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Abstract 

Discrete Event Simulation (DES) has been a powerful tool for modeling and optimization of production 

lines for many years. Developing detailed models may be very time consuming and might also be com-

putationally costly to execute, especially if optimization techniques are to be applied. Aggregation 

techniques, simplifying a detailed system into fewer objects, can be an effective method to reduce the 

required computational resources as well as a way to shorten the development time. An aggregated 

model can be used to identify the main constraints in a system, dimensioning inter-line buffers, and 

focus development activities on the critical issues from a system performance perspective.  

An aggregated model of a real-world plant wide production system has already been developed in the 

discrete event simulation software FACTS Analyzer. Due to the limitations of FACTS Analyzer this model 

was instead rebuilt using the discrete event simulation software Plant Simulation which, while less user 

friendly, has much more configuration options. This model is then validated against the FACTS Analyzer 

model to ensure accurate results that can be implemented on a real life system.  

In addition some typical optimization experiments are carried out on the Plant Simulation model and 

the results analyzed. The first of these optimizations alters the buffer sizes to find the minimum 

amount of buffer capacity needed to get the minimum lead time while maintaining the highest possible 

throughput. The second optimization uses the same parameters but also adds alteration of the batch 

size. Both of these optimizations shows that it is possible to get better results with lower settings on 

both the buffer capacity and batch size then the default value. 

At the end of the report the project is evaluated and conclusions are drawn on what can be improved 

in the model, such as adding more streamlined updating of variant sequence.  Additionally future ex-

periments that can be interesting to look at is specified based upon the results from the project.   
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 Introduction: 

This chapter specifies the background and purpose of this project, i.e. why this project has been conducted and 

its necessity. Following this the aims and objectives are specified and the research strategy used. Afterwards the 

data collection techniques used, the research paradigm and external/internal validity is discussed. At the end of 

the chapter a report structure is presented in order to give an overview of the report. 

1.1 Background: 
Discrete Event Simulation (DES) has been a powerful tool for modeling and optimization of production 

lines for many years. While DES has been successfully used as a decision support tool it does carry 

some disadvantages. Developing detailed models on supply chain level or plant wide level may be very 

time consuming and might also be computationally costly to execute, especially if optimization tech-

niques are to be applied. Aggregation techniques, simplifying a detailed system into fewer objects 

while maintaining the behavior of the system, can be an effective method to reduce the required com-

putational resources as well as a way to shorten the development time. An aggregated model can be 

used to identify the main constraints in a system, dimensioning inter-line buffers, and focus develop-

ment activities on the critical issues from a system performance perspective. Limited research has been 

carried out in this area by, among others, Pehrsson et al (2015) and the results have shown that there 

is potential in the technique and will be used as a starting point for this project.  

1.2 Purpose: 
DES and multi-objective optimization have, for many years and to great effect, been used as a decision 

support tool for managers. These decision makers have however made these decisions at different 

manufacturing levels thus losing the impact the decision has on different levels. Even when these de-

cisions are at the same level decisions are can be made separately from each other, missing out on the 

up and downstream consequences. There has been very limited research regarding optimization of 

whole factories. Instead most optimization of manufacturing considers one production line individually 

without consideration of the up- and downstream operations from that production line. This isolation 

makes it hard to foresee the consequence of a change since it may happen a long time in the future as 

well as far from where the change was implemented. Optimizations on a supply chain level on the 

other hand have been carried out to a greater extent and the same techniques could be applied for 

whole factories where the different production lines are the different factories. The purpose of this 

project is to apply optimization on a factory level with different production lines as factories.  

1.3 Aim and objectives: 
The goal of this thesis project is develop a plant wide Plant Simulation model that manages the vast 

product variants and product variant structure in a component manufacturer. The Plant simulation 

model should initially be based on the plant level model presented in Pehrsson et al (2015) and incor-

porate the aggregation technique presented by the authors. After verifying and validating the Plant 

Simulation model, the model will be used to execute optimization experiments. 

 Perform a comprehensive literature review in the domains of aggregated modelling and 

mesoscopic simulation. 

 Build and mimic an existing plant level FACTS model in Plant Simulation. 

 Extend the Plant wide model developed in Plant Simulation to incorporate the management 

of variants and variant structures.  
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 Execute and analyze various simulation scenarios with the Plant wide model developed in Plant 

Simulation. 

1.4 Research strategy: 
Research can be defined as “systematic intensive study directed towards fuller scientific knowledge of 

the subject studied” (Blake, 1978). According to Oates, (2006) any research needs a thoroughly thought 

throw and implemented research strategy, a data collection method, paradigm and to ensure the in-

ternal and external validity to be considered “proper” research. Without these any other researcher 

can criticize the research and can thus be considered invalid. In order to ensure that this project will 

be considered “proper” research all of these points are addressed in this chapter beginning with an 

overview of some of the research strategies considered. 

The aim at survey research strategy is to collect the same type of data in a standardized way from 

several sources. Surveys goal is to be able to plot out patterns and make generalization to provide 

information for the research. Using surveys makes it possible to produce a lot of data in a short time 

and since the sample group often are big the conclusions can be generalized. Being generalizable is 

also a weakness since surveys tend to not go into depth and only get superficial results. Surveys also 

tend to provide a snapshot of the specific moment in time often not being able to establish a cause 

and effect of the results. This makes surveys unsuitable as a research strategy for this project. 

Another possible research strategy to use in this project is case studies. A case study puts emphasize 

on the “thing” that is being studied, whether it is a methodology, organization or a simulation model. 

Differently from other research strategies case studies looks on the surroundings of the case study to 

paint a comprehensive and detailed picture. This makes case studies ideal to use when dealing with 

complex situation where single factors are hard to study in isolation and the researcher has little con-

trol of events. This makes it inappropriate to use in this project since a simulation model is a very 

controllable setting where it is relative easy to study singe factors in isolation. 

Experiments research strategy is most common and accepted form of research since it searches for 

the cause and effect. Proving or disproving a connection between factors and observed outcome. Ex-

periments research strategy has elements that make it appropriate to use as a research strategy for 

this project. One of the biggest advantages of using experiments research strategy is that it is very well 

established in the scientific community and therefore more likely to be accepted as “true” research. A 

controlled research environment allows the research to be precise when measuring and analyzing the 

outcome. This is especially true when using a simulation model and optimization since only the inde-

pendent variables are manipulated. Since several experiments are carried out with different settings 

it is also possible to find the solution with the best tradeoff between the optimization goals. Lastly, 

experiments will allow the researcher to remain at their usual place of work with the all advantages 

that implies. (Oates, 2006)  

1.5 Data collection: 
The data collection techniques used in this project is observation, documents and interviews. Obser-

vation will be carried out for two distinct cases. The first one is to observe the real world production 

to get an understanding for how the production actually functions, this is more of a qualitative data 

collection and meant to create an understanding. The second one is to observe and analyze the already 

existing simulation model so that it can be translated to Plant Simulation while maintaining the validity 

of the model.  
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Unstructured interviews will also be carried out with experts and the client. The main objective of 

interviews with experts is to validate and verify the model that is being built. The interview with the 

client is meant to assure that the work that is being done is what the client actually wants. 

The documents that are being used in this project are mainly quantitative data of the model. This in-

cludes data such as buffer sizes, processing times, availability etc. In addition, production flow and 

production layout is also taken from documents about the model. Aggregation is one of the main fo-

cuses and an extensive literature review is carried out to in order to gather information of different 

aggregation methodologies. 

1.6 Paradigm: 
Since this project uses the experiments research methodology the most appropriate philosophical par-

adigm is positivism. This is because positivism assumes there is an objective reality that can be found. 

Positivism accomplishes this by separating the subject and object to be able to compare claims against 

ascertain truth. (Robert Wood Johnson Foundation, 2016)The methodology of positivism uses experi-

ments and manipulative which aligns well with the experimental research strategy used in the project. 

This ensures that the researcher’s bias has little to no effect on the results generated from the exper-

iments. Since optimization is to be carried out on several different scenarios this is also an appropriate 

paradigm since quantitative data is collected and evaluated. (Robert Wood Johnson Foundation, 2016) 

1.7 Validity: 
Experiments research strategy is by its nature often low in external validity high in internal validity. The 

most common problem for the external validity is that only the independent variables are changed 

while the dependent variables are changed in accordance with the independent variables. This may 

cause a deviation between the experiment and reality, lowering the external validity of the research. 

To counter this expert in the simulation and the job requester is consulted throughout the project to 

anchor it to reality. Also depending of the success of the project the methodology will be used further 

to aggregate other simulation models and thus contributing on a larger scale. Even if it turns out that 

the results are too disconnected from reality it will still be useful for further research in the area. In 

other word experts, job requester and supervisor will be consulted to have external validity in this 

project. 

Internal validity is high if the experiments have a high certainty that it is the manipulation of the inde-

pendent variables is the cause for the change in the independent variable. Since this project will be 

using optimization for different production scenarios the internal validity is high because it can be said, 

without a doubt, that it is the independent variable that is causing the change in the dependent varia-

bles. Since optimization is used thousands of different experiments are run with different setting on 

the independent variables to see the effect on the dependent variables. In this way the best setting 

for all the independent variables can be found for the most desirable result on the dependent varia-

bles. 

 In Figure 1 the approach method is presented in order to visualize how the different data collection 

method contributes to the project. The data that have been collected are analyzed and together with 

the literature review and frame of reference the model are built. This leads into the formulizing of the 

experiment plan and the carrying out of optimizations. The data collected from the optimization are 

analyzed and if necessary mote optimization runs are carried out. Everything in framed by the research 

strategy used in this project which is experimental research strategy. 
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Figure 1: Approach method. 

