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Abstract  

The Master thesis has been carried out at Autoliv B.V. & Co. KG in Dachau, which is a global 
automotive safety corporation. 
 
The objective of the thesis was to define component characteristics, which would reduce the 
load on a 5th percentile female dummy in a full frontal crash to achieve a five star in the new 
Euro NCAP full frontal crash test. Euro NCAP (voluntary vehicle safety rating system) tests 
new vehicles launched on the European market with the goal to encourage manufacturers to 
aim for more than the legislative minimum requirements. The safety performance of the 
vehicles is evaluated and rated in a star rating system where a maximum of five stars can be 
awarded depending on the impact on the dummy.  
 
The method Design of Experiments was used in the thesis and determined as a successful 
method to find an optimal component setting. The system with the 5th percentile female 
dummy was decided to be investigated in total nine parameters with different settings and 
eleven measured responses. The D-optimal design was considered as the most suitable 
design for the experiments since it was handling input parameters with different levels on 
the factors. Moreover, it was significantly reducing the number of required experiments. The 
D-optimal design was considered as suitable for optimization of parameters, however it was 
found as preferable to first execute a simple screening of the parameters to ensure that an 
appropriate range of the parameters had been selected. In this case a screening with 
Plackett Burman would have required 80% less experiments to investigate the selected 
range of the parameters.   
 
The two software programs, Minitab and Datalysor, were used to analyze the Design of 
Experiments. In the analysis, the main parameters, interactions and higher terms were 
identified, which significantly influenced the responses. Furthermore, regressions were 
evaluated and the programs strengths and weaknesses were compared. It was shown that 
the regressions made in Datalysor were more accurate and a better model of the reality. The 
reason for the better regression was because Datalysor had the possibility to remove 
different outliers and predictors for every regression, which was not possible in Minitab. 
 
From the regression model an optimal setting was found which fulfilled the requirements 
from Euro NCAP and five stars could be achieved. The optimal component parameters for 
the 5th percentile dummy should have the following characteristic to gain five stars: 
 

Component: Setting: Component: Setting: 

KAB Vent (mm²) no Steering column 
characteristics 

Deformable column 3kN slightly 
progressive 

KAB  inflator technology Pyrotechnical ASP 2 GEN 21 MRR DAB vent (mm²) 2010 

KAB Depth 130mm DAB Cushion shape Head orientated (Chest depth -
50mm) 

DAB cushion diameter 640mm seam to seam DAB inflator technology ADPS 210kPa + 70% 

Seat belt, Load limiter 2 kN   
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List of definitions 

5th percentile  dummy The 5th percentile dummy represents a small human 
female. Only 5% of the female population is smaller and 
lighter.  

 
A-pillar The first vertical support of an automobile's window 

area counted from the front. 
 
Bottom out Head or chest contact with steering wheel.  
 
Capping limit   A response which exceeds a capping limit indicates 

unacceptable high risk of injury and leads to a loss of all 
points related to test. 

 
DAB     Driver airbag. 
 
Design of Experiment (DoE)  Statistical technique used in quality control for planning, 

conducting and analyzing a set of experiments.  
 
 
Design for Six Sigma (DfSS) A structured approach used when improving designs 

and development of new product design with focus on 
high quality. 

 
DMADV Define-Measure-Analyze-Design-Verify are the five 

phases of the design for Six Sigma approach. 
 
Euro NCAP  It is a voluntary safety rating system that rates new car’s 

safety performance according to a scale of 1-5 stars. 
(New Car Assessment program) 

 
HIC36 The highest value for the head injury criterion measured 

during an interval of maximum 36 ms. 
 
KAB     Knee airbag.  
 
Load case An expression for a special defined type of crash (full 

frontal, side or pole), size of dummy, crash speed and 
type of barrier used in the crash test.  
         

Modifier    Modifiers adjust the total score achieved in a crash test
     based on supplementary requirements. 
   
OEM     Original equipment manufacturer. 
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Outliers  If a few points derivate from rest of the points, they 
might be outliers which are data points for which the 
model is not appropriate. 

 
Residual The difference between the observed and the estimated 

value. 
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1    Introduction 

Along with people starting to use cars the number of accidents on the road has increased. 
However, safety was not a selling aspect until the late 1980. Nowadays the customer is not 
only choosing a car because of its design, cost or power, an important criterion when 
selecting a car is its safety performance: How well are the passengers protected in a 
collision? Before a new car model is launched on the European market the car must pass the 
legislative safety test. To encourage the manufactures to aim for more than the minimum 
requirements to pass the test, Euro NCAP which is a voluntary vehicle safety rating system 
has been founded. The members of Euro NCAP consist of seven governments and five non-
governmental organizations from different European countries. Euro NCAP is testing new 
vehicles launched on the market with the goal to encourage manufacturers to exceed these 
minimum requirements. The safety performance of the vehicles is evaluated and rated due 
to a star rating system where a maximum of five stars can be awarded.(Euro NCAP, 2012) 
Because of Euro NCAP’s activities, they have become internationally recognized as a 
trustworthy indicator of independent consumer information about car safety.  

In the last years the requirements from Euro NCAP for achieving the top ratings have 
become significantly higher. This has contributed to a higher pressure on manufacturers to 
constantly deliver and improve the safety performance of new vehicles, both enhanced 
robustness of the car and also restraint components inside the car. (Euro NCAP, 2012) 
To stay competitive on the market the car manufacturers need to keep up with the rapid 
development concerning safety systems. Due to the fact that customers expect safe cars a 
low score in the test can lead to car manufacturers losing their good reputation. 

1.1 Background 

New requirements from Euro NCAP for 2015 have been 
partially released last year and Autoliv B.V. & Co. KG has 
started a predevelopment project to define the restraint 
components which can meet those. Furthermore, Euro 
NCAP has decided to test a new load case to focus more 
on the small population. The defined load case is a 5th 
percentile female dummy which is tested in a full frontal 
crash test with a velocity of 50kph (Euro NCAP, 2011). 
The chosen approach to define the restraint components 
was Design for Six Sigma and the main focus for the 
thesis will be to analyze the parameters with the 
methodology of Design for Six Sigma. An advantage of 
using Design for Six Sigma is its structured way of 
assuring quality in earlier stages of development or 
improvement of products and processes (Berryman, 
2002). 
 
 

 

Figure 1 – 5
th

 percentile female and 50
th

 
percentile male dummy (Fox, 2005) 

5th percentile female 50th 
percentile 
male 
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1.2 Objective of the thesis 

The objective of the thesis is to analyze the impact of already selected component 
parameters and to define a proposal for the characteristics of the parameters that will 
reduce the impact on a 5th percentile female dummy to achieve a five star rating in the new 
Euro NCAP full frontal crash test. 

1.3 Assignment specification 

To fulfill the goal of the given assignment the new performance limits from Euro NCAP need 
to be taken into account. To achieve a high rating, the system needs to reach a maximum 
score in the Euro NCAP rating system, therefore modifiers also need to be considered. It is 
also necessary that the master thesis will investigate the rating system and its possible ways 
of comparing different experimental outcomes. The component parameters will be analyzed 
with the methodology Design of experiments. The major stage of the thesis will contain 
analysis of parameters which influence the responses. When executing the analysis, 
statistical analytical tools will be used to collect significant information of how the 
parameters affect the dummy load. The analyses will be executed in two available software 
programs at the company, Minitab and Datalysor, to be able to evaluate the result. A flow 
chart has been compiled to give an understanding to what part of the Design for Six Sigma 
project the thesis is contributing to, see appendix 1. The flowchart will be described more 
detailed in chapter 2. 

1.4  Problem statement 

To fulfill the objective of the thesis the following problem statements need to be answered.  
 
P1 What is a suitable design within Design of Experiments for analyzing the component 

parameters? 
 
P2 Which software, Minitab or Datalysor, is more suitable for analyzing the data? 

 
P3 Which component parameters are significantly influencing the responses? 
 
P4 How should a concept be designed that fulfills and if possible outperforms the 

requirements from Euro NCAP 2015? 
 

1.5 Limitation 

 Due to the time limitation of 20 weeks, the number of iterations needed for 
optimization of the component parameters will be limited.  

 

 The confirmation of the optimized parameters will in the thesis only be done through 
simulation. However, in the Design for Six Sigma project the confirmation of the 
optimized parameters will be tested in a crash lab during the last phase of the 
project.  
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 The selected input parameters with its different levels will only be described briefly 
and not in further details since the focus of the thesis examines the approach of 
analyzing and optimizing input parameters in a system. 

 

 The analyzing phase is dependent on data from the simulations. In case of a delay of 
the simulation this will contribute in a late start of the analyses.  
 

 Only the chosen design for the thesis is described in detail with focus on its special 
characteristics and not its mathematical complexity. 
 

 Due to different requirements from car manufacturers there is a need of defining 
different optimal solutions which fulfill individual requirements. This study will only 
focus on presenting the general optimal setting which was identified.  
 

 The simulation is based on a deterministic model and the noise variance and the 
robustness of the optimum are first investigated in later stages in the project. 

1.6 Target group  

The reader is expected to have some basic knowledge in areas such as Design of Experiment 
(DoE) and how a Design for Six Sigma (DfSS) project with its different phases is conducted. 
Thus, the explanations about the methods and techniques are synoptically and not described 
in detail. The report is intended for people who are interested in how the response from a 
process or system can be optimized by using DoE. For deeper understanding, the reader is 
referred to the referenced literature.  
 

