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Abstract

There are manufacturing systems all over the world and all of them present dif-
ferent characteristics. To get close to those manufacturing systems and aid them
to analyze data and improve their efficiency, it arises FACTS Analyzer®. The
present project concerns the development of a bottleneck analysis using REVERSE-
SCORE (Simulation based COnstraint REmoval), feature included in FACTS Ana-
lyzer. It is used Simulation-based Multi-Objective Optimization (SMO) to ana-
lyze the different variables of a production line and investigate how to best extend
previous application of SMO for bottleneck detection to not only consider im-
provements of system parameters but also degradations of them. Degrading some
system parameters can have many hidden advantages such as reduce power con-
sumption, increase material efficiency or lengthen the useful life of the machines
or tools, advantages that can draw near sustainability.

Key words

Bottleneck, simulation, manufacturing line, multi-objective optimization, FACTS
Analyzer, SCORE, sustainability, reduce power consumption.
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1 Introduction

The project use Simulation-based Multi-Objective Optimization (SMO) to analyze

the di�erent variables of a production line. The studied production line has been

provided by Volvo Car Corporation© .

There are manufacturing systems all over the world and all of them present dif-

ferent characteristics, e.g. purposes, number of machines, kind of operations, type

of industry. But nevertheless, their e�ciency is commonly measured in terms of

throughput. Throughput is de�ned as the amount of material or �nished products

that passes through the machine or system per unit of time.

To get close to those manufacturing systems and aid them to analyze data and

improve their e�ciency, it arises FACTS Analyzer® . It is a Discrete Event Simu-

lation (DES) software that simpli�es the simulation process within manufacturing.

This software includes a bottleneck detection method called SCORE (Simulation-

based COnstraint REmoval).

The aim of this project is to test the so-calledreverse SCOREconcept using

experiments on an industrial model. What was sought in the experiment was

to �nd how the level of various parameters of the manufacturing line impact its

throughput. Towards that end, this project investigate how to best extend previ-

ous application of SMO for bottleneck detection to not only consider improvements

of system parameters but also degradations of them. Various SMO problem for-

mulations that incorporate degradations are evaluated. By analysing the obtained

results from these SMO problems some interesting conclusions about the system

parameter levels impact on throughput are made.

There are many di�erent de�nitions of what constitute a bottleneck of a manu-

facturing system. In this work a bottleneck is considered the system parameter

whose in�nitesimal change has the largest impact on the throughput of the sys-

tem. Inspired by this de�nition the application of SMO for bottleneck detection

have been shown to be a powerful decision support for working with bottleneck

improvements. Accurate knowledge of the location of the bottleneck of a manu-

facturing system and also its cause are absolutely crucial in being able to increase
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the performance/throughput of said system. However, addressing the cause of a

bottleneck can be done in many di�erent ways and sometimes it could be as easy as

reallocating resources in the system. For these instances information about where

the system is "over-dimensioned", i.e. system parameters whose degradation have

little to no impact on the throughput of the system, can be very valuable.

Finally, the advantages that these degradations can present on sustainability must

be considered. Degrading speed parameters of the system means to reduce the

speed of a machine or tool, which could be translated as taking out the unneces-

sarily higher speed with which they run and save power consumption. Moreover,

as the speed is reduced, the useful life of the machine or tool is lengthen. Material

waste would be decreased, material e�ciency could be increased, money would be

saved and at last, a better use of the devices could be reached in order to achieve

sustainability on the factory.

1.1 Objectives

To carry out the present project and achieve its goal, the following steps are

identi�ed as essential:

1. Acquire a high competence in FACTS Analyzer.® .

2. Get acquainted with the used industrial simulation model.

3. Acquire a good and high understanding of Multi-Objective Optimization and

the concept of Pareto-dominance.

4. Run Bi-Objective and Three-Objective SMO's and evaluate the frequency of

improving or degrading each variable.

5. Carry out improvements and degradations according to their frequency in

the SMO's �rst-order results.

6. Analyze throughput, work in process and lead time obtained in each case.

7. Investigate bottlenecks with the obtained data.

8. Draw conclusions.
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This project solves some important questions industries cannot answer easily such

as which system parameter is the bottleneck, what impact does various system

parameters have on the throughput of the system, is any machine working harder

than necessary or are there any way to reduce costs, among others.
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2 Literature Review

In a production system, the bottleneck is the point of congestion that occurs

when a resource (e.g. a machine) cannot handle the workload because items to be

processed arrive too quickly. Reasons for this can be many, e.g. too long process

time, too long setup time, too low availability etc., but the e�ect is an upper limit

on the performance of the system. For these reasons, it is essential to develop

methods that help the company to detect bottlenecks. These methods will be

more useful at the beginning of the production process, for example, in the design

phase, because they will help to avoid future �aws and reduce times and costs.

Once the manufacturing line is completely designed and implemented, bottlenecks

might come up when demand spikes unexpectedly and oversteps the production

capacity.

Being able to accurately and quickly identify bottlenecks bring many advantages

such as better operation management, potential for an increase in throughput or

a reduction in costs. In literature there exist many de�nitions of bottlenecks and

corresponding ways of detecting them. Some of the more recent are:

ˆ Active period method. It was proposed by Roser et al. in several articles

(C. Roser 2002; C. Roser 2003; C. Roser 2001). Momentary bottleneck was

de�ned as the machine that has the longest uninterruptedactive period at

any time. Consequently,the bottleneck is the machine accounting for the

greatest proportion of time being a momentary bottleneck.