1.8 Report structure: 
The structure of this report is shown in Figure 2 visualizing how the different part of the report relates 

to each other. Chapter 1, which contains the background, purpose, aim and objective and research 

methodology, is the foundations for the rest of the project. Chapter 2-4 contains research surrounding 

the relevant scientific theories that has been used in this project, literature review in order to acquire 

knowledge about previous work in the area. Chapter 4 also contains a descriptions of the simulations 

models and the aggregation technique used. In chapter 5-7 the knowledge acquired is further used to 

validate the models and formulate an experiment plan for the optimization. The results from the opti-

mizations are evaluated and results in chapter 8-10 where the results are analyzed. Towards the end 

of the report a discussion is presented where the author discusses the project. Lastly conclusions are 

dawn and the author gives suggestions for future work. 
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Figure 2: Report structure. 

 Frame of reference: 

Provides an introduction to the techniques used in this project. 

2.1 Manufacturing levels: 
Manufacturing systems can be broken down into four different levels according Adan et al. (2012) to 

and as seen in Figure 3. The highest levels are the factory level where different areas of the factory 

make up the elements. The area level is made up of several machines grouped together as a cell where 

machines make up the elements.  At the cell level machines are grouped and scheduled as one entity. 

At the machine level the actual machines are the manufacturing system and the elements are the 

components of the machines. Other author’s, such as Pehrsson, et al. (2014), points out a fifth level of 

manufacturing exist, called supply chain level. The supply chain level is a broad view of different facto-

ries and supplier and how they connect. 

The supply chain level is seldom developed methodically but is more often a result of historical con-

venience which often means a challenge in managing the supply chain. This has led to an optimization 

mainly focused optimizing the local factory and not the supply chain as a whole. Optimizing the whole 

supply chain is a complex task and requires a “full picture” approach. However, optimizing on a broader 

scale and with a more holistic view is becoming a necessity in an ever more dynamic world. (Friedli, et 

al., 2014)    
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Figure 3: Different manufacturing levels (Adan, et al., 2012) 

 

2.2 Aggregated modeling: 
Frants, (1995) describes the aggregation technique of simulation models as shown in Figure 4. Most 

simulation models are based on some kind of real life system that is going to be evaluated towards 

one goal or another. As simulation software has improved, knowledge regarding simulation becoming 

more substantial and most importantly the value of simulation has been proven to managers it has 

become more common to creating a conceptual models first. Creating a conceptual model first gives 

the opportunity to discover restrictions in the system, unexpected behavior, optimization capabilities 

etc. From the real world system, a conceptual model is created as a way to get an understanding of 

the model and the inner workings of the system.  In this stage it is important to identify what factors 

it is that have influence on the system. It is also important to identify what behavior that are going to 

be represented in the system and most importantly how they are going to be represented. There are 

other, more practical, influences on the conceptual models, these include: what question the model is 

going to answer, the resources available to build the model, validation and the data available on the 

real world system. This is part of the actual abstraction of the system while determining if the concep-

tual model is adequately representing the system is called validation. The conceptual model is then 

implemented in the form of a simulation model and a verification process is carried out in order to 

make sure that the simulation model is adequately representing the real word. 

 
Figure 4: Visualization of abstraction technique presented by (Frants, 1995). 
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2.3 Aggregation level: 
Depending on the level of detail a simulation model can be classified into different categories. A very 

high detail model where every step and interaction between entities in a simulation model is often 

called a microscopic model. If the details of a system are of little interest a more common approach is 

to use macroscopic modeling. In macroscopic modeling only the general behavior of the system is 

modeled in order to cut down on development time and computational cost for running the model 

while maintaining the validity of the system. Mesoscopic modeling is a blend of the microscopic mod-

eling and macroscopic modeling.  If a particular part of the simulation model is of high interest it is 

modeled in high detail while the rest of the model is kept at a low level of detail. The questions that 

are going to be answered should be the basis for the choice of aggregation level. The different levels 

are visualized in Figure 5. (Mathew, 2014)  

 
Figure 5: The different levels of detail for simulation models  

2.4 Discrete event simulation: 
According to Hwang (2005) mathematical and analytical modeling of complex manufacturing systems 

is not sufficient if a detailed analysis of the system is going to be performed, Wang (2005) lists three 

reasons for this. 

 Modern manufacturing industry consists of many discrete operations that occur randomly and 
in a non-linear pattern; this means that the system cannot be described to a satisfactory de-
gree mathematically. 

 Modeling of complex systems and dynamic systems theory requires a large degree of simplifi-
cation of the system, which means that the validation of the model cannot be ensured 

 Mathematical models require simplification and assumptions making analytical models inade-
quate for optimization of systems because they are difficult to validate and verify.  

 

By using discrete event simulation, these complex manufacturing systems can be described by models 

despite a dynamic behavior. Instead of continually updating the model in small incremental steps, 

which takes much data capacity, jumps rather discrete event simulation between events and update 

the model with each jump. These jumps can be a machine breaks down, a process that starts or trans-

portation of materials. (Law, 2015) 

Matloff (2008) lists three advantages of discrete event simulation: 
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 Easy to implement. 

 Takes less time to simulate in comparison with continuous simulation. 

 Discrete event simulation is more flexible when an event can initiate two other events. 

2.4.1 Simulation based optimization 
Simulation-based optimization is defined by Carson & Marie, (1997) as a process of finding the opti-

mum input values from all possibilities, without the need to thoroughly evaluate all possible settings. 

While this does not guarantee that the best solution is found it will give a near optimal solution. The 

goal of the simulation optimization is to minimize the consumption of resources while maximizing the 

information obtained from the simulation (Carson & Marie, 1997). The large amount of input param-

eters that has an impact on the output parameters is often a problem since it requires a long time to 

run through all the scenarios.  If various combinations of input are also taken into account it will in, 

reality, be impossible to obtain an optimal solution without some kind of optimization algorithm.  

Aslam, (2013) presents a general model of simulation based optimization which is shown in Figure 6. 

Separation of the simulation model and the optimization algorithm will give several advantages com-

pared to combining the two. The simulation model is capable of representing the dynamic behavior 

which often exist within a manufacturing system and is the main advantage of the simulation model. 

However the simulation model is only capable of give one “what-if” scenario, which can be altered 

manually, but limits the information that can be gained from the model. The optimization algorithm 

on the other hand is capable of testing several different scenarios but can’t depict the dynamic behav-

ior of the simulation model. By combining these two advantages from both, a dynamic model with 

several solution, can be achieved and is the main advantage of using simulation based optimization. 

Other examples of such advantages is that the model can be modified without needing to modify the 

optimization algorithm. It is also possible to use the optimization algorithm in other problem areas if 

it is separated from the simulation model. In Figure 6 the optimization engine incorporates the opti-

mization algorithm boundaries for the input parameters, constraints and optimization objective. In 

addition, the optimization engine also generates the optimal or near optimal solution. The simulation 

model includes the endogenous and exogenous components and how they interact, the system envi-

ronment and boundaries and lastly the relationship within the system. 

 
Figure 6: Generalized form of simulation based optimization (Aslam, 2013). 

One of the main problems of finding the optimal solution, which is the large amount of input parame-

ters, is addressed by aggregated modeling. By aggregating the model, the number of input parameters 

are reduced while maintaining the validity of the results received from experiments on the model. 

(Pehrsson, et al., 2014)  
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2.4.2 Multi-objective optimization: 
According to Aslam (2013), the multi-criteria optimization as a concept has existed since the 1970s and 

includes a vast field of application areas. Examples of these areas include resource allocation, trans-

portation and automation applications. Multi-objective seeks, in difference with single objective opti-

mization and as the name implies, solution to two or more objectives. These solutions are often in 

conflict with each other forcing a trade of between solutions. This tradeoff is usually called a Pareto 

front because it is impossible to improve a solution in one objective without impairing another objec-

tive All the solutions on the Pareto front dominates all other solutions in the search space excluding 

the solution on the Pareto front, as is the case for A, B, C, and D in Figure 7.(Deb, 2001) 

  
Figure 7: Dominated solution (Syberfeldt, 2009). 

In Figure 7 Figure 7: Dominated solution .minimization problems are shown with two objectives, f1 and 

f2. The solutions A dominates all solutions that can be found in area specified by the vertical and hor-

izontal line emanating from the dot. In this case solution does not dominate any solution even though 

it is the best solution in regards to objective f1. Solution B and C however dominates solution E since 

this solution is in the area covered by the lines emanating from these solutions, meaning that solutions 

B and B are better in both objectives. Solution D is in the same situation as solution A, it is on the Pareto 

front and thus not dominated in both objectives by any other solution but it does not dominate any 

solution either. Solutions A, B, C and D together makes up the Pareto front represented by the line 

crossing through all the solutions. The best solution between the ones on the Pareto front is subjective 

and depends on if the objectives are considered equal or if one of the objectives are more important. 

If objective f1 is considered most important then solution A is the best solution vice versa if objective 

f2 is the most important then solution D is the best. If the objective is considered equally important 

the solutions B or C would be considered the best ones. It may also be that there is a constraint on the 

solutions saying that no solution above a maximum value, or below a minimum value, are valid solu-

tion. (Syberfeldt, 2009) 
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2.5 Validation and verification:  
Verification and validation are important for simulation work to determine if the model is a good 

enough representation of the real system. The model becomes even more credible and provides a 

better basis for decision-making. Because these steps are very important for a simulation model they 

are explained in greater detail below. (Banks, et al., 2010) 

For verification, check that the conceptual model is consistent with the real system and that the simu-

lation model works as designed. An example of validation may be to present the simulation model 

input parameters at the end of a simulation to ensure that no values have been changed by mistake. 