1.7 Validity 

To assure the information from the interviews have been understood right a compiled 
document have been validated by the interviewed persons. The regression models and 
analysis of data have also been verified from a statistical expert at Autoliv.  
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2    Current project situation  

This chapter gives a brief overview of what has been done in the Design for Six Sigma project 
and what is planned as upcoming steps. Furthermore, the plan of the workflow for the thesis 
is presented. 
 
The goal for the Design for Sig Sigma project is to define an occupant restraint system for a 
5th percentile female dummy that can meet the requirements from Euro NCAP 2015 by 
scoring five stars in a full frontal test. When starting the thesis the project of defining the 
restraint components was in the beginning of the “Measure” phase, the second phase of the 
five phases which exist in a Design for Six Sigma project. To get an overview of what has 
been accomplished in the project and to understand the aim of the master thesis a process 
flow chart was compiled, see figure 2. The completed steps are presented in the “Define” 
and “Measure” phase. The rest of the chart is a provisional chart of the continuous work 
flow to define the restraint components. The upcoming steps have been schemed in 
collaboration with the project leader of the Design for Six Sigma project. Depending on the 
work done in the earlier steps the work flow might consist of some iterative loops before the 
requirements can be fulfilled. The false input parameters might have been selected or the 
false range of settings of the input parameters might have been chosen. The complete flow 
chart is presented in appendix 1. Brief descriptions of the steps in each phase which have 
been accomplished or are planned to be executed are presented below. The steps are 
organized under the headlines: “Completed steps”, “Planned steps for Master thesis” and 
“Planned steps for the Design for Six Sigma project”. The purpose of the description is to give 
the reader an insight of what part of the whole project the thesis is contributing to.   
 

2.1 Completed steps 

The following steps were already completed before the thesis was started. 
 

Define phase 

 
Figure 2 – Define phase of the Design for Six Sigma project 

2.1.1 Definition of project 

The primary goal for the project is to define the characteristics for the primary and 
secondary restraint components which fulfill the requirements from Euro NCAP 2015. The 
goal is achieved when the load on the dummy is reduced and five stars (at least 15 points) 
can be reached. The primary restraint components considered are the driver airbag (DAB), 
seat belt and knee airbag (KAB). Secondary restraint components are the instrument panel 
and the steering column. (Unger, 2012) 
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Initial situation 
The major restraint components are not identified or defined to fulfill the new load case 
from Euro NCAP 2015. An implication of the current situation might be poor rating due to 
too high loads on the dummy. (Unger, 2012) The conditions of executing a Design for Six 
Sigma project have been classified as SMART which means the project assignment is specific, 
measurable, achievable, relevant and time bound. 

2.1.2 Definition of evaluation criteria 

The loads on the dummy were measured from the measure points shown in table 1 (also 
referred to as result parameters) and evaluated to the preliminary limits from Euro NCAP 
2015. The limits set from Euro NCAP are presented in appendix 2. The measure points on the 
dummy are the same points which Euro NCAP planned to base their rating on in 2015. 
Moreover, the fourth region (tibia) was decided to only be monitored and was not included 
in the rating (Euro NCAP, 2012). In this study the tibia is measured but only observed and 
also not rated. The last measure points in the table were chosen to measure the distance 
between the dummy and the steering wheel to monitor the dummy movement in the 
simulation. By monitoring the movement of the dummy in relation to the components the 
risk of bottom out could be reduced. The bottom out effect causes a modifier which 
subtracts points from the total amount of scored points, see appendix 3. 
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Table 1 – Measure points on dummy. (Inspired by Cichos et al., 2011: chapter 2 to 6) 

 Measure point UnitdfUnit Explanations of measure points 

H
ea

d
 

Head Acceleration Res. HIC36 The value for the head injury criterion is the 
standardized maximum integral value of the 
head acceleration. The length of the 
corresponding time interval is a maximum of 
36 ms.  

Head Acceleration Res. multiple  a3ms The largest amplitude of resultant acceleration 
which exceeding three milliseconds. 

N
ec

k 

Shear force +Fx kN The transition from head to neck, expressed in 
kN, at the duration of action of the 
compression force in ms.  

Tension force +Fz kN The transition from head to neck, expressed in 
kN, the duration of action of the compression 
force in ms. 

Extension force Moc -y Nm The total moment calculated with the moment 
in relation to the moment measurement 
points. 

C
h

e
st

 Chest deflection mm The chest deflection is the criterion for the 
deflection of the ribs expressed in millimeters. 

Fe
m

u
r 

Femur left force kN Is the criterion of the force acting on femur 
and determined by compression stress in kN 
that is transmitted axially on each femur of 
the dummy as well as the duration of action of 
the compression force in ms. 

Femur right force kN See above. 

Ti
b

ia
   Only monitored. 

D
is

ta
n

ce
 

Head – steering wheel mm The minimum distance between the head and 
the steering wheel during the simulation. 

Head - hub mm The minimum distance between the head and 
the hub during the simulation. 

Chest – steering wheel mm The minimum distance between the chest and 
the steering wheel during the simulation. 

2.1.3 Identification of influence parameters 

The picture below presents the identified input parameters, noise parameters and control 
parameters which together give the output signals. The in-parameters to the system were 
identified by an expert team when using methods as Ishikawa and Brainstorming. As shown 
in figure 3 and appendix 4, the output signals are the loads on the dummy. The loads on the 
four body regions (Head and neck, chest, femur and tibia) are rated with points according to 
the limits set by Euro NCAP 2015. The total points on the four body regions will be added 
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and given a certain amount of stars from 1 to 5 depending on the load. The calculation is 
described in chapter 4.1.  
 

 
 

Figure 3 – Identification of influence parameters (Unger, 2012: p. 82)  

2.1.4 Definition and rating of component parameters 

An expert team defined approximately 100 possible component parameters which could be 
used as input parameters to control the response. Due to the high costs of examining all the 
defined input parameters only a certain amount were selected for the study. Nine of the 
identified control parameters were decided to be further investigated after being rated of an 
expert team as having a significant impact on the dummy load. Each control parameter was 
rated from 1 to 10 depending on how much the parameter was affecting the load on the 
four regions on the dummy, see the parameter-rating-matrix in appendix 5. In addition, 
another four significant parameters were selected to be investigated in separate studies to 
ensure that the content of the study did not get too complex. The parameters chosen for 
separate investigation were: 
 

 Seat restraint function 

 Steering column angle 

 DAB vent design 

 Steering wheel bending stiffness 
 

 
  

Parameter diagram
EURO-NCAP 2015

SIM study

software version

hardware architecture

operating system

number of CPU

software version

vendor

Vehicle Interior Package

Load case Crash-Pulse

Dummytype

Seat

DAB Cushion Volumn

DAB Cushion diameter

DAB Cushion shape

DAB Cushion Tether

DAB Cushion Tether upper

DAB Cushion Tether lower

DAB Cushion orientation

DAB Cushion Deflector

DAB Cushion material

DAB Vent discret

DAB Vent adative vent arear

DAB Vent function

DAB Vent design

DAB Vent TTF time 

DAB Vent passiv adaptive

DAB Inflator performance SIF [mol.k]

Rating

total output signalIntended output signal
Function y = f(x)

Control Parameter

total output signal
EURO-NCAP Rating no 4 Point 

limit per body reagion

Noise Parameter

Input Signal

Dummy sensor signals

dummy model

numerical noise 



8 
 

 

 DAB inflator performance 

 DAB damping function 

 
 

 DAB cushion diameter 

 DAB cushion shape function 

 KAB cushion shape function 

 KAB inflator performance 

 KAB inflator performance 

 Retractor performance function 

 Steering column function 

 

 

 

5 Levels 

3 Levels 

Figure 4 – Parameters and their number of levels 

Levels of control parameters 
Due to cost restrictions and complexity of the design of experiment, the levels of each 
parameter were kept as low as possible without losing significant information in the 
experiment. Two factors were set to five levels during the experiment and seven factors to 
three levels, see figure 4. The reason for setting two parameters to five levels was to make 
sure that no information would get lost if only extreme values would be achieved in the high 
and low settings.  

 
Inflator performance and DAB damping function were seen as parameters which needed to 
contain more than three levels to achieve an appropriate model of the reality. The 
assumption of the number of levels was based on experience of component behaviors in 
different situations. If the high and minimum levels of the setting would contribute to a lot 
of extreme values the optimum might be displaced, see figure 5.  
 
 
  

Figure 5 – Optimum depending on number of levels 

Regression model: 
3 levels 
5 levels 
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The selected levels for each parameter are described in table 2. In most of the cases a 
standard component was selected and scaled as a certain percent bigger or smaller for the 
other levels. 
 
