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Abstract—When improving industrial process chains in 

terms of productivity it is becoming more and more 

important to not only consider the static, but also the 

dynamic behavior of value streams. The effects of intended 

changes on production systems often are unknown and 

could underlie vast variations due to the planned outcome. 

In order to validate such changes before implementation, 

the use of material flow simulation is widely discussed in 

research and industrial practice. Such optimization projects 

usually require the collaboration of production system and 

simulation experts. Through the increased dissemination of 

various simulation tools on the market as well as multiple 

simulation methods available (discrete event, agent based 

and system dynamics) the actual selection of a suitable 

simulation setting is a challenging task. To support such 

optimization teams in the selection of an appropriate 

simulation method a decision making approach based on 

comparative criteria is shown and discussed in this article, 

concluding with a case study.  

 

Index Terms—material flow simulation, production system, 

decision support, discrete event simulation, agent based 

simulation, system dynamics 

 

I. INTRODUCTION 

Due to a constant intensification of international 

competition through globalization of markets, producing 

companies are forced to increase their productivity while 

lowering their costs and improving quality [1]. At the 

same time producing companies need to react quickly to 

the customers’ demand. In practice this can be achieved 

through short production lead times [2]. An optimization 

of material flow systems in order to lower lead times thus 

is of crucial importance for sustaining a high performance 

of production systems. This also includes the reduction of 

inventories as well as the increase in service levels and 

utilization. [3], [4]  

Because of the increasing complexity of material flow 

systems analytical approaches reach their limits. Instead 

simulations have to be used. [1], [5] Hence, the prior 

quantification of possible production system designs, 

using material flow simulation, is gaining more and more 

importance. The general objective is to develop systems 
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with minimal stocks, maximal productivity and thus 

ideally used resources [6]. Using simulations the 

mentioned parameters as well as highly complex 

processes can be analyzed and optimized during the 

whole life cycle from planning to operation [7]. 

Currently in this context the method of discrete event 

simulation (DES) is widespread for the simulation and 

analysis of material flows [8]–[10]. Further the methods 

of system dynamics (SD) and agent based simulation 

(ABS) allow the simulation of material flows [4], [11]. In 

practice none of these methods can be seen as generally 

superior [12]. In scientific research simulation methods 

are also compared with each other, but mostly based on 

the evaluation and experiences of the authors and a focus 

on distinct areas of application [13], [14]. A decision 

support that enables a comparison between the three 

simulation methods based on a predefined list of selection 

criteria, however, does not exist [14], [15]. 

II. STATE OF THE ART IN MATERIAL FLOW 

SIMULATION 

Various authors suggest the use of simulation in value 

stream optimization projects, where improvements of the 

material flows of underlying production systems are 

modeled and the effects analyzed to validate changes 

before physical implementation [16]–[24]. Usually this is 

done with systems, which are characterized by a high 

variability, a high interconnectedness, and a high 

combinatorial and dynamic complexity. Issues in other 

systems mostly could be solved using analytical methods. 

Further information about when simulations are (not) 

appropriate is available in [25] and [26]. In the next 

paragraphs the most frequently used simulation methods 

for material flow simulation will be shortly introduced 

and discussed. 

A. Discrete Event Simulation  

In discrete event simulation the dynamic and stochastic 

behavior of systems is modeled by time variant state 

variables. Events occur at a limited number of instants of 

time [27]. Typical events in production systems are the 

finishing of a task or the arrival of an order at a work 

station of the production system [10]. Discrete event 

simulation has long been the most common simulation 
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technology in the sector of operational research. This also 

holds true for the special case of material flow simulation. 

[28] 

In the context of discrete event simulation a distinction 

can be made between synchronous and asynchronous 

simulation. In the asynchronous case, events may occur at 

any time and will be simulated directly. In the 

synchronous case, the simulation progresses always after 

a determined interval. Events, which occur in the 

meanwhile, will be taken into consideration in the next 

interval. In industrial applications, asynchronous discrete 

event simulations are widely used [29]. 

