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Abstract: One of the biggest challenges in the field of Physical Internet (PI) is the 

optimization of material flows within global transportation networks. Within such real-world 

logistics networks, complex problems with many restrictions have to be considered. As such 

problems are highly dynamic, standard formulations and algorithms of already known 

problem models are difficult to apply. Thus, it is necessary to develop new methods which 

allow a stable optimization of PI logistics networks. One solution approach is simulation-

based optimization. Realistic models of real-world environments are created to be able to 

consider all complex restrictions. It has to be decided how simulation and optimization nodes 

work together and communicate with each other. These considerations have to be made due 

to the required coupling process between the simulation and optimization. 

This paper shows how the optimization of a PI problem is interrelated with its simulation. It is 

demonstrated how simulation is used to evaluate possible solution candidates of the 

optimization process. Furthermore, it is presented how the simulation uses the optimization 

algorithms to generate new feasible candidates. The developed solution approach is realized 

by using the frameworks HeuristicLab and Easy2Sim. HeuristicLab is used for optimization 

and Easy2Sim for simulation parts. Moreover, it is presented how simulation and 

optimization parts communicate with each other. Therefore, an interface for the exchange of 

data between the simulation and the optimization pars is implemented. As a result, 

components can be programmed in different languages and different data structures can be 

used. 
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1 Introduction 

Every day a lot of orders are placed through internet shops, retailers or distributors. Due to the 

huge amount of just in time orders, new methods concerning logistics transportation have to 

be developed to be able to still handle such orders in the future with available resources 

(Montreuil, et al., 2012).  

Nowadays, different existing logistics networks are not fully interconnected with each other 

and logistics providers often use their own network to ship goods (Sarraj, et al., 2013). In 

contrary to that, with the so-called Physical Internet, also called PI, all autonomous 

transportation networks of logistics providers are merged into one big global network 

(Montreuil, et al., 2012). 

To achieve such a global network, the idea of the internet is used as a model. Mainly the 

concepts of the TCP/IP protocol and Open Systems Interconnection Model (OSI) are applied 

to PI problems. As already pointed out, all these problems and new solution approaches are 
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difficult to handle. Therefore, new solution methods for the successful realization of such a 

global network have to be developed (Montreuil, et al., 2012). 

Since the field of physical internet is still a young topic, there are no ready to use solutions for 

most of the problems which can be applied. The PI represents a very large and difficult 

problem which should be modeled and solved, also in terms of logistics optimization 

problems. Due to the novelty of this topic, there is also no suitable optimization algorithm 

which can be used out of the box. There are examples, which show that optimization with 

metaheuristic methods can achieve good results concerning logistics optimization problems. 

One example where metaheuristic methods are applied successfully is the Vehicle Routing 

Problem (Dantzig and Ramser 1959, Toth and Vigo 2014). However, all these methods face 

only single aspects of the real world, whereas the PI model contains a lot of aspects that need 

to be taken care of. These aspects are restrictions such as time constraints, capacity 

constraints, etc. Therefore, standard metaheuristic approaches cannot be used to model the 

problem. For this reason, the aspect of simulation-based optimization comes into account. 

With simulation-based optimization, a meta-heuristic optimization framework is used to 

create new feasible solution candidates and a simulation-framework is used to evaluate all 

these candidates (Affenzeller, et al. 2015). 

In this paper, we present the simulation-based optimization, which is suitable to solve such 

kinds of problems. The optimization framework HeuristicLab (Wagner et al 2014), which 

allows to couple many different optimization algorithms with the simulation framework 

easy2sim
1
, is used. The easy2sim framework acts as an external evaluator for the given 

solution candidates. 

One reason why simulation-based optimization is such a suitable concept is that simulation 

can use optimized parameters from the optimization process to update its model. Besides, the 

optimization can take use of a detailed model that evaluates the new solutions candidates, 

which it creates (Affenzeller, et al. 2015). 

The paper is organized as follows. Section 2 gives an overview of different variants of 

simulation-based optimization and how they might be used in the PI context. In Section 3, the 

coupling between the optimization part and the simulation part is covered. Section 4 gives a 

conclusion about simulation-based optimization in the field of PI. 

 

2 Simulation-Based Optimization 

Due to the fact that modeling of the PI has many restrictions to be aware of, standard 

implementations of optimization algorithms and standard problem formulations cannot be 

applied. This is why simulation-based optimization approaches are discussed in the following 

section. 

Within simulation-based optimization we can distinguish between: 

 control optimization 

 and parametric optimization (Affenzeller, et al. 2015 and Gosavi 2003) 

In the following two subsections, the control optimization and parametric optimization are 

applied to possible implementations concerning the PI. 

 

 

                                                 
1 http://www.easy2sim.at/ 
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2.1 Low-Level Optimization 

During a so-called low-level optimization, considerations regarding specific PI scenarios are 

made. Within these scenarios, different operational planning problems are optimized and 

evaluated. Examples for such operational planning problems are the Vehicle Routing 

Problem, the Lot Sizing Problem (LSP) and Scheduling Problems. The VRP calculates the 

cost optimal route between a given amount of customers, one or more depots and a set of 

transportation vehicles (Toth and Vigo 2014).  With Lot Sizing Problems, the problem of 

minimizing costs, such as production costs or storage costs, by planning the optimal amount 

of to be produced products, the lot size, is described (Pahl and Voß 2010). Within Scheduling 

Problems, so-called production jobs are assigned to time critical resources (Fink and Voß 

2003). Moreover, with low-level optimization, high-level scenarios can be evaluated, as 

explained subsequently in 2.2 

Another designation for low-level optimization is control optimization or dynamic 

optimization (Gosavi 2003). As shown in Figure 1, the simulation part is the master process 

and the optimization process gets called if certain events occur. If an event is triggered, the 

optimization process is used to make a decision and this decision is sent back to the 

simulation (Affenzeller et al. 2015). 