Table 2 – Levels of control parameters 

 Level 1 Level 2 Level 3 Level 4 Level 5 

DAB cushion diameter 640mm 680mm 720mm   

DAB cushion shape function 
Head orientation 
-50mm at chest 

Neutral 
Chest orientation 
-50mm at head 

  

DAB damping function -50% -25% 2*32mm +25% +50% 

DAB inflator performance -30% (150kPa) 
-20% 
(170kPa) 

-10% (190kPa) 
ADPS 1,5 
210kPa 

+10%  
( 230kPa) 

KAB cushion shape function 
70mm depth 
 

100mm 
depth 

130mm depth   

KAB damping function Vent 20mm Vent 10mm Vent 0mm   

KAB inflator performance -20% (140kPa) 
-10% 
(160kPa) 

ASP 2 GEN 
21MRR Pyro 
26*124 232g 
510mK,( 950k) 

  

Retractor performance function 2kN 2,5kN 3KN   

Steering column function --15% (2,1kN) 1-2,5 kN +15% (2.9 kN) 
 
 

 

2.1.5 Definition of dummy position in the vehicle 

The dummy position in the car is not yet defined by Euro NCAP 2015. The following 
assumptions were made: 
The seat is placed with the height adjuster in the middle position and seat position in full 
forward mode (Unger, 2012). Due to lack of information from Euro NCAP about the foot 
position the definition of the foot position from US NCAP was used: The left foot of the 
dummy must avoid contact to the vehicle’s brake pedal, clutch pedal, wheel well projection 
and foot rest.  

2.1.6 Definition of inertia package 

When defining the inertia package, 
measurements were collected from 
manufacturers of how the dummy is sitting 
in the relationship to the components in the 
car, see figure 6. When choosing the most 
suitable inertia package for the study 
several aspects were taken into account. To 
achieve an optimal package which would fit 
to the most vehicles with planned launch in 
2015, data from OEMs was collected of the 
dummy measurements in the defined 
dummy position. The data was compiled in 
a chart for comparison of positions, see 
figure 7. Furthermore, the mean values for the different measurements of the body regions 
in relation to the vehicles interior were measured. 
 

 Figure 6 – Dummy in relationship to car components (NHTSA , 
2007) 
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A vehicle with an interior package which 
presented the average of the population 
was chosen for the study. In addition, 
other aspects as availability of simulation 
models, accessibility of test parts for 
confirmation tests, strategic choice of 
vehicle and planned annual volume of 
vehicle were taken into account. (Unger, 
2012) 

2.1.7 Check historical data 

An attempt of finding older studies in the internal data base with the same load case as Euro 
NCAP 2015 (5th percentile female, full frontal, 50 kph) was done. However, no other study 
with the same load case was found. The current situation was also defined and the selected 
vehicle for the study with its current setup of restraint components was evaluated according 
to the new criteria from Euro NCAP 2015. The achieved stars are presented in appendix 6. In 
this step also a comparison of the accuracy of the simulation to the real sled test was made. 
The result showed a low deviation for all result parameters except for chest deflection which 
indicated a slightly higher value in the simulation, see figure 8 or appendix 7.  
 

 
 

Figure 8 – Chest deflection. Blue line- simulation, Green line - Sled test 

Explanation of figure 
The picture 8 shows a difference in chest deflection of 7 mm from the peak values of the 
simulation and the sled test. It is important to be aware of the difference of the model and 
reality when the experiments are executed. The differences are important to keep in mind 
when searching for the optimal region. 

 
  

Figure 7 – Mean of sitting posture (Euro NCAP, 2011) 

Chest deflection 

(
m
m
) 

Time (s) 
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Measure phase 
The master thesis is contributing to the red marked steps in figure 9. 

 

 
 
Figure 9 – Measure phase in Design for Six Sigma project 

2.1.8 Component model setup and Simulation model setup 

Each component was separately set up according to its defined levels. The components were 
then put into the simulation model for the defined load case in the selected vehicle. The 
simulation was programmed to automatically collect the different settings for the 
parameters according the DoE and then perform a run.   
 
Environment of the simulation 
The simulation represented a real sled test performed with the defined load case in the 
target vehicle. The model was deterministic, which means that it will always achieve the 
same response values from a given parameter settings. 
 

2.2 Planned steps for Master thesis 

The following steps are planned to be executed to be able to answer the problem 
statements. The methods and execution strategy are further described in chapter 3 and 5.  

2.2.1 Design of experiment 

If all possible combinations of the parameters and their levels are investigated, the total 
number of runs would be 54675. This large amount of experiments is not possible to be 
executed due to time and cost limitations. A design which can be reduced to 65 to 160 runs 
is suitable for this study.(Unger,2012)  

2.2.2 Simulation of the load case 

65 to 160 runs will be executed and each simulation will approximately need eight hours. 
This means the total time needed for the simulation is around 520 to 1280 hours and 
therefore they will run parallel. 
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Analyze phase 
In the analyze phase statistical tools in the program Minitab and Datalysor will be used to 
analyze the response. The two programs will be used to be able to compare the result. 
 

  
 

Figure 10 – Planned steps in Analyze phase       

2.2.3 Analyze result and evaluation of effects 

Each response from the 65 to 160 runs will be analyzed. Screening will be used to get an 
insight of the factors impact on the response. Furthermore, the interactions between the 
factors will be analyzed. If found that the result parameters are not having an impact on the 
dummy load this indicates that the parameters have not been selected right. In case of poor 
response the next step in the process will be to recommence to the step “Definition of 
parameters” in the “Measure” phase. The iterative loop will continue until the right control 
parameters have been identified which impact the load on the dummy. In both software 
programs regression models will be created and the optimal region will be identified.  

2.2.4 Confirmation run (simulation) 

A confirmation run will be executed to ensure that the created regression models comport 
with the simulation. Furthermore, a comparison of the accuracy of the created regression 
models from the two software programs will be made.  
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Design phase 

    
 
Figure 11 – Improve phase of Design for Six Sigma project 

2.2.5 Optimize parameters 

From the most accurate regression model the optimal settings for the reduced dummy load 
will be identified. The optimal solutions will be compared to the required limits set by Euro 
NCAP 2015 and the combinations of settings will be rated with points.  

2.2.6 Simulation and analyze with other load cases 

The optimal settings will also be simulated with the 50th percentile dummy. The load on the 
dummy will be rated in a table with limits set from Euro NCAP for the 50th percentile 
dummy. This makes it possible to find out if the optimal setting for the 5th percentile dummy 
also is suitable for the 50th percentile dummy. In case the optimal setting will contribute to 
large loads on the bigger dummy the next step is to repeat “optimization of the control 
parameters”. 

2.2.7 Definition of requirements for components 

If the optimal setting does not contribute to a high load on the 50th percentile dummy the 
definition of the component parameters will be defined. The characteristics of each setting 
will be compared to already existing components. If there is no existing component that 
comports with the performance needed to attain the optimal setting, a list of definitions of 
requirements will be made. When the component characteristics have been defined they 
will be handed over to hardware designers at Autoliv. If it is possible to fulfill the 
requirements of the components a prototype will be constructed. If not a new optimal 
setting must be found which means the process has to start over at the step “optimize 
parameters”.  
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2.3 Planned steps for the Design for Six Sigma project 

The following steps are not included in the scope of the thesis but will give the reader an 
insight of the last steps planned for the Design for Six Sigma project. 

2.3.1 Definition of noise variance and evaluation of robustness  

The variance in performance of components will be identified and a robustness test will be 
performed. For instance the airbag will be tested with the purpose to identify if the variation 
has a substantial impact on the response. In case of a small optimal region, the variance can 
contribute to a significant difference in performance of reducing the load on the dummy. 
Furthermore, the evaluation of the trigger times and crash pulses will also be analyzed to 
identify possible differences in the performance of the optimal setting. 
 

Verify phase 

 

2.3.2 Confirmation run (Hardware) 

Finally, the defined restraint components will be tested in the crash lab for final 
confirmation. In this test the results will be added from the additional studies according to 
the seat restraint function, steering column angel, steering wheel bending stiffness and DAB 
vent design. If the predicted response is not shown in the confirmation run and the load on 
the dummy gets too high, iteration will made and the step “optimize parameters” in the 
“Improve” phase will be done again. 

2.3.3 Documentation and feedback 

Before project closure the process of defining the restraint components will be documented. 
Furthermore, the “lessons learned” will be described for future use when similar projects are 
planned. A comparison of the result before and after the study will be made to give a 
comprehensive picture of what has been achieved. In the end of the project feedback to the 
cooperating customer will also be given and taken. 
 

  

Figure 12 – The Verify phase 
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3    Research methods 

In this chapter the methods used to answer the problem statements will be described. The 
main focus is on explaining the principles of DoE and how an analysis of DoE is executed. 

3.1 Literature study 

A literature study was conducted to gain knowledge within the problem area about tools, 
which can be useful in Design for Six Sigma projects. When searching for online books 
keywords as Design of experiments, DMAVD roadmap, DoE design, response surface and D-
optimal were used. Moreover, material and presentations from Euro NCAPS’s rating system 
was studied to understand its structure. Relevant information to the topic was found in 
textbooks and documents from Euro NCAP. To get an insight of what has been completed in 
the Design for Six Sigma project before starting the assignment, presentations of the project 
progress have been studied. 

3.2 Interviews 

To gain more knowledge of DoE and statistical tools interviews have been made with a 
specialist within the area. Interviews with the project leader of the Design for Six Sigma 
project have also been conducted to get an understanding of which steps had been 
completed before the thesis and what the outcome was.  