(Banks, et al., 2010) 

Validation is used to confirm that the simulation model is adequate representation of the real system 

and is an important step when a decision might be based on simulation model results. It is also im-

portant to investigate if the results are correct. The validation can be performed using the following 

steps presented by Banks, et al. (2010). 

 Build a model that has a high face validity 
The goal of the simulation model is to mimic the real life system so that people with knowledge of the 

real system immediately recognizes the simulation model as an interpretation of the real system. In 

order to ensure that the model is realistic the final user of the model should be involved from the 

design phase of the simulation model until its completion. 

 Model assumptions 
Model assumptions consist of two categories, data assumption and structural assumption. The struc-
tural assumptions concern how the system works, what simplifications are made and abstractions of 
from the real system. Data assumptions should be based on reliable data and accurate analysis of data. 

 Compare the models input/output data with the actual systems input/output data 
By comparing the data from the model with the data from the real life system is the ultimate test of a 
simulation model. Using historical input data, the model should be able to describe historical events 
from the real model. 

2.5.1 Validation 
Increasing the validation and enhancing the credibility is very important for a simulation model. Law 

(2015) describes in six steps how this can be done. 

 Collect qualitative data of the process 
In this step it is important that the developer work in cooperation with relevant personnel from pro-

duction. By collecting data from key personal, such as operators, managers and experts validity is cre-

ated for the model. 

 Interact with the manager  
One of the main six methods is working in a close relationship with the manager during the develop-

ment of the simulation model. In this way the probability that the finished model will be used in deci-

sion making is increased. This method is preferably used early in the project when there is an unclear 

objective in the project. By working closely with the manager, the objectives can be reformulated as 

the project proceed and thus update if there is a need. A further advantage is that the manager's 

knowledge of the system contributes to the actual validity of the model. 

 Maintain a written assumptions and conduct a structured review 
One of the main problems that simulation model contains is faulty assumptions and serious shortcom-

ings and failures in communication. To solve this problem, a written documentation about all concepts, 
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assumptions and algorithms should be created. This would minimize the chances of problems and 

would also lead to increased credibility for the model. 

 Validating components of the model using quantitative methods 
Simulation designer should use quantitative methods when possible to test the validity of various com-

ponents of the general model. 

 Validate output from the general simulation model 
The most crucial method to validate a simulation model is to ensure similarities between the output 

of the simulation model and the output of proposed systems. This can be done by comparing two 

models and if equivalent results are generated from the two models, they could be considered vali-

dated model. Another way to increase the validity of a model is to allow an expert to examine the 

model 

 Animation 
Animation can be an effective way to find faulty model assumptions and to increase the credibility 

of a simulation model. 

 Literature review: 
This chapter presents different literatures performed by other authors in the areas of aggregated modeling and 

production network. This is followed by analyses of the literature studied, lastly a synopsis of the literature ana-

lyzed in done in order to get an overview.   

3.1 Aggregated modeling: 
In all simulation models there is a deviation in the form of simplification from the real world system. If 

these simplifications are done correctly the model will still give useful information to use in the deci-

sion making process. One of the techniques for simplifying a simulation model is to use aggregation. 

An aggregation of the simulation model has advantages in a reduced run length, a less complex model 

and decreased demand of simulation resources. (Savory & Mackulak, 1997) 

The authors Savory & Mackulak (1997) developed a methodology for aggregating a discrete-event sim-

ulation model; this methodology is consistent of three steps. Step one is to calculate the average cycle 

time of all operations in the aggregated part, step two is to calculate the service mean of the aggre-

gated resources; this is done using the mean cycle time already calculated. This service mean will also 

be used in step three where resources are weighted. Step three is to weight the service mean towards 

the aggregated resources service mean. Lastly there is a need to specify the aggregated simulation 

model by using random number sampling. In Savory & Macklulak (1997) own words the results of using 

this methodology is quite good way of estimating cycle times. 

The author Frants, (1995) define abstraction techniques as techniques that simplify conceptual models 

while maintaining the validity in regards on the question asked of the simulation model. All simulation 

models include some form of abstraction. The important point is to determine what part of the model 

that influences system behavior and how to represent them. How to determine this is based on factors 

such as; what question will the model answer, how much time and resources are allotted, data availa-

ble etc. Frants, (1995) goes on to talk about several different approaches on how to abstract different 

parts of a model and group them into three main categories: (1) model boundary modification, (2) 

modification of behaviors and (3) modification of model form, each technique having their application 

area depending on the question to answer. 
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The authors Tomer, et al. (2010) developed a simulation model for use in traffic simulation to help plan 

and evaluate operation control and route planning.  Simulating traffic has proven to be difficult be-

cause of all the stochastic variables and high cost of computer resources. To accomplish this the au-

thors used a simulation software called Mezzo. Mezzo is discrete event traffic simulation software that 

models details on specific areas whilst aggregating the less important parts of the model. In this way 

less computer power is required while still giving valid results. Tomer, et al. (2010) performed a case 

study on a highly complex bus line in Tel-Aviv to verify and validate Mezzo and the model built using 

several different scenarios. While the model was able to reasonably reproduce the real world data and 

are able to reproduce scenarios such as bus bunching. The author however notes that the model has 

to be constantly updated and calibrated to have a real world application. 

As many authors before Pehrsson, et al. (2015) also notes that while for lower level manufacturing 

system DES can be powerful tool, it has drawbacks when used on higher level manufacturing. The main 

reason is the potentially long developing time and long running time which will only increase if optimi-

zation techniques are applied. Instead the authors propose to use aggregation techniques to simplify 

complex system to more manageable level. In addition, several other advantages are listed for using 

aggregated modeling, such as: identifying the main constraint on the system, dimensioning inter-line 

buffers and to put focus on system performance. 

In ordinary DES modeling there is potentially hundreds of different input parameters. However, 

Pehrsson, et al. (2015) identified six different input parameters that can be used to aggregate the 

model, these are: processing time, availability, MTTR, maximum WIP, average WIP and minimum lead 

time. Using the technique proposed on a case study the results showed that adequate results was 

obtained thus providing the proof of concept. The authors also note that there are further studies that 

needs to be considered, such as line with short lead time, long MTTR or variation pattern. 

Pehrsson, et al. (2014) also performed a study to evaluate how aggregation of simulation models can 

be used to simplify models while maintaining the validity of the model. The authors specify four differ-

ent levels of aggregation that can be interesting to look at while deciding what level of aggregation to 

use for specific model: the network level, sub-network level, workstation level and machine level. In 

addition, a fifth level can be added, the supply chain level, which is above the network level and show 

the interaction between different factories globally. As many other authors has noted an aggregated 

model will cut down on both development time as well as running time for the simulation model. Based 

on initial analysis of the system the bottleneck for the entire system can be identified and if necessary 

a more detailed model can be developed. The authors, with the help of company partners, built an 

aggregated model as a proof of concept. The results where promising and showed that there was po-

tential in the technique but that further research was required. 

The authors Frantzén & Ng, (2015) showed how a complex production can be aggregated to a few 

object while still maintaining the validity. The reason was to make it easier for people new to DES to 

be able to put focus on learning to build simulation models. By using one object to represent one cell 

or a resources the complexity of the model was greatly decreased, however one of the cell needed to 

be modeled in greater detail. To accomplish this a logic was built to keeps track of the previous move-

ment of the products was built as well as max WIP implemented to restrict the number of product in 

the line at a time. By aggregated the simulation model it was proven that more people was able to 

build this, normally complex simulation model. 

Aggregation of simulation models are commonly used in traffic simulation, but is often referred to 

mesoscopic modeling. Traffic simulation has been a concept for nearly half a century with the first 

models considered to be macroscopic models. As computers became more powerful more detailed 
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models could be built and eventually they reached microscopic level of detail. The cost of a detailed 

model is the increased computational power that is required to run the simulation at adequate speed. 

To counter this the authors, propose to aggregate less important parts of the model, in this case the 

movement of the cars. Instead of modeling the car at every step of the way only the start and end 

point is modeled. By using this method, the authors were able to reduce the computational cost with 

18 % to 48 % depending on the scenario. (Potuzak, 2015) 

The greatest strength of mesoscopic simulation, according to Xu, et al. (2014), is the tradeoff between 

detail level and the computational cost of running the model. Since larger more complex simulation 

models requires a long time to run mesoscopic simulation is a valid path to get useful information 

while reducing computational cost. While mesoscopic simulation reduces the computational cost it is 

not always enough, as was the case for traffic simulation of Singapore. To simulate peak hour of the 

traffic of Singapore it takes ten minutes to finish one run. To counter this Xu, et al. (2014) implemented 

a newly developed method called Entry-Time based Supply Framework (ETSF). By using this method-

ology, the running time of the model was reduced by 50-95 % depending on the scenario without 

having a significant deviation of the results.  

Pechherska, (2010) as other authors before notes that there may be little to no gain in creating highly 

detailed models when a mesoscopic, or other form of aggregation technique, model is sufficient. The 

author implemented a mesoscopic model on a railway transport junction. To be able to compare a 

detailed discrete event model to a mesoscopic model the author built both versions. The discrete-

event model was used to analyze: average original delay for each type of wagon, the utilization of track 

scales, locomotives, track sections and route nodes. The mesoscopic model on the other hand group 

together components and simplifies stochastic behavior. The results show that there is no noticeable 

different in the overall output of the system, lending credence to a mesoscopic modeling approach. 

According to Tolujew & Savrasov, (2008) by the time of their research there had been a very limited 

focus on the field of mesoscopic modelling. Instead the focus had been on microscopic and macro-

scopic modeling, both of which have some drawbacks. Mesoscopic modeling combines microscopic 

and macroscopic modeling and thus limits the disadvantages, according to Tolujew & Savrasov, (2008). 