DES requires less computer resources than continuous 

simulation methods inasmuch as it can jump temporally 

from one event to another and has to merely simulate 

these events. Due to the fast run time, this technology is 

particularly well suited to the simulation of processes 

with statistical discrepancy uncertainties. Through a 

repeated execution of the simulation, statements can be 

made regarding possible extreme conditions and common 

scenarios. The discrete event simulation is thereby 

especially suitable for queuing problems and complex 

queuing systems [28]. A further advantage is that this 

method is widespread and so a multitude of highly 

developed software systems for different applications is 

available. 

B. System Dynamic Simulation 

The method of system dynamic simulation was 

mentioned for the first time by [30] in the years 1958 and 

1961. Afterwards, the method was defined as follows 

[31]: "Industrial dynamics is the study of the information-

feedback characteristics of industrial activity to show 

how organizational structure, amplification (in policies), 

and time delays (in decisions and actions) interact to 

influence the success of the enterprise.” At this time, the 

term industrial dynamics was used; today the expression 

system dynamics is used. The reason for the name change 

was the expansion of potential applications, which are no 

longer limited to industrial areas, but also used in the 

societal area. [32] In the first application of SD a four-

stage supply chain was modeled and analyzed [30]. 

System dynamic simulation uses mathematical models 

based on differential equations [33], [34]. This approach, 

however, can also be described as object-oriented [35]. A 

system dynamic model is composed of a closed system 

that includes all the required elements and functions. The 

dynamic behavior of systems is at the center. This is 

accomplished by buffers having mutually different in- 

and outflows. This leads to accumulations, delays and 

inertia. [36] Because the components of the system are 

interdependent, the variables affect each other over time. 

This leads to a dynamic behavior of the systems, which 

can be described using feedback loops. [37] The system 

can thereby selectively be influenced by decisions. An 

analysis of these decisions and the resulting behavior of 

the system is thus of great interest [36]. 

SD is based on macro-modeling; this does not mean 

that only highly aggregated studies take place. It is 

dispensed to model single objects, instead a mapping of 

their flows is performed. [36] Unlike in discrete event 

applications these variables are represented as continuous 

parameters [38]. 

For an analysis of continuous material flows, such as 

in process industry, the SD approach is suited best [39]. 

The differential equations used hereby take into account 

all relevant physical relationships [34]. 

In order to develop a SD model, it is necessary to 

identify the causal relations of the organizational 

behavior [38]. The relations can be represented using a 

causal graph in a first step. Eventually a system of 

differential equations is derived. [37] 

C. Agent-Based Simulation 

The agent based simulation is built on the principles of 

the agent technology. The term agent based simulation 

refers to the modeling and simulation of realistic systems 

with the help of agents, which interact with each other 

among a simulation model. [40] 

This definition makes it quite clear that the main 

advantage of the agent based simulation lies in the 

interaction of different agents. Nowadays processes and 

structures are more and more complex. As a result, an 

ever deeper specialization of actors takes place to 

overcome problems. The agent based simulation can be 

used to simulate such processes [41]. The technology can 

be understood as an enhancement of object oriented 

methods and discrete event simulation (conclusion of [42]; 

based on [43]). Time progresses discontinuously from an 

event to another. These events are no longer central, but 

are controlled by agents. 

For a long time, agent based simulations were 

exclusively used in a socio-scientific context, such as for 

the spreading of epidemics or the fall of antique 

civilizations [42]. In those fields, in which the interaction 

of a large number of entities is very important, the 

advantages of the agent based approach are clearly 

evident. Beyond these application fields, agent based 

simulations were unknown. This was due to the relatively 

little simulation software that supported the agent based 

approach. This software was technologically very 

demanding and concentrated on specific fields of 

application, which hindered a faster spread of the agent 

technology. In contrast to some of the properties of 

agents like autonomy, social skills, reactivity, and 

proactivity [44], complex and cognitive properties are 

usually absent from simulated agents [40]. 

A definite advantage of an agent based simulation is 

that the original system must be rarely abstracted in order 

to reach a simulation model [40]. That means that the 

actual modeling is much simpler compared to other 

methods [42]. This is obtained by using a modular setup, 

which is very effective especially for complex systems. 

This advantage is particularly relevant in distributed 

systems [41], in which the complex structures arise from 

the interaction between different entities [45]. 