3.3 Design of Experiment 

DoE contains a range of experimental techniques which create a number of experiments 
which are representative to answer a particular question. The different techniques to 
achieve a suitable design vary in complexity. The aim is to identify the significant factors for 
the inputs of the process and to understand how they are affecting the process output. 
(Brook, 2010) 
 
DoE consists of two fundamental variables, factors and responses, see figure 13 (Eriksson et 
al., 2008). In this study the factors are for instance the airbag diameter and the inflator 
performance. The response variables are in this case the load on different body parts of the 
dummy. By modifying the factors differently the outcome will be influenced. The purpose 
with the model is to make an approximation of the reality. This means it will never be 
perfect but still be a reliable basis for making decisions. (Eriksson et al., 2008) 

 

System  
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Figure 13 – Model of DoE, (Inspired by Eriksson et al., 2008: p. 19) 
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Familiarization Screening 
Finding the 

optimal region 
Optimization 

Robustness 
testing 

Mechanistic 
modeling 

Brook (2012) states that the Design of experiment is more prevalent in Design for Six Sigma 
projects, which are more technically oriented because of the possible adjustment of input to 
the process. 
 
By providing a range of structured experiments it is possible to investigate all input factors at 
the same time with a minimum of trial. An advantage of DoE is the ability to identify 
interactions between the factors, which may not be discovered in an approach that only 
tests one factor at a time. Furthermore, testing one factor at a time is both time and cost 
inefficient. It is possible to reduce the number of runs in an experiment. However, it is 
important to be aware of the fact that reduced runs can lead to a loss of information. 
(Brook, 2010) 
 
DoE is used for a number of different purposes, such as:  

 Development of new products and processes 

 Enhancement of existing products and processes 

 Optimization of quality and performance of a product 

 Optimization of an existing manufacturing procedure 

 Screening important factors 

 Minimization of production cost and pollution 

 Robustness testing of products and processes 
(Eriksson et al., 2008) 
 
According to Eriksson et al. (2008) the objective for the DoE might be chosen from any of the 
six stages:  
 

 
   Figure 14 – Objectives of DoE 

 

3.3.1 Familiarization 

This stage intends to focus on understanding the possibilities when doing experiments and 
how to proceed to influence the system or process. The main purpose is to investigate if the 
process is possible, working properly and how well it is working. For this experiment simple 
designs are used. This stage is only necessary when facing a completely new type of 
application or system. (Eriksson et al., 2008) 

3.3.2 Screening 

Screening aims to get an insight of the factors relation to the outcome, what factors are 
more influential and what is an appropriate range for the factors. (Trutnat et al., 2012) The 
20/80 rule is often applied which claims that 20 percent of the factors are contributing with 
an effect beyond the noise level. These factors are desired to be identified in the screening 
stage. (Eriksson et al., 2008) 
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3.3.3 Finding the optimal region 

The significant factors found in the screening phase are used 
in this step to reach the optimal region. The optimal region 
can be found by looking at a line orthogonal to the contour 
curves of the response in the contour plot. The steepest 
climb for maximum or a significant drop for minimum will 
indicate how to find the optimal region, see figure 15. The 
result of this stage is usually that a new experimental point is 
found, but in some cases it can also lead to the conclusion 
that a completely new screening process is necessary. 
(Eriksson et al., 2008) 
 

3.3.4 Optimization 

With the most significant factors found, the experimental region which contains an optimal 
point will be identified. In the screening stage many factors were investigated in a few runs. 
(Eriksson et al., 2008) In this case, several factors will be investigated in many runs. 
Furthermore, the type of relationship between factor and response are reviewed. There 
might for example exist a linear, quadratic or cubic correlation. Additionally, the relation 
might either be negative or positive. By plotting the result in a response surface plot all the 
levels from the factors can be displayed at the same time, see figure 16. (Eriksson et al., 
2008) The factors can one by one be predicted for each setting in the optimal region. 
Moreover, all factors can be optimized to correspond to the optimal point. Finding the 
optimal point with few factors is relatively easy in contrast to when there are many factors. 
In this case the result mostly becomes a compromise to meet the conflict demands of the 
factors. (Trutna et al., 2012) 

3.3.5 Robustness testing 

To ensure quality the robustness testing is done right before the release of an almost 
finished product. The purpose of the test is to identify and control the factors that might 
have an impact on the result and secure that the response is not exceeding given 
specifications. (Eriksson et al., 2008) 

Figure 15 – The orthogonal arrow 
indicates maximum and minimum 
(Noesis, 2012) 

Figure 16 – Response surface (Noesis, 2012) 
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3.3.6 Mechanistic modeling 

Mechanistic modeling is applied in fields where there is a need to set up a theoretical model. 
The model is based on one or more semi-empirical models. A semi-empirical model is a 
model that locally describes the situation in detail. Nevertheless, it is important to be aware 
that the model is only an approximation of a relationship between different factors and can 
never be perfect. (Eriksson et al., 2008) 

3.4 Analysis of DoE   

3.4.1 Creation of regression model 

The basis for DoE is an approximation of the reality described with a mathematical relation 
between the input parameters and the response. A model is never equal to the reality but 
helps to transfers the complexity of the reality to a mathematic model. It is important for the 
experimenter to select the right model which mathematical can represent the investigated 
system or process.(Eriksson et al., 2008) The simplest model is the linear model which is 
used in cases where screening is the objective. For other objectives more complex models as 
interaction models, quadratic and cubic models can be used, see figure 17. 
 
         
                       

            
                               

        
                      

       
                

 
Figure 17 – Regression models (Inspired by Eriksson et al., 2008: p. 36) 

Explanation of figure 
The    is the regression coefficients and the ɛ represents the error. The goal of the model is 
to set the coefficients and the error to values which fit to the observed behavior. (Creveling, 
Slutsky, & Antis, 2003)  
 
Normal probability plot of residuals 
The normal probability plot is a useful tool to 
identify deviating experiments, so called 
outliers. The plot below shows a line which 
goes through the point (0, 50 percent), a point 
which is not close to the line is an outlier. To be 
able to draw a straight line at least 12 to 15 
factors are needed. (Eriksson et al., 2008) 
Figure 18 is showing an outlier which deviates 
from the line. 

  

Figure 18 – Obvious outlier (Minitab) 
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Figure 19 – Sample residual versus fit plot for testing the linearity (Seltman, 2008: p. 230) 

3.4.2 Checking of residuals 

To check if the right regression model has been chosen, a residual analysis is recommended 
to be done. A residual is the difference in distance between of each observed point to the 
regression. When a residual is positive, it indicates that the point has a higher value than 
expected and the opposite when it is negative. (Seltman, 2008) To check if the model is 
linear the mean of Y should fall on a straight line and have the value zero, see the left graph 
in figure 19. If some of the predictors are incorrect, the straight line can turn into a curve, 
see the right graph in figure 19. (Brooks Automation , 1999) 

Unequal variance can also be found in the model. To detect unequal spreading of the points 
the difference between the vertical bands are compared, see figure 20.  
 

  

Figure 20 – Sample residual versus fit plot to test equal variance (Seltman, 2008: p. 230) 
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3.4.3 R-squared and R-squared (adjusted) 

R-squared 
A regression model rarely fully comports with the reality and there will always be some type 
of variation. The total variation in a set of data consists of variation due to the regression 
and variation about the regression. Variation about the regression, also called residual, is a 
measure of the distance between the observed value and the fitted line, see      ̂   in 
figure 21. If the variation is zero, the model fits perfectly. It is wanted to have a larger 
variation due to the regression than variation about the regression. R-squared is a ratio 
which compares the variation due to the regression to the total amount of variation in all 
data, see figure 21. (Creveling, Slutsky, & Antis, 2003)  
 

   
                           

               
 

∑   ̂   ̅   
   

∑      ̅   
   

       
Figure 21 – R-squared calculation (Inspired by Creveling, Slutsky & Antis, 2003: p. 534) 

Figure 22 – Decomposing of Variation (Inspired by Creveling, Slutsky & Antis, 2003: p. 534) 

 
A R-squared of, for example 0,86= 86 percent explains 86 percent of the total variation in the 
data about the average (Howell, 2010). A low value on R-squared indicates that an error 
becomes a larger part of the variation, which is not preferred. To prevent that a low R-
squared is achieved, it is important to choose an appropriate model. (Creveling, Slutsky, & 
Antis, 2003) According to Creveling, Slutsky & Antis, (2003) the R-squared increases as the 
number of predictor in a model increases. By adding predictors to the regression model the 
R-squared stays the same or increases depending on the information given by the predictors. 
Predictors are for examples main parameter, interactions and higher terms which impact the 
regression model. Either the new predictor contributes with an explanation of the variability 
of the response, which increases the R-squared or does nothing and the R-squared stays 
unchanged. This means that one could basically add more and more predictors to achieve a 
greater value on the R-squared. (Rumsey, 2009) 
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A regression model with a R-squared in the range of 50 to 60 percent are considered as good 
in biological, psychological and economical systems. In other cases, for example when a 
physical system is investigated, a good model is expected to be within the range of 80 to 98 
percent. (Creveling, Slutsky, & Antis, 2003) Also in experiments executed in simulations a 
good model is expected to have a R-squared which exceeds 90 percent (Nitsche, 2012). 
Figure 23 below presents a plot which illustrates the observed values versus fitted values. It 
can be observed that the R-squared values for the left and the right regression are different, 
see figure 23. 

Explanation of figure 
Figure 23 on the left side shows a regression which represents 38 percent of the variance 
and the right picture which stands for 87 percent. The higher number of represented 
variance, the closer the data points fall to the fitted line for the regression and the more 
accurate is the model. 

 
Adjusted R-squared  
When comparing models containing a different amount of predictors the R-squared is not 
especially useful (Ryan, Joiner, & Cryer, 2005). In contrast to R-squared, the adjusted R-
squared is calculated with consideration to the number of the predictors in the model. 
According to Rumsey (2009) the model should contain as few predictors as possible. The 
calculation for the adjusted R-squared is presented in figure 24.  
 