ˆ Critically method. This method was besought by Leporis et al. in

M. Leporis 2010. In this method, the trace to detect the bottleneck is a

combination of machine utilization, starvation and blockage, and the time

the machine has to wait for resources.

ˆ ITV method. ITV is the acronym for Interdeparture Time Variance and it

is the only indicator used for locating the system bottleneck. In C.E. Bet-

terton 2012, they describe and validate this method by using discrete event

simulation. The performance of the algorithm when it is compared with

other approaches is as well and sometimes even better than other methods.

13



It presents a number of signi�cant advantages such as the easiness of im-

plementation, the non-required failure data or repair times and it is only

necessary one single value which is easily obtained. Besides, it does not need

to build an analytical or simulation model.

ˆ Arrow method. It is proposed in C. T. Kuo 1996 and S. Y. Chiang

1998; S. Y. Chiang 2001. In this method, the bottleneck is identi�ed by

analyzing relationships between manufacturing blockage and manufacturing

starvation of each machine. This indicator measures the sensitivity of the

system's performance to the machine's production rate in isolation, which

means, the more a machine's changes a�ect the system, the more probability

of being the bottleneck it has.

ˆ Turning point method. It is proposed in Lin Li 2009 and Li 2009. This

method identi�es the production constraints without building an analytical

or simulation model by using the production line blockage and starvation

probabilities and bu�er content records. In the article, the method is valid-

ated by the application of it in a real case study.

Given the previous bottleneck detection methods, Chunlong Yu 2014 proposes a

statistical approach that reduces the inaccuracy of data-driven bottleneck detec-

tion procedures. Beside detecting bottleneck location, it also prevents wrong loca-

tion results in manufacturing line with no bottlenecks, which signi�cantly reduces

overtime and extra costs.

A step forward is to make these analyses and methods work in real time. In

M. Wedell 2015 a new method is developed to reduce the lack of fault repair

prioritization that the previous methods have. As the bottleneck is detected in

each moment, reparations go straight towards the right machine so that throughput

is increased and cycle time reduced.

Finally, this project proposes another bottleneck detection method. In this case,

an analytical model is needed in order to simulate the machining line. SMO's

are formulated with maximization of throughput as the main objective while also

considering minimization of the number of improvements made and maximization

14



of the number of introduced degradations. These formulations are made with

the aim of being able to �nd the impact that each system parameter have on

the performance of the system. The use of this information is two-fold; (1) pin-

point what system parameters that need to be improved in order to increase the

performance of the system, and (2) pin-point system parameters that could be

sacri�ced to achieve (1) with limited to no impact on the performance of the

system. To carry out this optimization it has been used FACTS Analyzer, software

which is describe in the following section.
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3 FACTS Analyzer: SCORE

FACTS Analyzer® is a Discrete Event Simulation (DES) software that simpli�es

the simulation process within manufacturing. Using FACTS Analyzer, production

engineers can fast and accurately simulate their production line in a simple and

intuitive interface. It features integrated single and multi-objective optimization

algorithms and tools for visual analytics (VINNOVA 2014).

The software was developed due to the high complexity of powerful interactive

simulation modeling systems that could only be managed by experienced simula-

tion engineers (A. Ng et al. 2007). Companies need to hire them to examine the

system and be able to draw signi�cant conclusions. FACTS Analyzer shortens lead

times and eases the simulation process enabling designers or production managers

to quickly build a model and optimize it. In order to sum up, FACTS Analyzer

was designed to help new factories in their design phase and support in decision

making. Its main advantages are:

ˆ High speed in learning to use and modelling thanks to smart objects.

ˆ Data interface for model generation and model updates, including spread-

sheet data exchange.

ˆ Powerful multi-objective optimization algorithms.

ˆ C++ programming interface for custom logic.

ˆ Accurate and fast models.

ˆ Cloud-enabled optimizations. It speeds up the optimizations runs when con-

necting it to a cloud-computing service.

ˆ Data mining and advanced data analytics.

ˆ Automatic detection and analysis of bottlenecks.

It was shown previously that there is a great potential in this software tool to

uphold the early stages of production systems design as its framework has been

specially designed for designers or production managers. They can easily build a
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model and work on it. The model usually represents some principal features of the

system, which normally is an assembly chain. Model building aids analyzing and

studying problems in the target system.

Unlike many other methods used to study complex systems dynamics, Discrete

Event Simulation (DES) presents high versatility, a reason why it has become

more and more popular for industrial practitioners even though simulation is too

time-consuming (Madan et al. 2005). FACTS Analyzer® provides the peculiarities

for making DES more comfortable to use thanks to its aggregation method and

its interface design. It also reduces times in experimental simulation.

This software includes a bottleneck detection method called SCORE (Simulation-

based COnstraint REmoval). It recognizes and ranks bottlenecks using SMO. The

unique SCORE-method is based on the following optimization problem:

max Performance

min
P N

i =1 I i

subject to xi 2 f original _ valuei ; improved_ valuei g

I i 2 f 0; 1g; where

(
I i = 0; if f x i = original _ valuei

I i = 1; if f x i = improved_ valuei

i 2 f 1; :::; Ng; where N is the total number of variables

(1)

The main objective is to maximize the performance of the system while also min-

imizing the number of improvements made to the system. As seen in Equation 1,

it suits the Theory of Constraints (ToC) (Goldratt 1997) that the highest through-

put improvement will be achieved by removing the most meaningful constraint.

