AG
2017). The concept of SimChain has been described by Gutenschwager and Alicke
(2004). It is a supply chain simulation tool especially suitable for the analysis of
distribution and production networks. SimChain is a data-driven simulation tool. It
consists of two components: a set of generic building blocks for a logistics network
simulation in Siemens Plant Simulation and a corresponding data model stored in a
MySQL database. The data model holds the complete parameterization for the
generic building blocks, including the structure of the network. The actual
simulation model is dynamically instantiated from the data model at run time.
Therefore, a possible action can be applied as a change to the data model, and is then
reflected in the instantiated simulation model. The approach, therefore, offers a datalevel interface to the simulation model. Another simulation tool with a comparable
approach, but targeted more towards distribution networks in the automotive sector,
is OTD-NET (Fraunhofer IML 2017). SimChain has been chosen because the
authors had good experiences using the software in the E-SAVE project in a
comparable application (Rabe et al. 2013).
A good overview of possible combinations of simulation and optimization
techniques is provided by März et al. (2011). In case a simulation is used as the
evaluation function of an optimization algorithm, this is defined as a "Category D"
approach by the German VDI (VDI 3633 Part 12 2016). Juan and Rabe (2013) have
proposed to use the term simheuristics when a meta-heuristic is combined with a
simulation model to solve stochastic optimization problems. Therefore, this term is
also consistently used in this paper. Previous researches have proposed to solve
combinatorial optimization problems using genetic algorithms or evolutionary
algorithms (EA) (Osaba et al. 2014; Zhang et al. 2015; Cabrera et al. 2016). The EA
approach is also the one followed in the research presented here.

2.3

Decision Support System for Logistics Networks with a
Simheuristic Framework

The simheuristic framework approach for the DSS has already been presented in
Dross and Rabe (2014), Rabe and Dross (2015), Rabe et al. (2015), Rabe and Dross
(2016) and Rabe et al. (2017). Therefore, this paper only provides a brief overview
of the system. An illustration of the system architecture is given in Figure 1.
A model builder software is used to automatically transform the raw data drawn
from the data warehouse into a simulation data model. Once the simulation data
model has been loaded into the database of the simulation tool, the simulation can be
executed, as described in section 2.2. A shadowed data warehouse is used to gather
the simulation output data and calculate the relevant KPIs. A credible measurability
of the data warehouse KPIs on the simulation output data is ensured by a specifically
developed procedure model (Rabe et al. 2015). Once the heuristic unit has registered
the initial simulation results, it can experiment by applying actions to the simulation
database. An action is resolved into changes by an execution engine. After an action
is applied, a new simulation can be instantiated, the simulation can be run and the
potential KPI effects of an action can be evaluated by the heuristic unit.
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Figure 1: Architecture of the DSS (Based on Dross and Rabe 2014)
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The heuristic unit can evaluate single actions as well as complete action sets.
Integrated action sets can be reported to the decision makers through the reporting
module. From there, the decision makers can also provide feedback to the system.
The prototypical implementation of the reporting module has been realized as a
web-based, responsive user interface (Rabe and Dross 2016). The prototype serves
as a proof of concept, and the system is currently under further development. As an
important abstraction level to actions, the concept of action types has been
introduced (Rabe and Dross 2015; Rabe et al. 2017). An action type describes
possible actions in a generic way. E. g., an action type might generally describe the
possibility of changing the replenishment of a stock-keeping unit (SKU) in a site to a
different supplier. A corresponding action could describe the change of a specific
replenishment of a specific SKU in a specific site. Available action types are stored
in an action type directory. In order to increase the flexibility of the DSS, a concept
for extending the system with user-generated action types has been developed.