                
   

     
 

Explanation of figure 
P=Number of predictors 
n= Number of experiments 

The value of the adjusted R-squared can attain any value less or equal to one and is always 
the same or less than the value of R-squared. An adjusted R-squared value close to one 
indicates a better model. (Rumsey, 2009) 

Figure 24 – Calculation of R-squared adjusted (Inspiration by Ryan et al., 2005: p. 425) 
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Figure 23 – Comparison of two regression lines (Minitab) 
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3.4.4 Effect plots 

 Effect plots are useful to identify the input factors which have a statistically significant effect 
on the output. (Creveling, Slutsky, & Antis, 2003) In figure 25 a Pareto chart is presented 
with a reference line. The main effects and interactions, which exceed the line are classified 
as significant. Furthermore, a main effect plot can be made to get an insight of how the 
different levels of a factor influence the response. A factor with the greatest slope has the 
greatest effect on the response. (Minitab,2012) Figure 24 shows that the KAB inflator 
performance which has the greatest slope affects the response the most. According to 
Creveling et al. (2003) the statistical significance cannot be detected from the plot, only the 
relative strengths. 

 
Interaction plots 
An interaction occurs when the effect of one factor depends on the level of the other factor. 
The plot in figure 26 shows an interaction between the DAB cushion diameter and the KAB 
cushion shape function. The greater the difference in slope between the lines, the higher is 
the degree of interaction. Even if the graphs show that there is an existing interaction 
between two factors, it is not told if the interaction is significant (Minitab). If the lines in the 
graphs would be parallel this would indicate that there is no interaction.  

Explanation of figure 
An interaction is shown in the figure 
26 between the factors DAB cushion 
diameter and the KAB cushion shape 
function. On the right graph the green 
line (720 mm diameter) and the black 
line (640mm diameter) changes 
different depending on what levels 
KAB cushion shape function attain.  
  

Figure 26 – Interaction plot (Minitab) 
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Figure 24 – Left, Main effect plot (Minitab) 
Figure 25 – Right upper, Pareto chart of standardize effects. Right lower, Normal plot of standardized effects (Minitab) 
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Response surface plots and contour plots 
Response surface plots and contour plots are useful plots in order to explore the relationship 
between two input parameters and a response. The response surface plot is a three 
dimensional graph which is useful for establishing desirable response values as for finding 
the optimal point, see figure 27. (Eriksson et al., 2008) A contour plot is shown in a two-
dimensional view where the response with the same values is connected under the same 
contour lines. In some cases when the response surface plot has a complex form the surface 
can be easier to comprehend in a contour plot with only two dimensions, see figure 27. 
When the model has more than two factors, the factors which are not in the plot are held 
constant (Minitab, 2012).  

 
Figure 27 – Left: Contour Plot, Right: Response surface plot (Minitab) 

Explanation of graph 
Contour plot: The X1 and X2 are factors with their settings on the X and Z axis. The plot 
shows for example that a response less than zero is only achieved in the point where the 
setting on X1 and X2 are both set to zero. 
Response surface plot: The same factors and response are displayed in the three 
dimensional plot. Also in this point it is shown that the minimum value can be achieved in 
the point where both X1 and X2 attain zero. 

3.4.5 Optimizer tool 

The optimizer function gives a good overview of how the input factors affect the responses. 
By specifying the target and the over or under limits for all responses an optimal solution will 
be calculated. It is also possible to manually modifying the responses to understand how an 
input parameter affects the response. According to Minitab the optimizer tool might be 
useful for several purposes, for example: 

 When investigating settings of the input parameters with own prioritizations order 
for the responses. 

 Finding lower-cost input parameters which are close to the optimal settings. 

 To detect the sensitivity of response parameter for changes of input parameters. 

 To estimate the outcome for a special selection of parameter setting 

 To search for input parameter settings in the region of a local solution 
(Minitab, 2012) 
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Figure 28 – The four areas of assessment (Euro NCAP, 2011) 

4    Theoretical framework 

The theory which has been collected to answer the problem statement is described in this 
chapter. The described topics are: The rating system from Euro NCAP, an improvement 
methodology called Design for Six Sigma and different types of designs used when creating a 
DoE. 

4.1 Star Rating 

In this sub-chapter the Euro NCAP rating system will be described and how the 
transformation of points to stars is made. The focus is on explaining the region and criteria in 
frontal impact since this is relevant for the study. 

4.1.1 Overall rating 

The overall rating is calculated from 
scores in four areas of assessment, 
also referred to as “boxes”, see figure 
28. Those are Adult Occupant, Child 
Occupant, Pedestrian protection and 
Safety. The score in each box is based 
on the car performance in different 
tests. For each box the scored points 
will be normalized in respect to the maximum achievable points available for the box. When 
calculating the weighted overall score, the score from each box is multiplied with weighting 
factors. The weighting factors indicate the relative importance of each factor on the final 
score and are from time to time updated. Figure 29 shows the steps for calculating the 
overall score which results in the total achieved stars. Additionally, the four different boxes, 
the normalized score, the weighting of factor, the weighting score and total overall score is 
shown. The overall score and its achieved stars are shown from year 2009 to 2012. To reach 
five stars in 2009 an overall score of 74 percent was required in contrast to 2012 when a 
score of 80 percent was demanded. (Euro NCAP, 2011) 
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A maximum number of five stars can be achieved in the “star rating” system. The weighted 
average of the scores in the four boxes gives the overall weighted score, which contributes 
to the total number of stars.(Euro NCAP, 2011) 

4.1.2 Adult occupant protection 

The adult occupant protection box consists of four different test 
configurations: frontal impact, side impact, pole impact and rear 
impact. Each body part will achieve a score based on 
measurements of dummy parameters. Likewise, the assessment 
considers the structural performance of the car. This means that 
aspects as wheel displacement, pedal movement, foot well 
distortion and displacement of the A-pillar are also taken into 
account. The adjustments, also called modifiers, are applied on 
the body region which they are most relevant to. The modifiers 
are described in appendix 3. (Euro NCAP, 2011) 
  

Figure 30 – Adult occupant 
protection, assessment area 
(Euro NCAP, 2011) 

Figure 29 –Calculation of overall score  
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Figure 31 – Points calculation  

4.1.3 Point calculation 

Points can be scored between the higher and 
the lower performance limit.  
 

1. Below the higher performance limit a 

maximum of four points is scored 

2. In the case of a value between the 

limits the score is calculated by linear 

interpolation, see figure 31.  

3. When exceeding the lower 

performance limit no points are 

scored  

(Euro NCAP, 2011)  
 
Capping limit  
Capping limits are related to critical body regions. When a response exceeds a capping limit 
this indicates that there is an unacceptable high risk of injury. Exceeding capping limit leads 
to a loss of all points related to test. Depending on the test the capping limit can be equal to 
or higher than the lower performance limit. The regions with capping limits are described in 
appendix 2. (Euro NCAP, 2011)  
 

4.1.4 Frontal impact 

The assessment criteria used for frontal impact 
are divided in four body regions: Head and 
neck, chest, femur and knee, tibia and feet. 
Some regions consist of multiple criteria and 
are determined by the lowest scored criteria. 
This means for example if the neck (which is a 
criteria of the region head and neck) scores 
lower points than the head, the region will be 
scored according to the neck. Moreover, the 
lowest scored body region of the driver is used 
to determine the score of the box. Capping 
limits are applied on critical body regions such 
as head, neck and chest. (Euro NCAP, 2011)  
 
Figure 32 shows that each criteria has an upper 
and lower performance limit for each 
measured parameter. Furthermore, the 
significant limits for Euro NCAP 2015 are 
summarized in appendix 2. 

  
Figure 32 – Protection criteria in frontal impact (Euro 
NCAP, 2011) 
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Figure 33 – Stages where DfSS are applied (Kiemele, 2003) 

4.2 Introduction to Design for Six Sigma 

In the industry, design improvements are often made on existing products, processes and 
systems. Design for Six Sigma (DfSS) is a term for the sum of knowledge, methodology tools 
and mental models used for design improvement and development of a new product design. 
(Magnusson, Kroslid, & Bergman, 2003) According to Antony (2002), DfSS is a powerful 
approach to meet the customer needs at the same time as being cost efficient when 
designing products, processes and services. DfSS is a systematic methodology which contains 
engineering design methods integrated with statistical methods. This allows prediction and 
improvement in quality prior to constructing prototypes. The DfSS focuses on doing right 
things at the right time during the product development to prevent problems from occurring 
(Creveling, Slutsky, & Antis, 2003). Berryman (2002), states that the DfSS approach is the key 
to achieve better quality on products and increased customer satisfaction. Furthermore, 
Antony (2002) claims that DfSS is the most effective means to comprehend the benefit of 
the Six Sigma capability. By assuring that the concept and principles of Six Sigma are applied 
in the development stages it does not only contribute to an increase of customer satisfaction 
but also to improved long-term profitability, gained profit margin, reduced time to market 
and better ability to manage risks in design. (Antony, 2002) Moreover, the approach put a lot 
of effort in the front end of the project, but reduces rework and late launches in later stages 
(Tegel & Kriva, 2005). 
 