 

 

 

 

 

 

 

 

Figure 1: Control Optimization (Affenzeller et al. 2015) 

For the PI, various operational planning problems have to be considered within one 

framework, as different organizations with different planning problems should work together 

within one framework. With the here described low-level and control optimization, the 

challenges of modeling already existing operational planning problems, such as the VRP, and 

also new ones, which could emerge via the further development of the PI, and at the same 

time validating results of necessary optimizations, should be conquered. 

 

2.2 High-Level Optimization 

While the low-level optimization covers the operational planning process, the high-level 

optimization is in charge of strategic and tactical planning processes. During such processes, 

different scenarios are considered. One example is the Plant Location Problem, which decides 

if new depots are opened or not under consideration of depot opening costs and delivery costs 

(Sridharan 1995). Another example is strategic or tactical production planning, where the 

allocation of an organization’s resources to be able to serve the needs of all customers, is 

covered (Boysen et al. 2009). On basis of these considerations (depot costs, fleet costs, 

construction costs, administrative expenses, etc.), the optimization potential of a specific PI 

scenario can be estimated and strategic (long-term) and tactical (mid-term) decisions can be 

made. 

In Figure 2, the schematic illustration of high-level optimization is shown. Whereas 

simulation is the master process at the low-level optimization, at the high-level optimization 

Simulation 
Optimization 

(VRP 

Scheduling Problems, …) 

Events 

Decision 



 
Haider et. al. 

4 
 

the optimization part is the master process. The optimization creates feasible solution 

candidates which are passed to the simulation. Inside the simulation process, parameters get 

evaluated. Moreover, a value representing the fitness of the solution candidates or even a set 

of values in case of multi-objective optimization, is returned (Affenzeller et al. 2015). 

 

 

 

 

 

 

 

 

Figure 2: High-Level Optimization (Affenzeller et al. 2015) 

3 Communication between Optimization and Simulation 

As it comes to simulation-based optimization one challenge is to define an appropriate way to 

communicate between the optimization framework and the simulation environment. This is 

done by defining an interface that describes the way how both sides communicate with each 

other. As mentioned before, the HeuristicLab Framework is used on the optimization side. 

This offers the possibility to use a generic interface implementation (Affenzeller, et al. 2015) 

to communicate with external processes like the simulator easy2sim. 

Whenever communication between different frameworks, programming languages or 

platforms is performed, the problem of interoperability has to be considered. For example, the 

HeuristicLab Framework is fully written in C# and the simulator framework easy2sim is Java 

code. To solve the problem of serializing structured data sending between the frameworks, 

Google’s protocol buffer framework is used. Right now the current version of the Protocol 

Buffers is proto3. With this version it provides implementations for several different 

programming languages like Java, Python, Objective-C, Go, JavaNano, Ruby and C# and 

implementations for other languages are already planned. The reason why Protocol Buffers is 

used for the serialization of structured data is, because it performs a lot better than similar 

techniques like XML. The main reasons why we use protocol buffers over XML:
2
 

 simplicity 

 smaller size 

 faster speed 

 less ambiguous  

 generated data access classes that are easy to use programmatically2 

The most important reason why to use Protocol Buffers instead of XML for the 

communication between processes is its speed. As optimization processes are often time 

consuming, all possiblities for saving time have to be used. In Figure 3 a model in XML 

format is shown, in Figure 4 the same model is represented in the Protocol Buffers text 

format.
2
 

 

 

<person> 

    <name>John Doe</name> 

                                                 
2 https://developers.google.com/protocol-buffers/ 

Optimization Simulation 

Solution Candidate 

[Parameter Vector] 

Fitness Evaluation 

[Value: depot costs, ...] 
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    <email>jdoe@example.com</email> 

</person> 

Figure 3: XML representation of a model person with two attributes name and email. This example is 

taken from googles developer site3 

 
Person { 

    name: “John Doe” 

    email: “jdoe@example.com” 

} 

Figure 4: Protocol buffer representation of the model person with two fields name and email, taken 

from googles developer site3 

 

In the human-readable format of the XML and Protocol Buffers format shown in Figures 3 

and 4 there is no big difference in size, but if the Protocol Buffers format is translated into its 

binary format that is used over the wire, the size will shrink to approximately 28 bytes and 

will take about 100-200 nanoseconds to parse. Whereas the XML format has a size of at least 

69 bytes what will take on the order of 5000-10000 nanoseconds to parse
3
.  

 

4 Conclusion 

With already known problem formulations, only single aspects of the real world can be 

modeled. However, when speaking of the PI, modeling the real world is very complex and 

highly dynamic, as multiple planning problems have to be considered. This is where 

simulations-based optimization offers a huge benefit. It does not only allow to model a much 

more complex and closer model to the real world, it also allows to improve the model by 

taking advantage of optimized parameters from the optimization process. Two different 

patterns of simulation-based optimization are shown. The parametric approach where the 

simulation part of the simulation-based optimization, is used as an external evaluator and the 

optimization is the leading part, is the common way. The control based optimization pattern is 

another strategy for solving highly complex real-world problems with various restrictions. 

The second part of the paper is focusing on the interfacing method between the optimization 

and simulation. It is very important that the coupling between these two parts of the 

simulation-based optimization is very tight. To connect both sides with each other the benefits 

of the optimization framework HeuristicLab are used, which offers a generic interface. For 

the data exchange and serialization process, the protocol buffers framework is presented. It is 

shown that the protocol buffer gives a lot of advantages to other formats for the serialization 

like XML. The biggest benefit here is timesaving and size reduction of the model 

representation.  
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