3

Modelling Language and Action Type Designer

Changing the simulation model means performing changes on one or more parts of
the underlying database. In consequence, actions modifying the logistics system are
directly correlated with changes in the database. These relations, however, may be
very complex and have to be implemented by the user. Understanding the relations
between actions and the database is inevitable for extending the system with new
action types, but also for an insight into the actions’ effects. In order to provide the
user with an integrated and consistent way of modeling action types, the authors
propose to use a domain-specific modeling language (DSML). A DSML is a
language that is easy to understand by a human, but can be executed on a computer.
It is focused on a clear and small domain using a bare minimum of features in order
to support solving domain-specific problems (Fowler 2011). The DSML is related to
multiple areas and components of the system. Therefore, the modeling language is
just indicated below the simheuristic framework in Figure 1.
Action types can be created and edited in the action type designer, which is depicted
as a square below the action type directory in Figure 1. The action type designer is
the bridge between the modeling language and the user’s view to the logistics
system. All user-generated action types are saved in the action type directory. The
user has access to all action types through the action type designer. He can
manipulate and update them. Additionally, the user can use these action types to
create new action types, e.g., by using them as a basis or by concatenating them.
Eventually, using a feasible interface to access the DSML in order to model action
types should provide an easy-to-learn approach for extending the DSS with new
actions for the modeled logistics network.

4

Usage Concept for Integrating New Action Types

An action type may be related to one or more areas of the underlying data model,
depending on its structure. Thus, changing the data model may also lead to
adjustments for corresponding action types. In order to reduce this dependency and
to provide a more generic approach, the authors propose to use a reference model for
the simulation data. With this approach, action types are related to the reference
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model instead of being directly related to the data model. Information regarding the
mapping between the reference model and the data model will be given by a
mapping specification. Regarding the action type designer, the authors propose to
integrate an access to the structure of the reference model from within the DSML.
Thus, the modelling language provides a way of mapping actions for the modeled
logistics network to corresponding changes to the reference model. Regarding the
user roles, action types may be created and edited by simulation experts or KPIMS
experts. A corresponding illustration is given in Figure 2. The user of the action type
designer can model new action types by specifying different kinds of information,
e.g., references to the corresponding tables in the reference model, required input
parameters and data for identification or for increasing the understanding of the
action type, such as an ID or a description. Additionally, the action types may
contain domain-specific information which can be used by the heuristic unit to
increase the search for integrated action sets. The user may be able to define a list of
correlations between action types that can be used by the heuristic unit.
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Figure 2: Modelling Language, System Components and User Roles
By analyzing correlated action types, promising candidates for further changes to the
modeled system can be derived after applying an action. Additionally, a factor for
the expected impact regarding its influence to the overall performance of the
modeled logistics network can be given. Applying actions might be restricted by
constraints, such as the requirement of a specific technique for storing certain SKUs.
Complex action types, such as shifting an assortment to a central warehouse may
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consist of several sub-action types, e.g., adjusting the minimum order quantity or
minimum stock of corresponding SKUs, as well as removing or adding transport
relations. Thus, the DSML must provide adequate constructs for concatenating
action types in order to model these hierarchical structures. Instantiating an action
type with parameter values will result in a concrete action. The execution engine can
process this action to derive corresponding changes to the data model. Obviously,
the execution engine needs access to the mapping model in order to transform
actions into changes. The effects of the applied actions are evaluated by running a
simulation experiment based on the modified data model. The results of the
experiment are provided to the reporting model. The decision maker can access the
simulation results through the reporting model.

5

Implications on the Realization of the Heuristic Unit

The heuristic unit needs to have access to actions types stored in the action type
directory, in order to add corresponding possible actions to the solution space.
Accordingly, decision variables define the selected actions. The heuristic unit has to
determine the concrete actions and search for the most promising integrated action
sets. With the new concept, the heuristic unit will also get access to all domainspecific information of action types. Hence, it can possibly utilize this information in
its search. From this perspective, it can be expected that the heuristic unit can
possibly fasten the selection of action sets from the solution space. Accordingly, the
learning ability of the heuristic unit is expected to increase, and the search process
may become faster and more effective. Furthermore, the link between the heuristic
unit and the reporting module is expected to be improved. This might increase the
learning ability of the heuristic unit. The heuristic unit will report its findings, most
promising integrated action sets, to the decision makers. The decision makers can
modify the action sets by deleting actions or suggesting actions. Additionally,
feedback regarding the effects of action set realizations in the real system can be
reported. As an additional benefit, the new concept could lead to a better
understanding of the proposed action sets and support the search for suitable actions.