Traditional Six Sigma tends to improve 
manufacturing efficiency and remove 
variation and defects in the process. By 
eliminating defects with a Six Sigma 
approach money can be saved due to cost 
of poor quality. In case of realizing that 
adjusting a design problem would cost 
more than the Six Sigma project could 
save, another strategy needs to be 
applied. For those situations DfSS is ideal 
to avoid more problematic defects. 
(Berryman, 2002) As mentioned, Six 
Sigma is striving to achieve zero defects in contrast to DfSS which aims for zero process 
variation (Ferryanto, 2005). Another difference between Six Sigma and DfSS is the stage in 
the life cycle of a product/process where it is applied. The later a problem is found the 
higher the costs are to adjust the problem, see figure 33. Therefore, DfSS which is applied in 
the development stage can save a lot of money. On the contrary, the defects are more 
difficult to identify in the earlier stages of the product development due to the need of 
predictive ability. (Berryman, 2002)   
 
The main methods used in DfSS are customer analyses and robust design optimization. In 
the robust design optimization methods as “Design for experiment” are applied to find an 
optimum and robust solutions in the product development process. (Ferryanto, 2005) 
When analyzing the customer needs they are translated by using methods as Quality 
Function Deployment (QFD) to translate the information into engineering and manufacturing 
requirements. There are a couple of different roadmaps used in DfSS. In this case the 
roadmap DMADV (Define, Measure, Analyze, Design, and Verify) will be described which is 
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according to the benchmarking made by Atwood (2005) the most common used roadmap. It 
is essential to know that the roadmap DMADV is generally used for design improvements 
and not generic product development (Magnusson, Kroslid, & Bergman, 2003). The roadmap 
is similar to the one used in Six Sigma (DMAIC) where the tools are organized in a sequence. 
The tools are in the first and the last steps quite similar but differ in the middle of the 
process. (Cronemyr, 2007)  

4.2.1 Define 

In the initial stage a clear definition of the project is established. This includes for example to 
define the requirements from the customer, scope of project, time plan and available 
resources. The goal defined must satisfy customer demands, company and end-user. 
Furthermore, a smaller risk management plan has to be done to identify the known and 
potential risks in the project. (Pennsylvania State University, 2008) Antony (2002) states the 
importance to ensure that the customer needs are properly understood in the first stage. 

4.2.2 Measure 

In the second stage is the data collected which focuses on the potential design features. The 
translation of customer requirements into component requirements is often done by using 
the method Quality Function Deployment. By using QDF, also critical-to-quality aspects can 
be identified on the product. (Pennsylvania State University, 2008) 

4.2.3 Analyze 

The Analyze phase focuses on identifying different approaches and how the requirements 
from the customers can be fulfilled. Key functions within the requirements are prioritized by 
weighting them against criteria. Component parameters on the product/steps in process are 
analyzed and their contribution to performance is evaluated. Concepts are generated and 
evaluated to customer requirements. (Pennsylvania State University, 2008) 

4.2.4 Design  

The Design step is similar to the Analyze step with the main difference of being more 
detailed. In this stage the design and its components are created in detail to get a good 
understanding of what parts might be critical (Biskup-Köstner, 2000). Furthermore, the 
design is tested and optimized in the best way to fulfill the customer needs. Finally, the 
design is prototyped. (Pennsylvania State University, 2008) DoE and other statistical 
optimization techniques are commonly used in this phase. Simulations of products and 
processes are also frequently executed. The focus is put on testing and retesting the design. 
(Biskup-Köstner, 2000) 

4.2.5 Verify 

The DfSS seeks to verify the design so it meets the requirements specified by the customers 
(Antony, 2002). Tools as pilot-testing are used to implement and monitor the new process. 
After collecting data for the evaluation of the performance, the last adjustments can be 
made. If the customer requirements are not fulfilled, it is necessary to recommence on 
earlier stages in the DfSS process. Finally, lessons learned are documented about the 
process. (Antony, 2002) 
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The table below describes examples of common used tools in the different steps for the 
roadmap DMADV in DFSS (Cronemyr, 2007; Edgeman, 2002). 
 
Table 3 – Tools commonly used in DMADV  

Focus  Phase Tools Explanation 

P
ro

je
ct

 

  
 
Define 

Project charter 
Kano model 
CTQ 
SIPOC 
Mini FMEA 

Describes statement of the scope, objectives and participants in a project. 

Understand customer needs. 

Provides a structure for quantifiable specifications. 

Mapping simple process definition. 

Identify risks. 

 

C
u

st
o

m
er

   
Measure 

QFD 1 
Data collection plan 
Customer research tools 
 

Transform requirements into quality characteristics. 

How data will be collected. 

Tools as for example interviews, focus groups and questionnaires. 
 
 

C
o

n
ce

p
t 

  
Analyze 

Benchmarking 
QFD 2 
Hypothesis testing 
Simulations and DoE 
Pugh matrix 

Search for best practice internally and by competitors. 

Transform quality characteristics into design characteristics. 

Approach for making decisions based on data. 

Controlled experiments to understand output. 

Evaluation and further development of solutions. 

 

P
ro

d
u

ct
 

  
 
 
Design 

QFD 3 
Transfer function, 
Simulation and DOE 
Prototypes 
FMEA 
Statistical tolerance 
Implementation plan 
Robust Design 
 

Transform design characteristics to for example component characteristics. 

Formulate and increase transfer function. 

With response surface. 

Build prototype. 

Risk analyzes. 

Analyze the defect distribution. 

Plan for implementation (time table or tree chart). 

Examine the influence from noise parameters, nonlinearities incl. 

interactions and DoE. 

D
es

ig
n

 p
er

fo
rm

an
ce

   
 
Verify 

Pilot test 
Control plan 
Lessons learned 
Compare results to 
specifications 
 
 
 

Test new product. 

Summarizes the measurement details for each step (what, when, where?). 

Documentation for future use. 

Show achieved result. 
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4.3 DoE designs 

DoE is a large field and there are a lot of different designs, both simple and complex, to 
create a suitable design for the experiments. In this chapter different designs are described. 
Furthermore, a comparison between the designs is presented where pros and cons for each 
design are described. At last the used designed for the thesis is described. 
 
Full factorial 
In a full factorial test all possible combinations are considered. This means that if there are k 
factors and each level has two levels the full factorial design will have    runs. The full 
factorial designs are normally used when two to four factors are investigated. (Trutna et al., 
2012) This type of design requires a large number of runs when the number of factors 
exceeds five and do therefore require a lot of resources (Eriksson et al., 2008). The design 
can identify interaction but not quadratic effects since only two levels of the factor are 
investigated (Kavanaugh, 2012). 
 
Fractional factorial 
Whenever it is possible to assume that particularly high-order interactions are negligible, 
information of the main effects and low order interactions can be collected by only running a 
fraction of the complete factorial experiment (Kowalski & Montgomery, 2010). This is called 
fractional factorial designs with the main advantage that many factors can be screened in 
dramatically fewer runs than with a full factorial design. However, confounding of effects is a 
disadvantage which occurs when with the reduced number of runs. This means that effects 
are mixed up with each other to a certain degree and are therefore more difficult to analyze. 
(Eriksson et al., 2008)  

 

  
Figure 34 – Factorial design (Kavanaugh, 2012) 
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Figure 35 – Central composite design 
with two factors (Trutna et al., 2012) 

Using a resolution of five or more makes sure that the main effects and two-factor 
interactions are not confounded. According to Kavanaugh (2012), a suitable design for 
screening is fractional factor design, which easily can be modified to a central composite 
design and used for optimization. Therefore, Eriksson et al. (2008) states that it is a preferred 
choice of design for the objective screening. A weakness of the design is its non-ability of not 
identify quadratic effects (Kavanaugh, 2012). 
 
Plackett-Burman design 
The Plackett-Burman design fractionalizes a full factorial design by giving numbers of factor 
combinations that are a multiple of four (Deming & Morgan, 1993). Thus, the number of 
runs would be 4, 8, 12, 16. The design is mostly used for screening experiments when only 
the main effects are investigated (Eriksson et al., 2008). According to Trutna et al. (2012), the 
designs are useful when identifying large main effects, presupposing all interactions are 
negligible when comparing with few significant main effects. In addition, Haaland (1989) 
claims that the Plackett-Burman design is useful when investigating many factors with very 
few runs. The design is according to Eriksson et al. (2008) usually a starting point for super-
saturated experimental design, for example designs that tolerate investigation of more 
factors than runs. A difficulty with the design is the main effects which are confounded with 
interactions, in particular with two factor interactions (Deming & Morgan, 1993). A limitation 
with the design is that it is only handling factors in two levels and can therefore only be 
fitted to linear models (Eriksson et al., 2008). The number of factors must be less than the 
number of runs (Liu, 2012). According to Kavanaugh (2012) at least K+5 runs must be made. 
 

4.3.1 Response surface designs 

The following designs go under the name response surface design. The response surface 
methodology is preferable to use when searching an optimal region (Eriksson et al., 2008). 
 