Each variable has two di�erent possible values, the original value and an improved

value. When the variable is equal to its improved value,I i will be 1. Otherwise,

when the variable is equal to its original value,I i will be 0. Thus all paramet-

ers has been transformed into binary variables that helps to calculate the second

objective function.

The most common variables used to �nd causes of bottlenecks are processing times,
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availabilities and repair times of each workstation. However, more variables can be

considered such as di�erent qualities, resources or waiting times. The optimization

problem Equation 1 grows as the manufacturing system gets bigger.
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4 Modeling the manufacturing line

FACTS Analyzer® works with a model building method so that the �rst step to

simulate anything is to build the proper model. The simulation model used in

this project is provided by Volvo Car Corporation© and its a model of one of their

machining lines (see Figure 4.1), in this project simply referred to as the machining

line.

Figure 4.1: Machining line model.

Figure 4.2 shows modeling interface of FACTS Analyzer® and simple production

line including two sequential operations with pre-station bu�ers. The following

items highlight some features of the interface and the model:

ˆ Object panel is located on the left side. It displays the possible objects to

use in the simulation model.
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Figure 4.2: Example of a model in FACTS Analyzer® .

ˆ Variant panel is located on the top of the right side. It is used to add

di�erent parts, called variants.

ˆ Flow panel is located at the centre of the right side. It is where produc-

tion �ows are created by adding the corresponding parts depending on its

necessity on each production stage.

ˆ Property panel is located in the bottom of the right side. It displays all

the settings of the selected object(-s).

ˆ Source. It dispatches parts into the model.

ˆ Bu�er. It stocks one or more parts for a speci�ed time preserving their

sequence.

ˆ Operation. It is the station where parts are processed.

ˆ Sink It is where parts end up and disappear from the model as a �nished

product.

Each object in the software has several properties that are listed in and modi�ed

through the property panel when an object is selected (see Figure 4.3). When

selecting Operation 1, the property panel is �lled in as in Figure 4.3a. General

20



(a) Settings Operation 1. (b) Settings operations. (c) Disturbance settings.

Figure 4.3: Property panel.

properties are the name and location of objects in the model window. Moreover,

when selecting several objects at the same time, only properties shared between

the selected objects are listed and each property value is left blank unless that

value is the same on all selected objects (see Figure 4.3b).

Properties related to the processing of and setup for a part at an operation are:

ˆ Process time. This is the total time in which the operation object will

maintain a part until it goes to the next station, without taking into account

waiting times.

ˆ Setup time. This is the total time the operation needs to start working on

a part of a di�erent type than the previous one.

ˆ Process time EPT (E�ective Process Time). Is a way of adding, possibly

additional, variation to the speci�ed process time. Typically this is used to

model human variation in performing a task that is provided as a constant

time.

ˆ Setup time EPT (E�ective Process Time). Same as previous but for setup

times.

Lastly, disturbance settings refer to the troubles that the machine could have such

us breakdowns, failures or collapses and the time needed to repair it. Properties

that refer to the disturbance setting are the following (see Figure 4.3c):

ˆ Type. It enables disturbances to be speci�ed either as; (1 - percentage)
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with an availability and a mean time to repair or (2 - distributions) with

statistical distributions for the duration of failures and for the interval/time

between two consecutive failures.

ˆ Availability. A percentage (0%,100%] that specify the portion of time an

object is operational, i.e. able to perform some work.

ˆ MTTR (Mean Time To Repair). It is a fundamental measure of the main-

tainability of repairable machines. It represents the average time required

to repair a failed object, which means, the elapsed time between the point

where repairs begin until the point at which the object is operational again.

It is essential not to misunderstandMean Time To Repair with Mean Time

To Recovery, which is a measure of the mean time between the point at

which the failure is �rst discovered until the point at which the equipment

returns to operation.

ˆ Duration. A statistical distribution used to model the time it takes to get

a failed object operational again.

ˆ Interval. Statistical distribution used to model the time between the end

of one failure to the beginning of the next failure.

ˆ Name. Is the name given to the failure.

4.1 Model optimization

Optimizing a model means making it as perfect, e�ective or functional as possible.

This is done by minimizing/maximizing one or several objective functions. For a

manufacturing line maximization of its throughput is a commonly used objective

function.

There are many variables involved in the throughput of a manufacturing supply

chain but they can be categorized into four levels depending on how deep the

analysis goes (see Figure 4.4). The levels are as follows:

ˆ External factors level. Outside in�uences that can impact the supply
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Figure 4.4: Levels of variables in a supply chain.

chain such as competitors, customer satisfaction, as well as social, legal and

technological changes, and the economic and political environment. These

variables usually are di�cult to foretell and to control. They are represented

as the tip of the pyramid in Figure 4.4.

ˆ Station environment level. Refer to all variables related to the envir-

onment of work-stations, including employees active in that environment.

Some variables included in this level can be employee performance, type of

work and how they perform it (ergonomic aspects), mood and satisfaction

of the employees, cleanliness and tidiness in the workplace, etc.

ˆ Station level. Include all variables that are related to station performance

such as process time, queue time, tool preparing time, tool and machine life,

availabilities, Mean Time To Repair (MTTR), among many other variables.

These can be described as characteristics that de�ne the working station.