As other authors Tolujew & Savrasov, (2008) built both a microscopic model, which is high detail, and 

a macroscopic model, where details are obscured, to be able to compare and verify the results. The 

results have shown, as previous, that the mesoscopic model adequately represents the system as a 

whole. 

One of the challenges facing today’s industry is the ever changing market and the need to adopt the 

organization in accordance. This includes, as Reggelin & Tolujew, (2006) says the logistic network. To 

be able to meet these challenges the authors sees modeling and simulation is a necessity. Although 

the disadvantages of using microscopic and macroscopic modelling is once again brought up by 

Reggelin & Tolujew, (2006). Instead of using microscopic or macroscopic models Reggelin & Tolujew, 

(2006) also advocates the use of mesoscopic modelling. The mesoscopic approach sees the object as 

a logic group instead of individual object and keeps track of the number of logic groups. As a conclusion 

the authors also list the advantages of using mesoscopic modeling: high flexibility for the input data, 

easy to construct, high performance for the computing model etc., thus proving the value of using 

mesoscopic model instead of a microscopic mode. 

The authors Conroy & Watson, (2008) also note how aggregated modelling has some significant ben-

efits in comparison to a more detailed modeling approach. As many other authors have noted these 

advantages are mainly: a shorter developing time and lower computational cost. A case study was 
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carried out in order to compare models of aggregated wind turbines and detailed models of wind tur-

bines. The results showed that, while there were some differences, they were valid enough to be used 

in a real life situation. 

Some of the greatest strengths of simulation models are their usefulness when planning for, and exe-

cuting, implementation and operating logistics systems, according to Reggelin & Touljew, (2011). How-

ever, it often takes a long time to build more complex and/or comprehensive simulation models. In 

face of this problem the authors propose to use mesoscopic models where piecewise constant flow 

rates are used instead of modeling individual flow objects. The level of detail of the model is some-

where between object based discrete-event simulation models and continuous flow based models. 

This means that a much faster model creation is achieved as well as a shorter running time for the 

model. As other authors before has pointed out, a detailed model is aggregated in order to compare 

the difference in results as well as the running time. The differences in the results are, according to the 

authors, insignificant while the time it took to build the model was significantly shorter. 

The authors Hennies, et al. (2013) performed a study to compare building a simulation model of a 

supply chain using three different methods: microscopic modeling, mesoscopic modeling and macro-

scopic modeling. The mesoscopic models showed three distinct advantages compared to the other 

two approaches: the level of detail enables fast and simple modeling, mesoscopic modeling is flexible 

and are applicable to a wide area of simulation models lastly, mesoscopic models have a short running 

time and therefore allows quick analysis. 

The authors Slootweg & Kling, (2003) investigated the need to simulate wind turbines because of the 

increase in number of wind turbines and the high dynamic nature of the power system. Since the wind 

park consisted of hundreds of different wind turbines interacting with each other as well as different 

wind speed for each individual turbine a lot of time would be needed to simulate the wind park in 

detail. There would also be a high demand in computer power in order to take into account the vast 

number of variables and the stochastic behavior of the variables. Instead Slootweg & Kling, (2003) 

implemented an aggregated form of the wind park where the wind turbines had either a constant or 

varied speed. The results showed that the aggregated form of the simulation model had a high degree 

of similarities with the aggregated model. Showing that an aggregated model would adequately show 

the behavior of the wind park without the need to model it in high detail. 

3.2 Production networks: 
For many years the main approach to investigating and researching supply chains has been to evaluate 

different components of the supply chain individually. Although the attention has shifted to the per-

formance, design and analysis of the supply chain as a whole.  The reason for this is, according to 

Beamon, (1998), the rising cost of manufacturing, shorter lifespan for products, fewer resources for 

manufacturing and the globalization of manufacturing. How to adequately measure the performance 

of the supply chain and what variable to use as a decision variable is some of the problems that appear 

with this shift of attention. Since a supply chain’s main objective is to observe and adjust the inventory 

level, inventory is often used as a decision variable. If the inventory level in one part of the supply chain 

reaches a critical level the common response is to resupply the inventory. The performance measure 

is usually the overall cost of the supply chain. If the cost is decreased the supply chain is said to out-

perform previous iterations of the supply chain. (Beamon, 1998) 

When looking at the supply chain as a whole there is general acceptance that integrating operation 

with supplier and customer has an important strategic value. How to characterize the supply chain 

strategies however still has a lot of unanswered questions, for example is it more important to link 

with supplier, customer or a combination of both. There is also limited knowledge of the supplier and 
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customer integration and the operations performance. The authors Frolich & Westbrook, (2001) per-

formed a sample globally on 322 different manufacturers to investigate the customer and supplier 

integration and how the operations performance was affected. By placing the manufacturer on a scale 

where one end was integration aimed at the supplier and the other end at customer conclusion could 

be drawn which strategy was better. This was done by measuring the performance improvement. The 

results showed that the middle of the scale, where both customer and supplier are considered equally, 

was the best strategy to improve performance. (Frolich & Westbrook, 2001) 

Common problems in simulation on all levels are the uncertainty of the system because of the stochas-

tic variables. In order to counter these uncertainties, the authors Aqlan & Lam, (2016) propose a new 

methodology which combines simulation and optimization. A multi objective model is created which 

takes into account the deterministic features of the system and the simulation model takes into ac-

count the stochastic behavior of the system. The objective for the optimization maximize profit and 

minimizing lead time and while reducing risk by allocating inventory by orders and selection a combi-

nation of mitigation techniques. A case study was carried out in order to test this new approach and 

the results clearly showed that the approach helps decision makers select the best risk migration tech-

niques and allocate the inventory more optimally. (Aqlan & Lam, 2016) 

Simulation based optimization have become increasingly popular and is widely used to improve the 

performance inventory system under uncertainty. This increase in popularity has highlighted problems 

when modeling big and complex systems, mainly the long development time and the long running time 

of such models. The authors Ye & Fengqi, (2016) proposed to instead use kriging models to estimate 

the inventory performance in a region-wise manner. This gives a significantly reduced computational 

cost and time to run the optimization while maintaining the validity of the simulation model. This 

framework was shown to be able to solve problems such as multi-sourcing capability, asynchronous 

ordering, uncertain demand and stochastic lead time using two case studies. (Ye & Fengqi, 2016) 

According to Almeder, et al. (2009) DES and linear programming is commonly used in supply chain 

planning. While this gives decision makers plenty of accurate data to base decisions on, it often takes 

a long time to run when optimization is applied directly to the model. It is these disadvantages that 

the authors try to counter by combining an optimization model with DES model where the DES model 

include nonlinear and stochastic elements while the optimization represents a simplified version. By 

running the optimization models and evaluating the cost parameters, production and transportation 

time rules can be formulated for the DES model. Iteration of this process is performed until the differ-

ences between subsequent runs are miniscule. This methodology was tested on several examples and 

showed that acceptable results were received much quicker than with conventional methods. 

As Li & O'Brien, (1999) notes the industrial environment has become more and more competitive, 

forcing companies to constantly innovate to keep up. One of the more common topic has been opti-

mizing the supply chain cost, although the authors notes that while cost is an important factor it is far 

from the only one. Instead the authors list four other factors apart from cost, these are: profit, lead-

time performance, delivery promptness and waste elimination. At the supply chain level objectives 

that are associated with the criteria is set so that the supply chain performance can be measured and 

the best supply chain management can be selected. On the operational level manufacturing and logis-

tics tasks are optimized with the criteria in mind.  

3.3 Literature review analysis: 
Common for all forms of aggregation is the decrees in developing time and computational cost. Since 

one of the main disadvantages of using optimization techniques is the long running time, even when 

several computers are used. A decrease in computational cost removes the biggest disadvantages for 
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using optimization techniques, the long running time and high computational cost. Applying optimiza-

tion to systems has proven to be very beneficial. Using optimization on the supply chain level, where 

it previously has had a very limited use, would give big advantages to anyone who are able to apply it.  

A decrease in developing time can only be advantageous since it increases the flexibility and response 

rate of whomever uses the simulation model. It also makes building a simulation model to gain addi-

tional data which to base a decision upon more viable since it can quickly be built and experimented 

with.  

All of these advantages rest upon the model being valid and gives accurate results, something that has 

been obscure in most of the literatures reviewed. Most literature points out that the results are within 

the error margin but still shows differences between aggregated models and a more detailed model. 

These differences may give bad data to take decision based on and something to consider. Much of 

the literature have also pointed out that mesoscopic modeling is the overall best approach since it 

takes the advantages of a more detailed model and a less detailed model. Although none of the paper 

reviewed have applied mesoscopic modelling at a supply chain level, at this level only macroscopic 

modeling has been applied and the results was promising. It is also worth noting that aggregated mod-

eling on manufacturing and production has been very limited, instead the focus has been on traffic 

simulation. A hole that this project will helps fill. 

Common problems when applying optimization techniques on a supply chain levels is the sheer com-

plexity of adequately simulation such a large system, with all variables and stochastic behavior. Since 

these are common and well know problems methods to handle it has been developed. One of these 

methods is to isolate decision variables to limit the amount of variables and thus making it less time 

consuming to run optimizations. Although this carries the problem of pinpointing which variables to 

use as decision variables, which has proven somewhat of a problem, Beamon, (1998).  One of main 

focuses of supply chain simulation and optimization has been evaluate how different parts of the sup-

ply chain affect both the upstream and downstream parts of the supply chain. Depending on different 

inventory levels and resupply policy has, as expected, significant effect on the supply chain perfor-

mance. 

This project however does not concern the supply chain level of production, but rather the manufac-

turing level. Although the manufacturing level usually only look at different production line individually 

and isolated from each other, missing out on potential areas of improvement. To counter this problem 

this project will use techniques used on the supply chain level and apply them on the manufacturing 

level. Basically different production lines will be used as different factories would have been used on 

a supply chain level.  
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3.4 Literature review summary: 
Table 1: Summary of the literature review. 