An additional benefit of agent based simulation is 

found in the higher flexibility compared to the discrete 

event simulation. On the one hand, the structure of an 

agent simulation is very modular which makes a possible 

extension towards additional agents very easy. On the 

other hand, these agents could be influenced during the 
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simulation runtime. For example, it is possible whether to 

create or remove an additional agent (such as in case of a 

growing population) during runtime. Although today’s 

computers are constantly upgraded, they still reach their 

limits in very extensive agent simulations. [5] An 

additional simplification of complex systems or a 

distributed execution using various computers is therefore 

necessary to obtain an effective simulation. Due to the 

modular structure, this distributed execution is supported. 

[34]. 

III. DEVELOPMENT OF A DECISION SUPPORT TOOL 

A. Methodology and Study Design 

The purpose of the further sections is to show a 

decision making approach for the selection of an 

appropriate simulation method for material flow 

simulation projects. Fig. 1 visualizes the focus of this 

work, embedded in a procedure model for an industrial 

project. 

Volatile production environment

Definition and 

characterization of 

material flow 

simulation project

Tool-based 

selection 

of an appropriate 

simulation method

Selection of a 

suitable simulation 

software

Modeling, 

simulation and 

analysis of 

material flows

Information Concrete actions

Focus of this paper

 

Figure 1. Procedure model for a material flow simulation project and 
focus of this paper. 

B. Criteria Selection and Tool Composition 

To develop a decision support tool in the first phase 

the identification and classification of relevant decision 

criteria is performed [46]. In whole 25 criteria could be 

identified out of the field of research in simulation, 

material flow research and practice using literature as 

well as expert interviews. The criteria could be clustered 

into three project-relevant groups (task, technology and 

system) and are shown in Fig. 2. The task group describes 

the objective and the requirements to the simulation 

project. The technology group clusters criteria regarding 

technological requirements of the simulation method as 

for the hardware during modeling and simulation. The 

system group describes the material flow system which 

has to be modeled. Characteristics of all identified criteria 

could be assigned to the three simulation methods. 

As can be seen in Fig. 1, in the first phase the person 

responsible for the material flow simulation project has to 

characterize his project using the 25 criteria. Hereby 

multiple characterizations for each criterion are possible 

and also recommendable. After this characterization he 

will receive a suggestion out of the developed support 

tool which simulation methods are suitable. Regarding 

the criteria there is no claim of completeness for 

representing the field of material flow simulation; the 

criteria listed are collected for the purpose of selecting a 

suitable simulation method only. 

1 2 3 1 2 3 1 2 3

Phase planning (1), realisation (2), operation (3)

Scope operative (1), strategic (3)

Level of detail low (1), high (3)

Time resolution operative (1), tactical (2), strategic (3)

Data demand low (1), high (3)

Real time ability yes (1), no (3)

Modeling effort low (1), high (3)

Effect of failure to stability low (1), high (3)

Flex. during simulation yes (1), no (3)

Modularity during modeling yes (1), no (3)

Modeling approach top-down (1), bottom-up (3)

Accuracy structural (1), behavioral (2), functional (3)

Computing power low (1), middle (2), high (3)

Transferability to reality simple (1), complex (3)

Validation simple (1), complex (3)

Level of abstraction
component/individual (1), station/plant (2), 

corporation/network (3)

Degree of automation low (1), high (3)

Delegation central (1), peripheral (3)

Human-machine-interaction low (1), high (3)

Coordination (type) people-oriented (1), technique-oriented (3)

System focus material flow (1), information flow (3)

Production principle flow shop (1), job shop (3)

Material flow type continuous (1), discrete (3)

Micro behaviour crucial yes (1), no (3)

Stochastical environment yes (1), no (3)

SD ABS
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Figure 2. Criteria, characteristics and classification of the three 
simulation methods. 

IV. CASE STUDY 

A. Project Definition and Method Selection 

In this paragraph a case study is introduced to test the 

decision support tool and its ability to suggest an 

appropriate simulation method. The case study is 

conducted at the Center for industrial Productivity at the 

Technische Universitaet Darmstadt, which represents a 

real production environment for teaching and consulting 

purposes [47]. 
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Figure 3. Current state map of the production system [23]. 