ˆ Component's station level. It is the deeper level of a factory, industry

or business. It is related to all elements that make up the machine or work-
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station. Examples in this level are quantity of elements, quantity of lubric-

ant, assembling method, easiness of utilization and repair (including design

aspects), kind of materials of each element, among others.

Work-stations are added to a simulation model as previously explained. Each one

is de�ned by variables belonging to the station level. Out of these, only availability

and process time of each operation are included as potential bottleneck causes in

this project.

Availability = f 98:5; 99g

Process time= f 1; 0:9g
(2)

For the standard SMO bottleneck detection problem these variables are de�ned

as in Equation 2. The �rst value within the brackets refer to the current value of

the system parameter whereas the second value refer to an improved value of the

system parameter. In theProcess time-case the two values actually are factors

that are multiplied with the process time to get the desired values, i.e. 1 meaning

the current value whereas 0.9 refer to a 10% improvement/reduction of the process

time.
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5 Experiment

Typical optimization of manufacturing system performance seek to maximize the

throughput by improving some system parameters. Conversely, the present pro-

ject aims to �nd which variables that could be degraded without decreasing the

throughput. To do so, a new value is added to Equation 2:

Availability = f 98:5; 99; 95g

Process time= f 1; 0:9; 1:1g
(3)

The third value refer to the degraded value. With this extension a three-objective

simulation-based optimization problem can be formulated like:

max Throughput

min
P N

i =1 I i

max
P N

i =1 Ji

subject to xi 2 f original _ valuei ; improved_ valuei degraded_ valuei g

I i 2 f 0; 1g; where

(
I i = 0; if f x i 6= improved_ valuei

I i = 1; if f x i = improved_ valuei

Ji 2 f 0; 1g; where

(
Ji = 0; if f x i 6= degraded_ valuei

Ji = 1; if f x i = degraded_ valuei

i 2 f 1; :::; Ng; where N is the total number of variables

(4)

Compared to Equation 1 Equation 4 include an additional objective as well as a

new variableJ . Similarly as variableI i transform x i to a binary variable that is 1

only if a system parameter is improved,Ji transform x i to a binary variable that

is 1 only if a system parameter is degraded. Using these variables it is easy to

calculate the number of made improvements and degradations for a solution like

it is done in the second and third objective respectively. Through the added third

objective the optimization is encouraged to maximize the number of degradations

made. Each degradation that improves the throughput or at least, does not make

it worse, represent a potential where resources can be saved or used more wisely.
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To give an example, after solving the optimization problem, the results indicate

that the time of a particular operation can be degraded without decreasing the

throughput of the system. It indicates that this particular operation could be

performed at lower speeds. At �rst glance, it may seem irrelevant but it can

bring forward many advantages. For example, to have more time to complete an

operation implies that this machine could slow down its speed, which means that

it will consume less power, so that it can reduce costs and lengthen the life of the

machine.

In case of the studied machinging line the variables (x i ) to be analyzed are avail-

abilities of 28 machines and process times of 21 di�erent operations. Each one

of these variables can take three di�erent values: original, improved or degraded.

Using combinatorial concepts, the number of possibilities is a variation with re-

petitions problem, so that, the number of k-element variations of n-elements with

repetitions allowed, the number of possible solutions for this machining model adds

up to more than two hundred sextillion possibilities:

V k
n = nk

(
n = 3 (orig, imp, deg)

k = 49 (variables)

)

V 49
3 = 349 ' 239� 1021 (5)

Despite the large number of possibilities, it is not necessary to run them all thanks

to the way FACTS Analyzer® utilize multi-objective optimization algorithms.

This software seeks the best solution (or trade-o� solutions in the presence of

two or more con�icting objectives) for the optimization problem taking into ac-

count the solutions already run. This combination of a simulation model with

an optimization algorithm is called Simulation-Based Optimization (SBO), (see

Bernedixen and A. H. C. Ng 2018). As Figure 5.1 shows, while the optimization

process is running to �nd solutions for the simulation objectives, those results are

being analyzed to measure their performance. Using these performance measures,

the optimization constructs new, hopefully, better solutions.

If the average progress of each bi-objective simulation were graphed, the resulting

graph would be, roughly, a logarithmic graph. As seen in Figure 5.2, there is

an asymptote that continually approaches the red curve but does not meet it
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Figure 5.1: Simulation-Based Optimization (�gure from Bernedixen and
A. H. C. Ng 2018).

Figure 5.2: Maximum throughput in each iteration.

at any �nite distance. This line represents the maximum throughput that the

system could reach in in�nite iterations, known as the convergence value of the

optimization. The number of iterations needed to reach that point, where there are

enough data to the analysis, is di�cult to determine but for the present project, it

is concluded that 24.000 iterations were enough to get representative results and

achieve almost the maximum throughput that the system could ever reach.

The simulation has been performed with the following settings:

ˆ Simulation horizon: 35 days, i.e. the total number days simulated.

ˆ Warm-up time: 5 days, used by the model to reach a steady-state. Statistics
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or output data from the simulation will be collected from this point on-wards.

ˆ Replications: 5. It is the number of times the software reproduces the sim-

ulation.

Once the optimization run is �nished, the results are many di�erent possibilities of

combining di�erent values of all variables (availabilities and process times) and the

corresponding maximum throughput that the system achieve in each possibility.

In face of the present Multi-Objective Optimization (MOO) (see Equation 4) and

to be able to analyze and understand the results obtained, it is essential to explain

the main concepts of Pareto frontier. These notions are explained in the next

section.