 

Figure 8 presents the different experiment approach used by the literatures reviewed. As can be seen 

the most used experiment approach is to evaluating mesoscopic modeling although proof of concept 

and what-if scenarios and as also common approaches. Production networks only has one experi-

ment approach which is simulation. 

 

Publication Experiment approach Aggregation technique Research area Goal System size

Savory & 

Mackulak(1997)
Proof of concept  

Self-developed three step 

technique
Aggregation of DES

Creating a usable aggregation 

technique
NA

Tomer, et al.(2010) What-if Mesoscopic Traffic simulation
Develop an aggregated traffic 

model
Large

Xu, et al.( 2014)
Alternative aggregation 

technique
Mesoscopic Traffic simulation

Implementing and evaluating 

ETSF
Large

Slootweg & Kling(2013) What-if Aggregation Aggregation of wind turbines
Aggregate wind turbines for 

faster simulation
Large

Pechherska(2010) Aggregation of DES model Mesoscopic Train junction optimization
Comparing detailed modeling 

against aggregated
Medium

Tolujew & 

Savrasov(2008)

Evaluating mesoscopic 

modelling
Mesoscopic Aggregation of simulation models

Comparing detailed modeling 

against mesoscopic
Small

Reggelin & Tolujew(2006)
Evaluating mesoscopic 

modelling
Mesoscopic Aggregation of simulation models

Show the advantages of using 

aggregation techniques
Large

Pehrsson, et al.( 2014) Proof of concept
Self-developed aggregation 

technique
Aggregation of whole factories

Provide a proof of concept for 

aggregation techniques
Large

Frants(1995)
Summarizing aggregation 

techniques

Several, depending on the 

questions to answer
Aggregation techniques

Provide aggregation techniques 

for different situations
NA

Pehrsson, et al.( 2015) Proof of concept
Self-developed aggregation 

technique
Aggregation of whole factories

Provide a proof of concept for 

aggregation techniques
Large

Conroy & Watson(2008) What-if NA Aggregation of wind turbines
Comparing detailed modeling 

against aggregated
Small

Reggelin & Touljew(2011)
Evaluating mesoscopic 

modelling

Object based DES models and 

continuous flow based models
Production simulation Evaluate aggregation techniques Medium

Hennies, et al.( 2013)
Comparing different 

modelling approaches
Micro, meso and macroscopic Aggregated modeling Comparing different levels Large

Potuzak(2015)
Alternative aggregation 

technique

Simplification of movable 

objects
Traffic simulation Reducing computational cost Medium

Beamon, (1998) NA NA Supply chain performance Reduce cost NA

Frolich & Westbrook, 

(2001)
NA NA

Supply chain customer and supplier 

integration

Supply chain performance 

improvement NA

Aqlan & Lam, (2016) Simulation NA Simulation based optimization
Maximize profit while minimizing 

led time NA

Ye & Fengqi, (2016) Simulation NA Simulation based optimization
Reducing computational cost 

while maintaining validity NA

Almeder, et al. (2009) Simulation NA Simulation based optimization
Reducing computational cost 

while maintaining validity NA

Li & O'Brien, (1999) Simulation NA Simulation based optimization
Supply chain performance 

improvement NA

Frantzén & Ng, (2015) Simplifying objects Student learning Easier to learn MediumStudent learning
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Figure 8: Distribution of the research strategy. 

The research area used in the literatures reviewed are shown in Figure 9. The most common areas are 

aggregation of wind turbines and DES, this is because both of these areas are highly dynamic and com-

plex and thus advantageous to simplify. A very common use of mesoscopic modeling is traffic simula-

tion since only the targeted area is of interest and the rest of the system is of less consequence. 

 
Figure 9: Distribution of the research area. 

Lastly the distribution of the aggregation techniques is presented in Figure 10, all literatures where 

aggregation techniques were not used has been excluded. The second most common way of using 

aggregation techniques are own developed aggregation techniques that cannot be attributed to any 

of the other categories. This category includes the technique used by Pehrsson, et al., (2015) since it 

does not fit within either macro, meso, microscopic modeling or siimplification of objects. The single 

most used techniques is mesoscopic modeling which makes up almost 40 %. The category micro, meso 

and macroscopic modeling is its own category since these literatures uses all of them and compares 

them, if these two categories were to be combined they would make up more than half of the tech-

niques used.  

14%

14%

9%5%
14%

5%

5%

5% 10%
19%

Experiment approach Proof of concept

What-if

Alternative aggregation
technique
Aggregation of DES
model
Evaluating mesoscopic
modelling
Summarizing
aggregation techniques
Comparing different
modelling approaches
Student learning

NA

Simulation

28%

14%
9%

5%

5%

5%
5% 24%

5%

Research area

Aggregation of DES

Traffic simulation

Aggregation of wind
turbines

Train junction
optimization



 

Glenn Nackfors  19  Spring Term 2016 
 

  
Figure 10: Distribution of the aggregation techniques. 
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 Simulation models: 
This chapter describes the overall system simplified, the FACTS model and the aggregation method used by the 

FACTS model and the Plant Simulation model and the aggregation method used by the Plant Simulation model. 

4.1 System description: 
The system described is a real-world plant of a manufacturer in automotive industry.  The factory pro-

duces two main products, product A and product B, with several different variants and batch sizes. In 

Error! Reference source not found. a simplified description is shown of how different raw material is 

assembled into a complete product and then shipped to the customer. The flow starts with raw mate-

rial for four different components that enters the system and placed in the raw material stores. The 

material is removed from the raw material store on demand and modified to one out of several differ-

ent variants. After which the components are moved to the base assembly where all the different 

components are assembled into a complete product. Instead of having different flows depending on 

the material the flow splits depending on weather the product is a product A or a product B. When all 

the components have been assembled the product is transported to the final assembly where the last 

addition are made to the product. In the last step of the flow the finished product is moved to finished 

goods store before being shipped out. 

 
Figure 11: System description of the product factory. 

4.2 FACTS Analyzer model: 
The FACTS model used in this project is based on the model built by Pehrsson, et al. (2015) and is used 

as a basis for building the model in Plant Simulation, the FACTS model is shown in Figure 12. The 

sources on the far right in provide the raw material of material A, material B, Material C and Material 

D. In order to control the flow and WIP a source and assembly is used in conjunction. By producing the 

desired amount and assemble them together with the raw material the flow is controlled and the com-

ponents are split depending on the variants. The material then moves into the first aggregated part of 

the simulation model, the component manufacturing. The aggregated part is explained further in chap-

ter 4.2.1. After component manufacturing the parts are moved to a store and another demand control 

after which they are moved to a buffer that acts a transport. In the next step all the raw material is 

assembled into a product and moved into the aggregated part of base assembly, after which they are 

moved to another store. The next step of the process is the aggregated part of the final assembly 

where the final version of the product is completed. The last part of the model is the loading of the 
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truck for delivery to customer. In the very last part all the components are disassembled in order to be 

able to measure lead time and throughput of all the different variants.  

If the assembly operation does not receive the right components the simulation will end up in a dead-

lock, which is the main problem of the FACTS model. In order avoid a deadlock in the system it is 

required that the accurate batch sizes and the order of the batches are synchronized. All of this has to 

be manually put in by the system builder, making it both time consuming and prone to result in mis-

takes.  These mistakes could be very hard to find because of the complexity of the sequence. In addi-

tion, if different batch sizes or additional variants are to be included it will consume a lot of time to 

rearrange the sequence and batch sizes to avoid deadlock.  

 
Figure 12: FACTS model. 

4.2.1 Aggregation method 
The aggregation method used is illustrated in Figure 13 and uses six input parameters: (1) Processing 

time, (2) Availability, (3) MTTR, (4) Max WIP, (5) Average WIP and (6) Min lead time. The line input and 

output is used to control the throughput in and out of the line and basically represents the whole 

production line. The store controls the average WIP by adjusting the number of containers in the pro-

duction line. The buffer is used to control the maximum amount of WIP in the system.  
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Figure 13: FACTS aggregation method. 

4.3 Plant Simulation model 
The main purpose of rebuilding the simulation model in Plant Simulation is that, while FACTS Analyzer 

is a great tool to use for simulation, it has several limitations when more complex systems are to be 

analyzed. Plant Simulation, while not as user friendly, have the capabilities to produce more data and 

build more complex models. The main problem with the FACTs model is to test alternative solutions 

such as adding different variants or changing batch sizes. This is simply not possible to automate in 

FACTS Analyzer and has to be done manually. While Plant Simulation does not have these functions 

either it is possible to build them using code and controls. While it may take certain knowledge and 

time it will save time when changes are made, it will also minimize error and make it easier to error 

search the model. 

The Plant Simulation model function overall the same as the FACTS Analyzer model, and is shown in 

Figure 14, but there are some differences that has been made, both out of practicality and necessity. 

In order to control the flow in the FACTS model assemblies and sources are used in conjunction. The 

source produces the next variants that are to be processed and the assembly retrieves the correspond-

ing part from the previous store. If the corresponding part is not present in the store the assembly wait 

until it arrives, thus controlling the flow of the model. In Plant Simulation two Kanban object, a Kanban 

store and singleproc, are used instead and functions very similar. The Kanban singleproc follows an 

order list with the type of product and the quantity. These are extracted from the Kanban buffer and 

when the right amount of quantity is reached, the order sequence is changed to the next variant. If the 

Kanban buffer does not contain the correct variant the single proc waits until it arrives, thus controlling 

the flow of the model. Since the FACTS model produces one new part with every source and assembles 

them together the overall WIP is much higher in the FACTS model 

One of the additions to the Plant Simulation model is setup time between different variants and 

whether the product is a product A or product B. This setup is part of the line input and line output for 

all the aggregated frames of the model. The setup time is used to better mimic the real world system 

but it also provides the possibility to run a more divers set of experiments. For example, optimization 

with batch sizes and setup time is possible, as well as order production sequence to obtain minimum 

setup time. In this way it is possible, for example, to acquire the minimum WIP while maintaining max-

imum throughput. The Plant Simulation model is shown in Figure 14. 
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Figure 14: Plant Simulation model. 