Central composite designs 
CC designs include Central composite circumscribed design 
(CCC), Central composite inscribed designs (CCI) and 
Central composite faced designs (CCF). What differentiates 
them is the geometry of points in the experiment space 
(Brooks Automation , 1999). The designs are preferred 
choices for optimization. The CC designs can easily be 
created by converting factorial and fractional factorial 
design, often used in screening. The design is useful when 
efficiently mapping systems involves two to five factors. 
The design allows estimations of quadratic terms from the 
second order model. A disadvantage of CC-designs is when 
the numbers of factors are six or more, the designs tend to 
involve a rather large number of experimental runs and for that reason other designs are 
recommended, see table 4. CCC and CCF designs with two to four factors are based on two-
level full factorial design. In case of five or more factors, two-level fractional factorial design 
is used as foundation (Eriksson et al., 2008). CCC designs can handle up to five levels and are 
spherical, while CCF handles up to three levels and fills a square. (Roy, 2000) 
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Figure 36 – Box-Behnken design, 
three factors and three levels 
(Trutna et al., 2012) 

Figure 37 – Three factors with 
three levels, Rechtschaffner 
design (Eriksson et al., 2008: p. 
202) 

Table 4 – Total runs of experiments for CC- designs. Inspiration (Roy, 2000: p. 252) 

Factors 2 3 4 5 6 7 

Runs 13 20 31 32 53 92 
 
 
Box-Behnken design 
The independent quadratic design of Box-Behnken does not 
contain enclosed factorial or fractional factorial design. The 
design is based on combinations from the midpoint of edges of 
the process space and at the center. Since the design is almost 
rotatable it needs three levels of each factor (Trutna et al., 
2012). Mostly three or four factors are investigated using this 
design and a design cannot be made existing of two factors. This 
design is preferable when the number of runs needs to be 
reduced (Eriksson et al., 2008). According to Roy (2000) are the 
Box-Behnkens designs and in most cases cheaper than 
composite designs. However it is not possible to combine runs 
from factorial experiments. Another advantage of the design is 
the space which does not include the extreme points of the cube 
(Brooks Automation , 1999). The number of runs is presented in table 5. 
 

Table 5 – Total runs of experiments for Box- Behnken. Inspiration (Roy, 2000: p. 252) 

Factors 2 3 4 5 6 7 

Runs - 15 27 46 54 62 
 
Rechtschaffner design 
Screening and optimization are objectives for the Rechtschaffner 
design. Factors with two levels are used in screening and factors 
with three levels for optimization of response. This description 
focuses on explaining Rechtschaffner design with three factors. 
The design is suitable for experiments with six or more factors 
since they require less runs than for example Central composite 
designs. When estimated all two factor interactions the aim of 
the model is to eliminate the ones that are non-significant. This 
makes it possible to early obtain an indication of which non-
significant terms can removed. A comparison of Central 
composite, three-level full factorial, Rechtschaffner, Box- 
Behnken and Doehlert has been done by Eriksson et al. (2008). 
The study showed that the Rechtschaffner design has the highest condition numbers among 
all the designs. This means that the estimation of a result is the most accurate. The required 
number of runs for a Rechtschaffner design with three levels is N=1+k+k+k*(k-1)/2. (Eriksson 
et al., 2008) 
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Figure 38 – Doehlert design with three factors 
(Eriksson et al., 2008: p. 210) 

 
Doehlert designs 
The design is based on hyper triangles which give the 
uniform space-filling properties. The points are 
equally distributed on the shell. This allows for 
example, estimation of all main effects, all first-order 
interactions, and all quadratic effects without any 
confounding effects. With the Doehlert designs it is 
possible to have different numbers of levels on the 
factors. However, all factors cannot be investigated 
on the same levels, see pattern of levels investigated 
in figure 38. The design has a possibility to investigate 
some of the factors up to seven levels. (Eriksson et al., 
2008) It is useful when parts of the old design are re- 
used to create a new generation design. The design is 
usually used for optimization. According to the study 
made by Eriksson et al. (2008), where the model’s optimal conditions were verified 
experimentally, it was shown that the model is well suited for optimization and to make 
response surfaces with up to five or six factors. 
 

 
Figure 39 – Number for runs for Doehlert design (Eriksson et al., 2008: p. 213) 

Latin hypercube design 
The Latin hypercube design has become a widely used sampling technique for uncertain 
analyses of complex systems ( Davis & Helton, 2003). The objective when using this design is 
normally robustness testing. The design is used when multiple factors exist and the number 
of runs needs to be minimized. The Latin hypercube design spreads out each factor 
uniformly along its axis for every experimental run which randomizes the designs 
combinations (Steinberg & Lin, 2006). For each parameter value a random number is taken 
from the selected intervals. This means that a value between two levels can be chosen. 
Therefore, the parameters need to be parameterized. This type of generation gives a design 
where most of the pairs in the design have low correlation. However, with a larger number 
of factors the predictors correlate more frequently. The correlated factors make it harder to 
analyze the data and identify the most important factors (Steinberg & Lin, 2006). 
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D-Optimal design 
The D-optimal design is a computer created design based on algorithms which is useful non-
standard designs where it is not possible to apply classical designs of experiments (Eriksson 
et al., 2008). The design is based on a random collection of rows from a larger pool of 
candidates which are selected using minimization criteria. Different to standard designs such 
as factorials and fractional factorials, the D-optimal design matrixes is usually not 
perpendicular. This means that estimations of effects are correlated. (Trutna et al., 2012) In 
case of a particular requirement concerning the number of runs Eriksson et al. (2008) refers 
to model D-optimal design. The D-optimal design is usually chosen when the design needs to 
contain several multilevel qualitative factors (Eriksson et al., 2008).  
 
Regardless of the type of model that is wished to fit or specified objective, the D-optimal 
design is according to Trutna et al. (2012), always an alternative one. Examples of models 
might be: first order, first order plus some interactions, full quadratic, cubic etc. and 
objectives: screening, optimization, response surface etc. The D-optimal design is mainly 
based on traditional optimization and established through selected optimality criterions and 
the model that will be fitted. The criteria used for the selected design should maximize the 
determinant of the matrix X'X, for a given regression model (Eriksson et al., 2008). With 
optimal designs it is possible to select a number of runs in an experiment and specify 
different levels for each factor. This possibility makes the design preferable in many 
situations especially when experiment cost need to be considered. (Brooks Automation , 
1999) According to Brooks Automation (1999), D-optimal designs are the most flexible ones 
of all designs.  
 
The optimality of a given D-optimal design depends on the model. This means that the 
model for the design must be specified before the computer can generate the specific 
combinations. By defining the total number of generation loops for experiments and specify 
the model, the computer algorithm will generate the optimal set of design runs from 
different possible designs. The different sets of designs usually consist of all possible 
combinations of various factor levels that one wishes to use in the experiment. (Eriksson et 
al., 2008) The D-optimal design contains the best subset of experiments chosen from 
different sets. The expression “the best subset of experiments” means that the selection of 
experimental runs must be evaluated to a given criteria. A criterion can for example be the 
number of runs. A disadvantage of the model is that the distribution of points tends to exist 
less in the inner part of the space. Additionally, the design has no focus on Lack-of-fit tests.  
(Brooks Automation , 1999) 
 
A D-optimal designing of an experiment is useful when creating a non-standard design.  
The approach is normally used when solving types of problems such as (Eriksson et al., 
2008): 

 Experiments with an irregular region 

 Multi-level qualitative factors in screening 

 Optimization designs with qualitative factors 

 Desired number of runs is smaller than required by classical design 

 Model updating 

 Inclusion of already performed experiments 

 Combined designs with process and mixture factors in the same experimental plan 
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Generation of a D-optimal design 
When generating a D-optimal design the starting point is randomly chosen. Even though the 
experiment is using the same number of runs the design proposals may slightly vary. 
Moreover, the success of the D-optimal design also depends on the number of design runs. 
According to Brooks Automation (1999) one should add at least five extra runs to 
compensate the error variance.  
 
Maximizing of the determinant 
As mentioned before the D-optimal design maximizes its determinant for the matrix.  
This means that a candidate set which is chosen to be generated with a D-optimal approach 
and has x number of runs, will maximize the determinant of X’X and span the largest possible 
volume in the experimental region. (Eriksson et al., 2008) 
 

To explain the maximization of the determinant an example will be presented. Two factors 
will be investigated in three levels -1, 0 and 1. Figure 41 shows three figures where three 
different points randomly have been placed. The better coverage of the experimental 
region, the greater the determinant gets which improves the regression model. (Eriksson et 
al., 2008) The three experiments from the left picture in figure 41 are chosen and put in the 
matrix, see table 6. 
 

Table 6 – Three experiments makes a matrix 

Constant Factor 1 Factor 2 

1 -1 0 
1 0 -1 
1 0 1 

 
Figure 41 shows to the left the X matrix, in the middle the transposed matrix (X’) is 
presented and the resulting X’X matrix is shown in on the right. 
 

Figure 40 – Comparison of determinant (Eriksson et al., 2008: p. 222) 
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In order to calculate the determinant the X’X matrix is outlined. The diagonals from the top 
left to low right are summed and subtracted with the summed diagonals values from low left 
to high right, see figure 42 
 
 
 
 
 

 
 
Lack of Fit 
The D-optimal approach supposes that the chosen regression model is “correct” and 
therefore “true”. In other words, the experiments selected are maximally suited for the 
model. Because of the models is normally build on the boundary of the experimental region 
this makes the D-optimal approach sensitive to the selection of the model. It is not possible 
to apply the concept of lack of fit on the D-optimal designs and to compensate this, different 
methods are used depending on the software. One method is to add replicates on the 
overall center-point. (Eriksson et al., 2008) 
 

  

Figure 41 – Matrix X, X’ and X’X (Eriksson et al., 2008: p. 223) 

Figure 42 – Calculation of determinant (Eriksson et al., 2008: p. 223) 
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4.3.2 Summary of advantages and disadvantages of designs 

Possibilities and limitations are in this table presented with the purpose of comparing the 
designs.  
 