5.1 Pareto frontier

Multi-Objective Optimization (MOO) optimization problems that simultaneously

optimize more than one objective function. It is also known as multicriteria op-

timization, multiattribute optimization, as well as vector optimization or Pareto

optimization. It has been proved to be remarkably helpful in many �elds of science

such as engineering, economics or logistics, where decision making involves two or

more objectives.

For most MOO problems, there is no single solution that optimizes all the ob-

jectives at the same time. In such circumstances, the objective functions are said

to be con�icting because none of them can be improved in value without de-

grading some of the other objective values. In this case, there exists a number

of Pareto optimal solutions, also called as non-dominated set, Pareto e�cient or

non-inferior. Without additional preference information, all these solutions are

considered equally good. The aim might be to �nd a representative set of Pareto

optimal solutions in order to give a helpful spectrum for a human decision maker.

To understand the previous concept consider the following example: given a sys-

tem, there are two objectives to be optimized, calledITEM 1 and ITEM 2 , respect-

ively (see Figure 5.3). The points in this �gure represent all solutions tried by the
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Figure 5.3: Example of Pareto frontier (2D).

optimization and their performance in each objective. Those marked in red (points

A to H) are the Pareto optimal solutions since those cannot improve in value one

objective without degrading the other one. When removing the red points, there

is another Pareto frontier, that includes the N-points, called as second-order and

so on. Thereby, each solution is placed into a Pareto frontier but those in the

�rst-order one are considered the best solutions.

The previous example was a bi-objective optimization problem where all solutions

represent a surface and the Pareto frontier is a curve.

Given a system with three objectives to be optimized, the objectives are referred to

asITEM 1 , ITEM 2 and ITEM 3 , respectively. In this case, all solutions represent

a volume and the Pareto frontier is a surface, shown as red dots in Figure 5.4. And,

again none of these Pareto solutions can be improved in any objective without

degrading at least one of the others. As de�ned previously, those red points would

be the Pareto frontier of �rst-order and so on.

In the this project, the MOO problem has three di�erent objectives (see Equation

4), and results similar to the second example are expected.
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Figure 5.4: Example of Pareto frontier (3D).

6 Results and analysis

In the previous section, the objectives to be optimized were explained and they

are the following:

ˆ Maximize throughput.

ˆ Minimize improvements.

ˆ Maximize degradations.

Although the main goal is to analyze the MOO problem with these three objectives,

�rstly, some experiments are formulated that take into account only two of the

objectives. This is done in order to be able to compare the obtained results in each

objective from these bi-objective MOOs with that of the three-objective MOO, or

put in another way ensuring that the three-objective MOO is able to �nd high-

quality solutions in all objectives using the proposed formulation.
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6.1 Bi-objective optimizations

Three di�erent problems are possible when one objective is discarded in a three-

objective MOO. But in this case it is essential to highlight that objectivemaxim-

ize throughput is the main one and must be in all the optimization problems.

This leaves us with the following two MOOs:

6.1.1 Maximize throughput and Minimize improvements

In this case, the optimization problem is described by Equation 6.

max Throughput

min
P N

i =1 I i

subject to xi 2 f original _ valuei ; improved_ valuei degraded_ valuei g

I i 2 f 0; 1g; where

(
I i = 0; if f x i 6= improved_ valuei

I i = 1; if f x i = improved_ valuei

i 2 f 1; :::; Ng; where N is the total number of variables

(6)

Applying a frequency analysis on the occurrence of the di�erent improvements

among the Pareto solutions enables a ranking of the improvements from most

frequent to the least frequent one. This sequence can also be seen as a ranking

of bottleneck causes from the most severe to least severe one. Similarly this is

done for all degradations. The results of said frequency analyses are presented in

Appendix A, Section A.1. In these results and on wards, green colour refers to

improvements and orange colour to degradations.

In Figure A.1 the frequencies of all the variables are shown. As the values in both

columns are ordered from higher to lower frequency. The arrows in Figure A.1 link

the same variable from improved to degraded. The inverse relationship that these

arrows display makes sense considering an improvement and degradation of the

same variable can't be made at the same time, or put in other words the variables

that are mostly improved are the ones that are rarely degraded and the opposite.
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It also serves as an indication of a sound problem formulation that makes sense.

Figure A.2 shows the sequence when all variables (improved as well as degraded)

are listed from highest to lowest frequency. Not surprisingly, considering the exclu-

sion of the third objective max degradations, this sequence shows overall improve-

ments are more frequent than degradations. However, there are actually some

degradations with quite high frequency, which means that these are the ones that

contribute the most to higher throughput. It is proved by the fact that these vari-

ables have also high frequency when maximizing degradations, both in bi-objective

and three-objective optimizations.

6.1.2 Maximize throughput and Maximize degradations

In this case, the optimization problem is described in Equation 7.

max Throughput

max
P N

i =1 Ji

subject to xi 2 f original _ valuei ; improved_ valuei degraded_ valuei g

Ji 2 f 0; 1g; where

(
Ji = 0; if f x i 6= degraded_ valuei

Ji = 1; if f x i = degraded_ valuei

i 2 f 1; :::; Ng; where N is the total number of variables

(7)

Same as for the previous optimization, improvements and degradations are se-

quence according their frequency among the Pareto solutions and the result are

shown in Appendix A, Section A.2.