4.3.1 Aggregation method 
The aggregation method used for the Plant Simulation model is shown in Figure 15 and is slightly dif-

ferent from the one used in the FACTS model. Instead of using a store to control the average WIP a 

parallel proc is used, although the function is exactly the same. In addition, an extra buffer is placed 

before the line input since an entity cannot be moved directly onto an assembly unless it is the main 

entity. This also means that the buffer capacity for the buffer that controls the maximum WIP is less-

ened by one in order to adjust for the extra buffer. In all other aspects the both aggregation methods 

work the same. 

 
Figure 15: Plant Simulation aggregation method. 
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 Validation 
This chapter presents how the model was validated, firstly by comparing the TH from the both models 

when having been run under the same conditions. Further validation is carried out by performing Little’s 

law which shows that the models are validated. 

5.1 Throughput comparison: 
In order to make sure that both the plants simulation model and FACTS functions the same, validation 

methods are used. These include building with high face validity so that a person with knowledge of 

the system recognize the behavior of the system just by looking at it and consulting simulation experts. 

In addition, people familiar with both the FACTS model and the real system world system has been 

consulted to validate the model. One way of validating models is to compare results with already ex-

isting data, either from another model or the real life system. In order to compare data between the 

two models identical experiments were carried out with a simulation horizon of 50 days, a warmup 

time of 7 days and 5 replications. The results showed that the throughput of the FACTS models were 

64, 5 and the Plant Simulation models had a throughput of 64, 8 a difference of less than 1%. Compar-

ison between all the different variants are shown in Error! Reference source not found. for product B 

and Error! Reference source not found. for product A. Because of the differences in how the models 

work, comparing the WIP and lead time directly is not possible. This is because the FACTS model adds 

components every time there is demand control making the WIP higher in the FACTS model.  

Table 2: Summary of the throughput for product B. 

Variants 
Plant Simulation: 

TH/Day 
STDV 

FACTS Analyzer: 
TH/Day 

STDV 
Difference 

in %: 

FDV01 8,06 0,088 8,02 0,091 0,49 

FDV02 6,45 0,069 6,42 0,068 0,46 

FDV03 3,22 0,036 3,22 0,030 0 

FDV04 3,22 0,036 3,21 0,034 0,31 

FDV05 1,61 0,018 1,61 0,018 0 

FDV06 0,64 0,009 0,64 0,005 0 

FDV07 0,64 0,009 0,64 0,007 0 

FDV08 0,64 0,009 0,64 0,007 0 

FDV09 0,64 0,009 0,64 0,007 0 

FDV010 0,64 0,008 0,64 0,008 0 

FDV011 0,64 0,008 0,64 0,008 0 

FDV012 0,64 0,008 0,64 0,008 0 

FDV013 0,64 0,007 0,64 0,008 0 

FDV014 0,64 0,007 0,64 0,008 0 

FDV015 0,64 0,007 0,64 0,008 0 

FDV016 0,64 0,006 0,64 0,008 0 

FDV017 0,64 0,006 0,64 0,008 0 

FDV018 0,64 0,006 0,65 0,008 1,53 

FDV019 0,64 0,006 0,64 0,005 0 

FDV020 0,64 0,006 0,64 0,005 0 

Total 32,16 0,018 32,12 0,017 0,2 
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Table 3: Summary of the throughput for product A. 

Variants 
Plant Simulation: 

TH/Day 
STDV 

FACTS Analyzer: 
TH/Day 

STDV 
Difference 

in %: 

FPV01 8,06 0,087 8,02 0,088 0,49 

FPV02 6,45 0,071 6,42 0,069 0,46 

FPV03 3,22 0,037 3,22 0,034 0 

FPV04 3,22 0,037 3,22 0,034 0 

FPV05 1,61 0,022 1,61 0,018 0 

FPV06 0,64 0,006 0,64 0,005 0 

FPV07 0,64 0,006 0,65 0,007 1,53 

FPV08 0,64 0,006 0,65 0,008 1,53 

FPV09 0,64 0,006 0,65 0,008 1,53 

FPV010 0,64 0,006 0,64 0,008 0 

FPV011 0,64 0,006 0,64 0,005 0 

FPV012 0,64 0,006 0,64 0,008 0 

FPV013 0,64 0,007 0,64 0,008 0 

FPV014 0,64 0,007 0,64 0,008 0 

FPV015 0,64 0,007 0,64 0,008 0 

FPV016 0,64 0,007 0,64 0,008 0 

FPV017 0,64 0,008 0,64 0,008 0 

FPV018 0,64 0,009 0,65 0,007 1,53 

FPV019 0,64 0,009 0,64 0,005 0 

FPV020 0,63 0,009 0,64 0,005 1,56 

Total 32,26 0,018 32,12 0,017 0,09 

 

5.2 Little’s law validation: 
To further validate the model Little’s law has been used to verify the relationship between the lead 

time, WIP and throughput. According to little’s law the relationship between lead time, WIP and 

throughput in a queuing system can be described by Equation 1: Little’s law: 

Equation 1: Little’s law: 

𝑊𝑜𝑟𝑘 𝑖𝑛 𝑝𝑟𝑜𝑐𝑒𝑠𝑠

𝐿𝑒𝑑 𝑡𝑖𝑚𝑒
= 𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 

By comparing the throughput of the model and the theoretical value from little’s law further validation 

of the model is carried out. The work in process is the average amount of component C in the models 

since it is the main flown and all other component flows is secondary. This mean that these flows don’t 

effect littles law and could be replaced with, for example, a lower availability. This is also true for the 

lead time is the secondary components are considered part of component C when assembly occur, 

thus stop existing. The result for little’s law are shown in Equation 2: Result from Little's law. and com-

parison between little’s law and the Plant Simulation throughput is shown in  

  



 

Glenn Nackfors  26  Spring Term 2016 
 

 

Equation 2: Result from Little's law. 

8336,2

131,2 𝐻𝑟
= 63,5 𝑇ℎ𝑟𝑜𝑢𝑔𝑝ℎ𝑢𝑡/𝐻𝑟  

 

Table4: Comparison between Plant Simulation and Little's law. 

Plant Simulation Result Little's Law Result Difference in % 

65,5 63,5 0,02 

 Experimentation plan:  

6.1 Lean buffer experiment: 
The first experiment aims at minimizing the capacity of the Lean Buffers (LB), which consist of StoreA1, 

StoreA2, StoreB1, StoreB2, StoreC1, StoreD1, StoreD2, BAStore and SortingFGI, while maximizing the 

throughput and minimizing the lead time. The warm-up time is based upon the time used by Pehrsson, 

et al., (2015) which is set to seven days and starts on a Monday at 00:00, since this has an impact on 

the shifts and thus the results. The simulation horizon is set to 50 days to ensure that the model has 

reached a steady state. The number of replication for each experiment was set to five which give a 

standard deviation of about 1 % and the number of iteration were set to 5000 to ensure a big enough 

search space was achieved. For this optimization no setup time was used in order to mimic the FACTS 

model as close as possible. The optimization algorithm used are NSGA-II because of its low computa-

tional cost, easy to handle and elitist approach.  

6.2 Batch size experiment: 
The second experiment has the same goal but also adds setup-time for different components and de-

pending on the type of product where it is applicable in the system. The main change however is alter-

ing batch sizes for the different variants are also used as optimization input. The batch sizes ranges 

between 6 and 700 with a step of 6. The batch size used is the maximum batch size and all other batch 

sizes are adjusted proportionally. The only other difference between the optimization is the number 

of iteration. In the batch size optimization, the number of replications is set to 10000 instead of 5000 

to ensure a big enough search space.  

 Optimization: 
This chapter specifies optimization parameters used for each optimization, min and max values, step size and 

weather the parameter is an in data, out data or objective. 

7.1 Input and output: 
In addition to replicating the FACTS model in Plant Simulation different optimizations have also been 

carried out. Both experiments have been formulated with input from expert from the University of 

Skövde and simulation experts. The goals of these optimizations is: 

𝑂𝐹 {

𝑀𝑎𝑥𝑂𝐹𝑓1(𝑇𝐻) = 𝑀𝑎𝑥𝜇𝑇𝐻

𝑀𝑖𝑛𝑂𝐹𝑓2(𝐿𝐵) = 𝑀𝑖𝑛𝐿𝐵

𝑀𝑖𝑛𝑂𝐹𝑓3(𝐿𝑇) = 𝑀𝑖𝑛𝜇𝐿𝑇

 

Where 𝜇𝑇𝐻 = ∑
∑ 𝑇𝐻

𝑇
𝑇
𝑡=0 , 𝜇𝐿𝐵 = 𝑆𝑡𝑜𝑟𝑒𝐴1 + 𝑆𝑡𝑜𝑟𝑒𝐴2 + 𝑆𝑡𝑜𝑟𝑒𝐵1 + 𝑆𝑡𝑜𝑟𝑒𝐵2 + 𝑆𝑡𝑜𝑟𝑒𝐶1 +

𝑆𝑡𝑜𝑟𝑒𝐶2 + 𝑆𝑡𝑜𝑟𝑒𝐷1 + 𝑆𝑡𝑜𝑟𝑒𝐷2 + 𝐵𝐴𝑆𝑡𝑜𝑟𝑒 + 𝑆𝑜𝑟𝑡𝑖𝑛𝑔𝐹𝐺𝐼, 𝜇𝐿𝑇 = ∑
∑ 𝐿𝑇

𝑇
𝑇
𝑡=0  
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𝑂𝐹=All optimization objectives, 

 Serves as a representation of all the optimization objectives. 