The production system produces pneumatic cylinders 

for various industrial applications in four variants. The 

plant delivers two times per day to the customer and 

produces in three shifts per day, each lasting 48 minutes 

without breaks. The value stream of the production 

system has to be improved regarding lead time, inventory, 

flexibility and productivity. Fig. 3 shows a value stream 

map of the system to be modeled, simulated and 

improved (CT-cycle time; COT-changeover time; AV-
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availability; LS-lot size; DPS-demand per shift; CTakt-

customer takt time). 

The project team for optimizing the material flow in 

this case consists of three persons, one expert in methods 

of holistic production systems responsible for the 

improvement project, a simulation specialist and a 

programmer. The results of their tool-based evaluation 

are summarized in Fig. 4. 
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Figure 4. Results of the tool-based evaluation regarding the ability of 
the three simulation methods to fulfil the requirements to the simulation 

project. 

According to the tool the methods of DES and ABS 

turn out as being suitable. Each has in whole about 17 

compliances between the project characterization and the 

criteria profile of the three methods from Fig. 2. 

B. Simulation and Assessment 

In the next step two simulation models are 

implemented by the programmer using identical data out 

of the value stream analysis and of further system 

observations regarding variability, personnel and 

transport resources, distances, work plans, bills of 

material, etc. For visualization see Fig. 5. 

   

Figure 5. Exemplarily visualization of DES and ABS models using the 
software Anylogic 6. 

The method of system dynamics is not used in this 

case because of the relatively low rating and the 

continuous material flow type addressed. This is a very 

important factor, which, according to an expert interview 

with a simulation specialist is the determining factor for 

selecting the SD approach. Both implemented simulation 

models (DES and ABS) are suitable for analyzing the 

defined indicators of the project, nevertheless after 

analyzing the results there are still some major 

differences regarding the implementation efforts. The 

first issue is the flexibility of the developed models. The 

agent based approach is more flexible regarding the 

expansion in terms of adding workers, processes or 

resources during modeling and also during runtime of the 

simulation, see also [34]. This results from the modular 

composition and the bottom-up characteristics of the 

agent based approach. Another important issue during the 

case study is the production principle. The production 

system consists of flow shop, as well as job shop 

elements. Flow shop elements are much easier to 

implement in practice using the discrete event approach. 

The complexity resulting out of a mere job shop system 

can be managed better using an agent based approach. In 

a similar direction the aspect of human-machine-

interaction points, which is an indicator for the amount of 

local decisions to be made and so the control complexity 

of the system. In agent based systems control 

mechanisms are easy to implement into every modeled 

entity, which supports communication and transparency 

between the different agents (workers as well as 

equipment). In the case study the production system 

contains a variety of characteristics regarding this issue, e. 

g. fully automated sections, partially automated sections 

with much interaction as well as mere manual assembly 

tasks. 

These four factors (material flow type, flexibility 

during modeling, production principle and human-

computer-interaction) identified out of the case study are 

very important especially for material flow projects and 

the efforts invested in modeling. Regarding the developed 

decision support tool, further these four criteria are 

weighted (double), which leads to the following ranking 

with the ABS approach as the primary recommendation, 

see Fig. 6. 
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Figure 6. Weighted results of the tool-based evaluation. 

V. CONCLUSIONS 

The selection of a suitable simulation method for 

material flow simulation projects is a challenging task. 

This article summarizes the three mostly applied 

simulation techniques in industrial practice when it comes 

to modeling and analysis of production systems and their 

material flows. Based on a literature review a decision 

support tool could be developed which includes 25 

criteria for choosing a simulation technique. These could 

be enriched through practical experiences out of a case 

study in terms of an appropriate weighting. The decision 

support tool leads to a suggestion for the most suitable 

simulation technique. In industrial practice however most 

production systems consist of very heterogeneous 

characteristics and subsystems. So the possibility of using 

different simulation techniques in one simulation model 

could be focused further in detail. To address the validity 

of the developed decision support tool a higher number of 

case studies is recommendable which will be performed 

also in future. 
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