In Figure A.5 the frequencies of all variables are shown. As the values in both

columns are ordered from higher to lower frequency the most promising improve-

ments and degradations are identi�ed. And again, it make sense that the most

frequent degradations of variables correspond to the least frequent improvements

of the same variables and vise versa (see the arrows in Figure A.5 that link the

same variable from improved to degraded).
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Figure A.6 shows the sequence of all variables (improved and degraded) from

highest to lowest frequency. In this case it is instead degradations that occur with

the highest frequencies. Considering that the �rst objective maximize throughput

should indirectly promote more improvements this clear bias towards degradations

is a bit unexpected. In spite of the fact that the frequency decreases, the order

in which variables have higher frequency is similar to both bi-objective and three-

objective optimizations, which gives the clue about which improved variables have

more e�ect into increasing throughput.

6.2 Three-objective optimization

Finally, the three-objective optimization problem de�ned in Equation 4 and de-

scribed in Section 5 is run and analyzed in the same manner as the bi-objective

optimization problems (Appendix B). In Figure 6.1 the results of this optimization

are shown and the iteration whose throughput is above 100% has been highlighted.

It is remarkable that the more improvements are made, the higher the throughput

is. In Figure 6.2, the three di�erent views of the previous graph are represented.

Even though the improvements are extremely related to increasing throughput, it

does not mean that degradations are not made on those iterations. This is appre-

ciated in Figure 6.2c. Most of the green dots, which are iterations that upgrade

throughput, have improved and degraded variables.

6.2.1 Pareto solutions (Rank 1)

Rank 1 solutions represent the best trade-o� solutions among the three objectives

(see Figure 6.3). In Figure 6.4 the frequencies of all variables are shown. As in the

other cases, arrows link the same variable from improved to degraded and they

clearly indicate that the variables that mostly improved to maximize throughput

(see top of the left and green column) are the ones that rarely degraded (see bottom

of the right and orange column). When sorting these variables from highest to

lowest frequency (see Figure B.2), it can be seen that the most frequent ones are

degradations. This is a clear indication that there are many system parameters
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Figure 6.1: Results of the three-objective optimization.

that have a little to no negative impact on the throughput of the machining line.

The �rst ten variables with highest frequency both improved and degraded have

been highlighted on the model (see Figure 6.5). It is noticed that variables that

should be degraded, mainly because they do not decrease the throughput, are

located downstream of the machining line. On the other hand, most of the process

time variables that must be improved in order to increase throughput are located

upstream. This, gave the idea that the �rst operations should reduce their process

time in order to avoid bottlenecks. Four of these operations are already duplicated

in order to achieve e�ciency but maybe it should be considered to add another

extra machine and assure that process time is improved as long as the whole

machining line is not decompensated. Finally, there is one operation that should

be improved both process time and availability and it is located downstream. It

is preceded by an operation that can be degraded. This case, clearly, indicates

a bottleneck where an operation must be improved to increase throughput and

the previous operations can be degraded as long as the last one is collapsing the

system.
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(a) Improvements

(b) Degradations

(c) Upper view

Figure 6.2: Several views of the results of three-objective optimization.
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Figure 6.3: Pareto frontier of the experiment.

The �rst �ve variables with highest frequency are shown in Table 6.1. All these

variables represent degradations, meaning that these can be allowed to take a worse

values without any signi�cant negative impact on the throughput of the system.

In the case of availability -variables, its degradation involves less necessity of

fast repairs. On the other hand, when analyzingprocess time -variables, its

degradation is translated as a slow down the process. When having more time, a

machine can reduce its speed, which is directly related to less power consumption

and longer life for its components. As can be seen in these results, these variables

are present in more than 90% of all Rank 1 solutions.

Variables (tree-objective optimization) Frequency (%)
deg_OP0085_Breakdown_Availability 98; 14
deg_OP0110_2_Breakdown_Availability 96; 59
deg_OP0190_CT 94; 42
deg_OP0115_CT 94; 21
deg_OP0130_CT 92; 56

Table 6.1: Variables with the highest frequency in Pareto solutions of �rst-order.
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Figure 6.4: Frequency of each variable in Pareto solutions of �rst-order (3D).

The frequencies obtained for the top �ve variables in the three-objective optim-

ization problem are listed in Table 6.2 along with their frequencies in the other

two bi-objective optimization problems. Included in parentheses in the table are

also the order of these top �ve variables in the sequence attained from each corres-

ponding optimization. It is noticed that when minimize improvements is not

included as an objective (2D Max-Max), those exact same �ve degradations occur

at the top, reaching even 100% of the Rank 1 solutions. On the other hand only

two out of these top �ve remain among the top �ve whenmaximize degrad-

ations is excluded as an objective. A deeper analysis regarding these results is
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Figure 6.5: Model with �rst ten variables with highest frequency (improved and
degraded) in Rank 1 solutions.
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made in Section 6.3.

Frequency (%)
Variables 3D optimiz. 2D (Max-Min) 2D (Max-Max)
deg_OP0085_BA (1) 98; 14 (4) 91; 09 (1) 100
deg_OP0110_2_BA (2) 96; 59 (2) 95; 05 (2) 100
deg_OP0190_CT (3) 94; 42 (8) 87; 13 (3) 100
deg_OP0115_CT (4) 94; 21 (24) 62; 38 (4) 88; 31
deg_OP0130_CT (5) 92; 56 (36) 53; 47 (5) 88; 31

Table 6.2: Comparison of frequency of the variables with the highest frequency
in Pareto solutions of �rst-order in 3D optimization.