𝑂𝐹𝑓1=First objective function, 

 Serves as a representation of the objective to maximize the throughput of the system, i.e. 
MaxTH. 

𝑂𝐹𝑓2= Second objective function, 

 Serves as a representation of the objective to minimize the LB, i.e. MinLB. 

𝑂𝐹𝑓3=Third objective function, 

 Serves as a representation of the objective to minimize the LT, i.e. MinLT. 

𝑇=Simulation horizon, 

 Serves as a representation of simulation horizon. 

The optimization client used was the university of Skövdes own developed optimization client shown 

in Figure 16. The users specifies the optimization, input parameters, output parameters, objectives etc. 

in the optimization client. The optimization client sends this information to the controller which des-

ignates a computer to be the “optimization” computer. The optimization computer runs individual 

experiments and sends experiments to any available computer in the cluster to perform additional 

experiments. Every time an experiment is completed the results are sent to the database. The user can 

then review the results through the optimization browser. 

 
Figure 16: Visualizations of the optimization client. 
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Input data for the lean buffer optimization was the capacity for the different elements that makes up 

LB, for the batch size optimization batch size was also used as an input parameter. While the batch 

sizes only use on input parameter additional batch sizes is also altered proportionally to the input pa-

rameter.  

7.2 Optimization parameters: 
For the LB optimization the capacity of the lean buffers is used as the input data. The lowest amount 

of capacity for each LB element is set after the lowest capacity possible to prevent the model going 

into a deadlock. Since the desired throughput is already set with the standard values there is no gain 

in increasing the capacity, thus the maximum capacity is set to the standard value. The optimization 

parameters for the buffer optimization are shown in Table 5 and for batch size optimization in Table 

6. 

Table 5: Buffer optimization parameters. 

In data Optimization goal and out data 

Buffer Limits Step size Optimization goal Out data 

StoreA1 1775-3000 10 Maximize TH Throughput/Hr 

StoreA2 2350-3000 10 Minimize Lead time Average Lead time 

StoreB1 2050-3000 10 Minimize LB Total LB 

StoreB2 2150-3000 10   

StoreC1 4550-10000 10   

StoreD1 2050-3000 10   

StoreD2 2150-3000 10   

BAStore 10-500 10   

SortingFGI 100-4000 10   

Batch Size 600 0   

 

Table 6: Batch size optimization parameters. 

In data Optimization goal and out data 

Buffer Limits Step size Optimization goal Out data 

StoreA1 1775-3000 10 Maximize TH Throughput/Hr 

StoreA2 2350-3000 10 Minimize Lead time Average Lead time 

StoreB1 2050-3000 10 Minimize LB Total LB 

StoreB2 2150-3000 10   

StoreC1 4550-10000 10   

StoreD1 2050-3000 10   

StoreD2 2150-3000 10   

BAStore 10-500 10   

SortingFGI 100-4000 10   

Batch Size 6-700 6   
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 Result and analysis: 
This chapter presents the results from the optimization. First all the results from the buffer optimization are visual-

ized and in order to be able to draw conclusions these solutions are filtered.  The same step is then taken for the 

batch size experiment. 

8.1 Lean buffer optimization results: 
The results from the buffer optimization with 5000 iteration are shown in the 3D plot Figure 17. Graph 

1 shows all the solutions while graph 2 only show the solutions on the Pareto front. Additional views 

of the 3D plots are shown in appendix 9 and 10. 

 
Figure 17: 3D plot showing all solutions and the Pareto front for the buffer optimization. 

The parallel coordinate presented in Figure 18 shows all the input variables from the left to the right 

with the minimum value at the bottom and the maximum and value at the top. The optimization goals 

are shown to the right most part of the parallel coordinate, here the minimum value is also shown at 

the bottom while the maximum is shown at the top. This figure shows all possible solution from the 

optimization and when ranking near optimal solution the Pareto solutions are highlighted in green. As 

can be seen none of the stores requires a high capacity in order to be considered a Pareto solution. 

Only StoreD1 [2050-2810] actually have several solutions that require a high capacity with both 

StoreC1 [4550-8010] and BAstore [10-440] having solution that requires higher capacity though not to 

the same extent. Although all of these stores also have Pareto solution with a very low capacity. Inter-

esting to note is that the average lead time has five distinct clusters.  
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Figure 18: Result from the buffer optimization with Pareto solutions highlighted. 

In Error! Reference source not found. the same parallel coordinate are shown with filtering depending 

of the best values for each objective, the first one with a low LB, the second one with a low LT and the 

last one with a high TH. Looking at parallel coordinate one, where the best LB solutions are used to 

filter, not many of the solutions for TH and LT is filtered away. As would be expected when filtering for 

only low values of LB [17180-17450] all the store capacities are also low since LB is the sum of all the 

stores capacities. Parallel coordinate two filters with preference of low LT [0-114900] and as can be 

seen it has a significant impact on the results. The LB still have the best solutions with many solutions 

showing a low LB, although there is still some solutions that are filtered. The real problem with a low 

LT is the negative impact on the TH, which is significant. Since no solutions for the TH reach a higher 

value than the minimum value it is clear that higher lead time is a necessity to reach a satisfying result. 

Looking at parallel coordinate three, which shows the best solutions for TH [64-64,42], it is also evident 

that a high lead time is required to reach a satisfying level for the TH.  
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Figure 19: Parallel coordinates of the buffer optimization highlighting the different objectives. 

If all of these goals are considered equal i.e. none is more worth than any other it is not evident which 

solution is the best. To simplify this evaluation some restriction was used: these include only looking 

at Pareto solution, eliminating duplicate solutions and setting minimum value for TH which is shown 

in Error! Reference source not found.. Interesting to note is that almost all the stores tend to gravitate 

to one specific setting, for example Store A1 almost always gives 1775 as the best setting with very 

few exception. The conclusion can thus be drawn that increasing these stores will give little to no effect 

on the TH while increasing LB and average lead time. Another conclusion is that these stores are most 
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vital for maintaining the objectives for the simulation model since increasing or decreasing will have a 

big negative effect on one or more goals, or at the very least not resulting in significant improvement.  

Another interesting note to make is that all stores have lower capacity then the default value that was 

used by the FACTS models and during the validation phase for the Plant Simulation model. The only 

exception to this is the block store which always has higher capacity than the default value. This is not 

surprising since blocks are the main component and controls the flow of the model. As for which solu-

tion can be considered the best depends how the different goals are weighted against each other. 

There may also be limits put for maximum and minimum values for the optimization goals for example 

in this optimization no TH under 64 is considered. This could be extended to the lead time where no 

solution with an average lead over 125 hours is considered, although no such limitations have been 

done for these experiments.  

Pareto solutions with a TH above 64 is shown in Error! Reference source not found.. First glance would 

imply that solution 24 is best since it has the highest TH and the same lead time as the solution 23. 

However there is no need to have a TH higher than the demand, in fact it is a disadvantage since it 

leads to overproduction. Thus whenever the demand is meet the other objectives should be priori-

tized, with this logic solution 21 is the best choice. However for this project no demand exist and, whilst 

not a goal, one of the reasons for the project is to find out the highest possible TH within the bounda-

ries of the optimization.   
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8.2 Batch size optimization results: 
The results from the buffer optimization with 10000 iteration are shown in the 3D plots Figure 20. 

Graph 1 shows all the solutions while graph 2 only show the solutions on the Pareto front. Additional 

views of the 3D plots are shown in appendix 9 and 10. 

 
Figure 20: 3D plot showing all solutions and the Pareto front for the batch size optimization. 

The parallel coordinate presented in Figure 21 shows a similar parallel coordinate as Figure 18 with the 

exception of adding the Batch Size input variable. This figure shows all possible solution from the op-

timization and when ranking near optimal solution the Pareto solutions are highlighted in green. As 

can be seen none of the stores requires a high capacity in order to be considered a Pareto solution, 

although there is solutions that requires a high capacity. Only Sorting FGI [100-3450] actually have 

several solutions that require a high capacity with both Store C1 [4550-9490] and BAStore [10-490] 

having solution that requires higher capacity. Although all of these stores also have Pareto solution 

with a very low capacity.  

 
Figure 21: Result from the batch size optimization with Pareto solutions highlighted. 
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In Figure 22 the same parallel coordinate are preferences put into the different objective, the first one 

with a low LB, the second one with a low LT and the last one with a high TH. In parallel coordinate one 

solution are filtered as a consequence of having a low LB. However this does not have any significant 

negative effect on any of the other objectives. The second parallel coordinate shows solution nor fil-

tered when having a low LT which has a bigger impact on the other objective. While the LB is mostly 

unaffected the TH is vastly reduced and does not reach the minimum TH of 64/h meaning that a satis-

fying TH and low LT is not compatible. When solutions are filtered in regards on a high TH there is a 

very specific span for the LT and while LB is more spread out the solutions tend to be in the lower end. 

 
Figure 22: Parallel coordinates of the batch size optimization highlighting the different objectives. 
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The optimization goals for batch experiment were the same as for the buffer experiment, minimize 

the LB and Lead Time while maintaining a high TH. As for previous experiments if all of these goals are 

considered equal i.e. none is more worth than any other it is not evident which solution is the best. To 

simplify evaluation the same restriction was used as for previous experiments: these include only look-

ing at Pareto solution, eliminating duplicate solutions and setting minimum value for TH to 64/h shown 

in and Error! Reference source not found.. 