6

Approaches for the Realization of the Heuristic Unit

As shown in Figure 1, the heuristic unit interacts with the simulation model in an
iterative manner. Currently, the authors implemented two different approaches for
the heuristic unit, an EA implementation and a Deep Reinforcement Learning (DRL)
implementation. EA has been chosen, because it has previously been successfully
used in similar kinds of research (see section 2.2). On the other hand, DRL has been
selected since an RL agent has the ability to learn based on rewards. This should
enable the DSS to speed up the search of integrated action sets based on previous
simulation runs. Experiments have been run with these prototypes to compare the
performance of the selected approaches. A small-size logistic network has been used
for the experiment consisting of 5 sites, 103 customers, 30 SKUs and 176 orders.
The EA mimics the biological evolution. In this approach, a possible action set is
represented as an individual in a population, and discrete-event simulation is used to
evaluate the fitness of the individuals. Cost and β-service level have been used as
fitness values to be minimized and maximized, respectively. New individuals in the
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successive generations are formed by selecting individuals from the population
based on their fitness, and using cross-over or mutation. EA algorithms require the
definition of parameters: cross-over probability, mutation probability, generation
size, and initial individual. In addition, terminating conditions should be defined:
maximum experiment time, maximum number of generations and stagnation
condition. For the experiments, the following parameter values have been set: crossover probability 70 %, mutation probability 25 %, maximum number of generations
50, maximum experiment run time 2 hours, and the NSGA2 algorithm for individual
selection. The remaining parameters have been iterated according to Table 1.
DRL combines RL with a convolutional neural network. RL utilizes an agent that
searches the solution space and selects actions based on their previously recorded
rewards. Each action and state combination has an associated expected return
, , resulting from applying action in state while following policy . The
Q-learning algorithm is applied in the RL as follows:

Qst ,at   Qst ,at    rt 1   maxa Qst 1,at   Qst ,at 

(1)

Where is a learning rate parameter, is the expected immediate reward, and is
the discount rate parameter at time . The learning rate has been set to 0.00025,
while the discount rate parameter has been varied as in Table 2.
Tables 1 and 2 show cost reduction, β-service level improvement, the experiment
run time, and the number of simulation runs during the experiments. The EA
converges faster than the DRL. The EA terminates within 1.5 hours or less,
depending on the parameter setting. On the other hand, DRL requires more time, but
it has the ability to learn and build experience. Therefore, DRL is able to deliver an
acceptable solution for a specific situation without conducting new simulation runs,
just based on its experience from past experiments.
Table 1: EA experiments’ parameters and performance
Initial
individual
size

Generation
size

Cost
reduction
[%]

Service level
improvement
[%]

Run time
[minutes]

Simulation
runs

1
1
4
4

4
16
4
16

0.38
2.73
5.48
5.79

0.11
0.24
0.34
0.45

7
17
87
90

10
32
158
151

Table 2: DRL experiments’ parameter and performance
Discount rate
parameter

Cost reduction
[%]

Service level
improvement [%]

Run time
[minutes]

Simulation
runs

0.1
0.5

2.00
5.00

0.02
0.08

630
510

600
600
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Conclusion and Outlook

The DSS presented in this paper uses a simheuristic framework. The framework
allows for experimenting with different components. Since the complete interaction
between the modules is done on a data base, experiments with different modules can
be conducted. Thus, the simheuristic approach can be tested with different
implementations for the heuristic unit. The simulation kernel could possibly be also
exchanged by alternative simulation tools in the future. Therefore, the simheuristic
framework already provides a very modular research approach for building a DSS
for logistics networks. Furthermore, the system will now be extended with the
possibility to integrate user-generated action types, which will again increase the
flexibility of the system. How the heuristic unit can handle these new action types
will be of special interest regarding further research. Besides this aspect, the authors
plan to generally extend their research in DRL and simheuristics. Possible
combinations will be considered in the future. Regarding this, a special focus will be
on considering larger logistics networks, and its impact on the total simulation time.
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