6.2.2 Pareto solutions from �rst to �fth order (Ranks 1-5)

The analysis made for these results are in Appendix B ordered by rank. As going

through the results, it is noticeable that the order of the variables, improved and

degraded, remains almost the same but their frequency changes somewhat. It is

concluded that Rank 1 solutions are su�cient in order to get reliable results.

6.3 Deeper analysis

in this section a deeper analysis of what the actual performance of the machining

line would be if one were to act upon the results obtained in the previous study in

a sequential manner.

Based on the results from the three-objective problem the following three types of

sequential changes to the machining line are simulated and analyzed.

ˆ One after another implement theimprovements from high to low frequency.

Total: 49 simulations.

ˆ One after another implement thedegradations from high to low frequency.

Total: 49 simulations.
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ˆ Combine the two above and implementone improvement and one de-

gradation at a time. Total: 25 simulations (note that for this case two

additional changes are implemented in each simulation).

The data collected to analyze and compare in each simulation were the following

one:

ˆ Throughput (%) , in percent where 100 represent the current performance

of the machining line without any changes.

ˆ Work in Process (WIP) (%) , de�ned as average number of parts in any

of the stages through the system, which means, partially �nished items which

are waiting for completion. These items are either just being fabricated or

waiting for further processing in a queue or a bu�er.

ˆ Lead time (%) , de�ned as the average time for a part to go through the

entire machining line.

These results are shown in Appendix C ordered as follows.

6.3.1 Improvements

Data from the simulation when improvements are implemented sequentially are

compiled in Figure C.1. The green column indicates the number of improvements

that are applied in each iteration. And, the orange column indicates the number

of degradations that are applied per iteration. In this case, only improvements are

implemented.

As improvements are applied in the system, thethroughput increases until it

reaches 115% when implementing 31 improvements. From that point, each ad-

ditional improvement does not seem to increase throughput in a signi�cant way.

When looking at WIP or lead time , it does not happen the same. The values

achieved for these KPI's �uctuate a lot more as more and more improvements are

implemented, i.e. they lack a clear correlation to the number of improvements

made. Considering that maximization of throughput is an objective this is not

unexpected.

40



6.3.2 Degradations

Data from the simulation when degradations are implemented sequentially are

compiled in Figure C.4. As in the previous case, the green column refers to im-

provements and the orange one to degradations. In this case, only degradations

are implemented.

Analyzing throughput results, it remains close to 100% for the �rst ten degrad-

ations and starts decreasing as more degradations are applied in the system. As

in the case considering only improvements,WIP and lead time �uctuate a lot

more as the number of degradations increase. However, albeit it they �uctuate a

slight increasing trend is observed.

6.3.3 Improvements and Degradations

Lastly, one improvement and one degradation are sequentially implemented at a

time. Results from these simulations are compiled in Figure C.7. Thethrough-

put increases as more improvements and degradations are implemented, but the

system never reaches the maximum throughput obtained when implementing only

improvements.

6.3.4 Comparison

Finally, all the previous results are joined to be able to make a better analysis and

give some conclusions. These results are compared in Figure C.10.

In Figure 6.6, throughput of each simulation is graphed. The following conclusions

are appreciated:

ˆ Focusing on only improvements an 15% increase of throughput is possible

with only about 31 improvements.

ˆ Up to about 10 degradations can be made to the machining line without a

signi�cant decrease in throughput.
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ˆ When implementing improvements and degradations at the same time, the

positive contribution to throughput that improvements have over weighs the

negative contribution of the degradations.

Figure 6.6: Graph of throughput in all simulations.

6.4 Bottleneck analysis

To start the bottleneck analysis, lets look at howprocess time -variables and

availability -variables relate to bottlenecks. The �rst ones are related to bottle-

necks as follows: the more time an operation takes, the larger is the possibility of it

being a bottleneck. And, availabilities are related to bottlenecks by the following

statement: the higher availability an operation has, the possibility of it being a

bottleneck is decreased.

It can be easily demonstrated because cycle time increment and availability reduc-

tion are degradations in the system. As degradations, they worsen the operation

they are related to and, in conclusion, they increase the possibility of that opera-

tion being the bottleneck.

Variables can be categorized into three groups:
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ˆ Potentially related to bottlenecks. This group is made up of those

variables that are related to the main bottlenecks. Throughput will be sig-

ni�cantly increased when improving these variables.

ˆ Unimportant to bottlenecks. Variables that do not exceedingly a�ect

the throughput of the system make up this group.

ˆ Others. Group made up of the remaining variables that cannot be classi�ed

in the previous groups.

Let go through it in more detail in the following sections.

6.4.1 Cycle time analysis

The frequencies ofprocess time-variables in Rank 1 solutions are shown in Figure

6.7. In this case, the variables that make up each group are the following:

ˆ Potentially related to bottlenecks. Group made up of the improved

variables with the higher frequency:imp_OP0030_CT , imp_OP0020_CT ,

imp_OP0001_CT and imp_OP0010_CT .

ˆ Unimportant to bottlenecks. Group made up of the degraded variables

with the higher frequency such as the following ones:deg_OP0190_CT,

deg_OP0115_CT, deg_OP0130_CT anddeg_OP0080_CT. These variables

are usually degraded in solutions, indicating that they are not likely to belong

to the bottleneck operation.