The first thing to note about this optimization is the batch size since it is the only difference between 

the two optimization with the exception of setup-time. It is clear that the batch size has a significant 

impact on the results from the optimization, most evidently because none of the Pareto solutions has 

a batch size close to the default value used by the first optimization 600. All other values, such as the 

capacity for the stores as well as lead time and LB, is also lower than for the buffer experiment. While 

the TH does not reach the same TH as for the buffer experiments the difference is miniscule. With all 

the other advantages it is clear that having a smaller batch size is preferable, especially when looking 

on solutions like ten and eight where the lead time and LB is a lot lower while the TH is pretty much 

the same shown in Error! Reference source not found.. This is despite there being setup-time between 

different variants and between different types.  

In Figure 23 the position of the bottleneck is shown depending on the batch size. With default value 

on the batch size (600) the main, and only significant bottleneck, is the aggregated C1 line and subse-

quently the C1 store located directly downstream from the aggregated C1 line. This is because the C1 

line only has one flow in which all the variants has to pass through resulting in a long time to go through 

the entire sequence. In all other lines the sequence is divided into two flows making these lines capable 

of producing at a faster pace. When the batch size reaches 366 the material line A is becoming a big 

enough bottleneck to have an impact on the results. This is because at this batch size the setup time is 

big enough to have an impact on material A lines ability to reach a high enough productivity. The 

smaller the batch size the bigger the bottleneck in material A line becomes until it is the main bottle-

neck at around a bitch size of 186. The best results for the TH is found between the batch sizes of 366 

and 186 anything above results in C1 store becoming a bottleneck and anything below causes material 

A line to become a bottleneck.    

 
Figure 23: Bottleneck position. 



 

Glenn Nackfors  36  Spring Term 2016 
 

8.3 Result comparison: 
In order to compare and evaluate the results from both optimization Error! Reference source not 

found. and Error! Reference source not found. were created. In Error! Reference source not found. 

the Pareto solutions TH/h values and LT values are compared and the results clearly shows that the 

batch optimization is clearly superior, being able to reach a higher TH/Hr with a smaller batch size. 

However several of the Pareto solution for the batch optimization have not been included in the Pareto 

front since, while they are Pareto solutions, they cannot be considered desirable solutions. This is be-

cause there is solutions with a much better tradeoff between the TH and LT and these solutions can 

be discarded, the undesirable solutions are shown in grey in the figure.  

 
Figure 24: TH vs LT Comparison. 

The same comparison but for the TH and LB is shown in Error! Reference source not found. and while 

it is clear that the Batch optimization is able to reach a higher TH with a lower LB there are solutions 

that are better in the Buffer optimization. However these solutions are only for lower LB sizes and 

when none of the solutions are near to a satisfactory TH which is 64, 5 per hour. 

 
Figure 25: TH vs LB Comparison. 
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 Discussion: 
In this chapter the author discusses the FACTS and Plant Simulation model as well as aggregation techniques.  

One of the main objectives of this project was to mimic an existing FACTS model in Plant Simulation as 

well as implementing options for changing the settings. Even though both software are DES there are 

some differences that made it impossible to simply copy the FACTS model. These changes proved more 

difficult and time consuming to implement than expected, although in the end a near perfect behavior 

between the two models were achieved. Even though aggregating the model is supposed to reduce 

the computer power and time it takes to run the model, the FACTS model is still very complex and 

takes a long time to run. This is not the case of the Plant Simulation model which can quickly make 

many experiment runs.  

While not an objective, one of the reasons for this project was trying to prove, or disprove, that using 

aggregation techniques makes it both faster and easier to build simulation models. The reasoning for 

this is that there was less objects to model. The reality however is a little different since there is still 

problematic making the model behave as the real world system. While this has been achieved in this 

project it took more time than expected, however now that some of the pitfalls has been discovered 

and a model exist, there is clearly an advantage in using aggregation techniques. Although using ag-

gregation techniques is a tradeoff since it will most likely lead to a faster build time but will, most likely, 

also lead to longer validation time and at the same time limiting the amount of data generated from 

the model. However with experience these shortcomings should be minimized leaving making aggre-

gation techniques as a powerful method to use. However an aggregated model can be used to identify 

the main constraints of the system and more detailed models can be built to generate more specific 

data. 

 Conclusions and future work: 
In this chapter the author draws conclusion on the project by comparing the objectives to what has actually been 

done. Lastly the author recommends future work that can be done. 

The purpose of this project was to apply optimization techniques on a factory level with the viewpoint 

of a supply chain. In order to accomplish this, an aggregated FACTS model over a whole factory has 

been used as a base for this project. By mimicking the FACTS model in Plant Simulation, an aggregated 

factory wide model on which to run experiments and optimization was obtained. Both experiments 

and optimization has been carried out on the model to test several different scenarios based upon 

previous work in the field. Thus the purpose of the project has been fulfilled. 

 Perform a comprehensive literature review in the domains of aggregated modeling and 

mesoscopic simulation. 

Since aggregated modeling is a relatively under researched area a comprehensive literature review has 

been carried out and used when developing the Plant Simulation model. In total 15 different papers 

has been studied and analyzed. Common for all aggregation techniques is the decrease in developing 

time and computational cost. Since optimizations usually have a high computational cost and takes a 

long time to run using a model that uses less computational power is advantageous. The decrease 

developing time also makes building a model of a system a more viable choice as well as increases the 

flexibility of the model. All literatures that have built both an aggregated model and a more detailed 

model have pointed that there were differences in the result. The differences were always within ac-

cepted ranges but something to keep in mind when decisions are based on the result.  The literature 

review can be read in chapter 3.1 and 3.2 and the analyzes can be read in chapters 3.3 and 3.4.   
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 Build and mimic an existing plant level FACTS model in Plant Simulation. 

A simulation model has been built in the software Plant Simulation based upon an already existing 

FACTS model. Since this software was quite different, despite both being DES softwares, some changes 

had to be made to make the model work in Plant Simulation. The main difference is how to control the 

production flow, in the FACTS model the flow in controlled by sources producing the specified se-

quence. In Plant Simulation a Kanban buffer is instead used to release product in the correct sequence. 

In order to make sure that these changes did not affect the result of the model validation was carried 

out comparing both models. The changes are specified in chapter 4.3 and the validation is presented 

in chapter 0. As the results showed the difference in the results are miniscule, at around 1 % meaning 

that the FACTS model has successfully ben translated to Plant Simulation. 

 Extend the Plant wide model developed in Plant Simulation to incorporate the management 

of variants and variant structures.  

One of the main problem of the FACTS model is that it is very hard and time consuming to add and/or 

change different variants since it would have to be changed manually. If the changes are not correct 

then the model will most likely end up in a deadlock or give inaccurate results. In the Plant Simulation 

model however changes can be made and at the beginning of every simulation run the model auto-

matically updates with the changes that the user has made. Thus allowing for faster change of both 

batch sizes and variants structure and at the same time avoiding deadlock in the system. While it is 

possible to read information directly from an Excel file into the model it is limited in and user friendly 

since it requires direct changes into the code. In future works this is something that should be cor-

rected although the ground work has been done. 

 Execute and analyze various simulation scenarios with the Plant wide model developed in Plant 

Simulation. 

Lastly several different experiments and optimization has been carried out in order to optimize the 

model. These optimizations include the best batch size and the best store capacity to receive the min-

imum WIP and lead time while maintaining a high throughput. The experiment for the buffer size 

showed conclusively that it is possible to get a high TH while maintaining a low capacity for many of 

the stores and while it is possible to lower the LT it will quickly have a significant negative impact on 

the TH. The batch size optimization shows that it is possible to get a significantly higher TH when chang-

ing the batch sizes and this is while keeping LB and a similar level. The different optimization and ex-

periments are presented in chapter and the result with analysis is specified in chapter 8. 

10.1 Future work  
While this project has reached all the goals set at the beginning there are some things that can be 

expanded upon as well as continuing. In order to change the sequence and batch sizes in the FACTS 

models it has to be done manually, which takes a lot of time and if any of the batch sizes or sequences 

is wrong the model will not run. In Plant Simulation the batch is set by simply selecting the biggest 

batch size and all other batch sizes is set proportionally in the whole model, making it a lot faster and 

eliminates all possibilities that the wrong batch size is used anywhere. While it is a lot easier to change 

the sequence in the Plant Simulation model it is not as streamlined since the user has to either import 

the sequence or copy-and-paste it. This makes it possible that the sequence will lock since there is no 

check to counter this and something to improve in the model. 

Another interesting optimization scenario is to change the sequence order for variants and types. By 

optimizing the sequence better combination with less lead time and higher TH can be achieved, com-

bine this with optimizing the batch size and significantly better solution can be found. 
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 Appendix 

 
Appendix 1: Results between TH and LB from buffer optimization. 

 
Appendix 2: Pareto front between TH and LB from buffer optimization. 

 
Appendix 3: Results between TH and AvgLeadTime from buffer optimization. 



 

Glenn Nackfors  42  Spring Term 2016 
 

 
Appendix 4: Pareto front between TH and AvgLeadTime from buffer optimization. 

 
Appendix 5: Results between TH and LB from batch optimization. 

 
Appendix 6: Pareto front between TH and LB from batch optimization. 
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Appendix 7: Results between TH and LT from batch optimization. 

 

 
Appendix 8: Pareto between TH and LT from batch optimization. 
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Appendix 9: 3D plot of buffer optimization from the second angel. 

 
Appendix 10: 3D plot of buffer optimization from the third angel. 
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Appendix 11: 3D plot of batch size optimization from the second angel. 

 
Appendix 12: 3D plot of batch size optimization from the third angel. 
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Appendix 13: Filtered Pareto solution for buffer experiment. 
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Appendix 14: Filtered Pareto solution for batch optimization. 
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