6.4.2 Availability analysis

The frequencies ofavailability-variables in Rank 1 solutions are shown in Figure

6.8. In this case, the variables that make up each group are the following:

ˆ Potentially related to bottlenecks. Group made up of the improved

variables with the higher frequency:imp_OP0180_BA , imp_OP0112_BA ,

imp_OP0160P1_BA and imp_OP0005_BA .
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Figure 6.7: Frequencies of cycle time variables in Pareto front �rst-order solu-
tions.
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ˆ Unimportant to bottlenecks. Group made up of the degraded variables

with the higher frequency such as the following ones:deg_OP0085_BA,

deg_OP0110_2_BA, deg_OP0150_1_BA and deg_OP0150_2_BA. These

variables are usually degraded in solutions, indicating that they are not likely

to belong to the bottleneck operation.

6.4.3 Overall analysis

Consideration should be made to the improvement and degradation of the same

variable. Take OP0190 as an example. It is and operation where bothprocess

time and availability have high frequency for degradation and conversely close to

0 frequency of being improved. It is clearly not a bottleneck operation of the

system since it is can be degraded in both considered variables without worsening

the performance of the system. An example of the opposite would beOP0180

that has both the process time-variable and the availability-variable among the

top frequencies for improvement the bottom ones for degradation, indicating that

both these variables have a positive impact on throughput and in turn that this

operation is among the primary bottlenecks of the system. Finally, an example

of an intermediate variable would be theprocess timeof OP0100. Its frequencies

are 44; 11% for degradation and40; 39% for improvement. A classi�cation of this

variable in either of the two �rst categories is not obvious given the similarities in

frequencies.

Even though there is no example in this project, there is one last possible case. In

case a variable has low or zero frequency for both improvement and degradation; it

means that the current value of the variable is the proper one in order to achieve

the objectives. In brief, the best option is that this variable remains with its

original value.

By last, in Figure 6.6 the results when improving the variables detected as re-

lated to bottlenecks are graphed in order to see if the throughput of the overall

system increases. As it is appreciated, when improvements are made, throughput

increases. This proves that the detected bottlenecks are the right ones.
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Figure 6.8: Frequencies of breakdown availability variables in Pareto front �rst-
order solutions.
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7 Conclusions

In this section, the main �ndings with regard to the research questions are sum-

marized and some general conclusions based on the �ndings of the present project

are described. The drawn conclusions are the following ones:

ˆ To realize an analysis of the parameters that condition the production chains

has many positive features in order to get to know the system.

ˆ Rank 1 solutions are the ones adequate to take into account and analyze.

ˆ The inclusion of degradations in the analysis proved advantageous in terms of

pin-pointing system parameters that have little to no e�ect on the throughput

of the system.

ˆ Being able to implement degradations present many hidden advantages that

should be taken into account such as lengthen the useful life of machines and

tools, reduce power consumption, among others.

ˆ By analyzing the results variables that are likely to contribute to a bottleneck

and ones that are not can be identi�ed, even to the extent that some variables

can be degraded.

Regarding the results from the three SMO experiments, the following conclusions

have been achieved:

ˆ Analyzing objectives by groups of 2D MOO gives no clue about 3D MOO

results. It is needed to do 3D analysis. In the bi-objective cases, the fre-

quencies related to the excluded objective are much more lower than in the

three-objective one, in which frequencies are weighted between the two cases

of bi-objective. However, the order of the variables does not change much.

Hence, it is strongly recommended to do 3D analysis in order to achieve

more accurate frequency results but if the time or resources does not allow

it, bi-objective cases give pretty nice and fair sequence on which variables

are more related to the bottleneck.

ˆ Variables with high frequency for being improved present lower frequency
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for being degraded.

ˆ The variables with low frequency for being improved do not have to present

high frequency for being degraded.

ˆ Even though there is no example in this project, it could be the case that

some variables present the proper value, so that, there is no need to improve

or degrade. In that case, they will have low frequency both in improvement

and in degradation.

Finally, it is essential to emphasize on the positive e�ect on sustainability that

this work proposes. As said previously, by implementing degradations, the system

can reduce the speeds of the machines, which is translated as advantages for the

system. When the speed is reduced, the system also reduces power consumption

as the unnecessarily higher speed is avoided. This is a great way to reduce energy

waste and also save money. On the other hand, when the machines and tools work

slower, they do not get depreciated as fast as before, which means that they will be

able to be used longer. This makes a magni�cent impact on sustainability as the

materials are more e�cient and the waste of material is reduced. As globalization

goes on, it is imperative to stress on sustainability concepts and improvements if

a better world wants to be achieved.
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8 Future lines

In this section, the strengths and limitations of this thesis are considered to develop

some suggestions for further research. They are presented as follows:

ˆ Implementing the improvements and degradations one by one in FACTS

Analizer to see how much throughput is obtained by each of them because

the improvement achieved when implementing several of them might not be

the same as if it is added the improvements of each of them individually. For

this reason, it will be useful to have those results in order to decide which

variable in the real case is more suitable to improve or degrade.

ˆ Implementing the results in the real case, as long as possible, and compare

the real results against the results obtained through FACTS Analizer.

ˆ Comparing several bottleneck detection methods (Section 2) with the one in

this project and contrast the results.

ˆ Considering adding a new extra machine in the �rst duplicated operations

that need to improve their process time and analyze if it were necessary or

it would trigger some decompensations in the line.
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