Table 7 – Summary of advantages and disadvantages of designs 

 Pros Cons 

Full factorial 
(2 levels) 

Tests all possible combinations.  
Identify interactions. 

Too many runs needed. 
Cannot detect quadratic effects 

Fractional 
factorial 

Many factors can be screened in 
fewer runs than full factorial. 
Economical. 

Cannot detect quadratic effects. 
Can be hard to analyze the data 
due to confounded effects. 

Plackett 
Burman 

Reduced number of runs. 
Very economical. 
Can handle super-saturated runs 
(more factors than runs). 

Identifies only main effects. 
Cannot detect interactions. 

CC designs 
(3 levels) 

Can easily be created by 
converting factorial and fractional 
factorial design- from screening. 
Identifies quadratic terms from 
the second order. 

Large number of runs when 
number of factors is more than 
six. 

Box- Behnken Reduced number of runs. 
Quadratic terms. 

Requires three levels. 
Does not cover corners of the 
cube. 
Not possible to combine runs from 
factorial experiments. 

Rechtschaffner 
design 

Accurate model. 
Works with both two and three 
levels. 
Early obtains an indication of 
which terms that are non-
significant. 

Other designs are more economic 
when having less than five factors  

Doehlert 
designs 

Used for multi-level. 
Consider main effects, all first-
order interactions, and quadratic 
effects without any confounding 
effects. 

The same number of levels cannot 
be selected for all factors. 
Not recommended for more than 
five to six factors. 

Latin 
Hypercubes 

Used for multi-level. 
Reduces number of runs. 

Result may be hard to analyze due 
to correlated factors. 
Parameterized. 
Needs software to be generated. 

D-optimal Used for multi-level. 
Considers reduced runs, exclusion 
areas and possible to individual 
models. 
Good when each run is expensive. 
since it reduces the number of 
runs extremely. 

Needs software to consider all 
possible runs which can be time 
consuming. 
Points are tending to exist less in 
the inner part of the space. 
No focus on Lack-of-fit tests. 
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5    Execution strategy 

This chapter describes how the thesis was executed. The reader will get an understanding of 
what has been done in every step of the process to answer the problem statement. The result 
which is relevant to understand in the execution process is also brought up. 

5.1 Preparing: Rating table for comparison of simulation runs 

To understand the relationship between the measured load on the dummy and total scored 
points, a rating table according to the defined limits for the 5th percentile dummy was 
created. In the table the responses from the simulated experiments could be compared with 
each other. The rating table was also used to rate the current restraint components in the 
target vehicle. To compare and calculate the scored points following two steps were made: 

5.1.1 Study and setup of rating table 

To understand the calculation of points when rating a test, a study was made of the Euro 
NCAP rating system. The rating system is described in chapter 4.1. A table in Excel was 
compiled to convert the measured loads on the dummy to scored points. The upper and 
lower limits set for the 5th percentile female dummy by Euro NCAP 2015 were considered 
when scoring the points. In between the higher and lower limits, the achieved points were 
scored through interpolation. The rating system is described in chapter 4.1. 

Study of rating system 

Setup of rating table  

Figure 43 – Process of preparing for comparison of experiments 



39 
 

Figure 44 – Steps of creating a DoE 

5.2 Setup of DoE  

5.2.1 Selection of design 

A research was made among different designs which could be used when creating the DoE. 
The pros and cons of the different designs were compared and evaluated to the design 
requirements given by the project leader. 
 
Requirements for DoE 
As mentioned in chapter 2, approximately hundred control parameters were identified. Due 
to the expenses which come along with modeling and components setup of each input 
parameter, a screening of all hundred parameters was chosen not to be done. An expert 
team was rating the input parameters according to their impact on the measure points on 
the dummy. The highest rated input parameters were chosen for further investigation. A 
screening is usually done to find those parameters which are having a significant effect on 
the response and the range of the parameters. Due to the well-known behavior and the 
evaluation of all parameters in the expert team, screening was not considered as an 
important objective for the study. It was believed that the right range was set and the focus 
could directly be put on finding the optimal region and optimization of parameters. The 
following requirements for the DoE were set by the project leader for the Design for Six 
Sigma project (Unger, 2012): 
 

 Main focus on reduced number of runs (around 65 to 160 simulation) 

 Handling factors with multi-levels (2 factors with 5 levels, 7 factors with 3 levels) 

 Including interaction and higher terms (up to   ) 

 Ability to specify and modify the regression for each response  

 
Argumentation for chosen design 
When reviewing the compiled list with pros and cons of different design used in DoE 
(chapter 4.3.3) a couple of designs were directly considered as not suitable for the study. A 
multilevel design with a number of nine parameters could be generated with full factorial 
design, D-optimal design, Latin Hypercube and Doehlert design. Since the focus was put on 
reducing the number of runs only D-optimal and Latin Hypercube were appropriate 
candidates. In this case the D-optimal design is more suitable since it is creating a design 
using fixed levels in contrast to Latin Hypercube. Latin Hypercube generates a design with 
samples also between the levels (Nitsche, 2012). This means that all component parameters 

Selection of design 

Definition of number of runs 

Evaluate DoE according to worst cases 

Selection of suitable DoE 

Check the correlation of predictors 
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need to be parameterized to be able to use values between the levels, which is resource 
consuming. Moreover, the different design has been discussed with Nitsche (2012), a 
specialist within statistical tools and DoE which also claimed that the D-optimal design was 
the most appropriate one for this type of study with focus on reduced number of runs. 
Another argument for not choosing the Latin-Hypercube design was the availability of 
resources. The statistical programs Minitab and Datalysor, which are used at Autoliv, only 
support the creation of the D-optimal design and not Latin Hypercube design. The D-optimal 
design was chosen as design when conducting the experiments.  

5.2.2 Definition of number of runs 

The statistical software Datalysor suggested as minimum 59 runs for a D-optimal design with 
the given parameters and levels. Due to risk of failure, it was recommended to add at least 
10 to 20 percent additional runs (Nitsche, 2012). Failure can for example occur when a 
simulation fails due to unstable elements. It was also known that some of the runs would be 
worst cases combinations and give information about a corner of the space which was not 
interesting for the study. Since it is always a compromise of reducing the experiments and 
the risk of losing important information due to the reduced runs some additional runs were 
added. In this case the project leader of the Six Sigma project decided to add 31 extra runs 
which reduced the risk of losing important information due to failure and was within the set 
budget of runs .The total number of runs was defined to 90.  

5.2.3 Evaluate DoE according to worst cases 

The starting point for the D-optimal design is randomly chosen which means that the designs 
will be different but still optimal. For every design generated the worst cases of combination 
from the component parameters were identified. A worst case means for example a big 
airbag combined with a low inflator performance which probably results in a bottom out. To 
count the total amount of worst cases in the design, a list in Excel was compiled which 
automatically identified the type of worst case and its number of occurrence. The setting of 
each run was compared to the defined worst cases and when the same combination 
occurred, the function registered a worst case combination within the run, see appendix 9. 
In some cases two worst cases could be observed. By reducing the extreme cases from the 
DoE the matrix was supposed to contain less outliers (Unger 2012). 

5.2.4 Selection of suitable DoE 

Since a DoE design is randomly generated with random starting points the different 
suggested designs were evaluated by comparing the number of worst cases within the 
design. The design with the lowest number of identified worst cases and also even 
distributed among all types of worst cases was selected. The DoE used for the study is 
presented in appendix 10. 

5.2.5 Check of correlation between predictors 

The correlation between predictors should be checked before the design is used. If the 
correlation is high between the terms, it is hard to distinguish from what predictor the 
effects are given. The correlation was tested between the terms in Datalysor, see appendix 
11. 
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5.3 Analysis of DoE 

5.3.1 Analysis in Datalysor 

Creating regression model 
The data with the responses were loaded into the program Datalysor and a regression was 
created for each response. When modifying the regression the following aspects were taken 
into account: 
 
By excluding factors or interactions which did not have a significant effect on the response, 
the model was simplified and easier to analyze and optimize. The terms were according to its 
order of non-significance eliminated, see red columns in figure 46. It was important to 
remember that a main factor, which alone did not influence the response but in interaction 
with other factors or in higher terms, was not allowed to be eliminated. Elimination of main 
factors was only allowed when interactions and higher terms already were eliminated due to 
negligible influence. 

  

Figure 46 – Creation of regression model in Datalysor 

When eliminating a term (main term, interactions and X^Y term) the values of    and 
        were observed. When removing a non-significant term or interaction    and 
       increased, approaching 100 percent. The closer    was approaching 100 percent, the 
better became the regression. All terms which were not significant were removed except for 
the main effects which existed in interactions and higher terms. 

 

Datalysor 

•Creation of regressions 

•Effects and interaction plots 

•Finding optimal region 

Minitab 

•Creation of regressions 

•Effects and interaction plots 

•Finding optimal region 

Figure 45 – Analyze DoE 
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The blue peak shows that the 
head of the dummy was 
bottom out 

Figure 48 – Outlier for HIC36 (dark blue line) 

Once a term was about to be removed the normal probability plot and the residuals versus 
fitted plot were observed to ensure no significant terms were eliminated, see figure 47. The 
distribution of the points in the residual versus fitted plot was observed to secure an even 
distribution among the points. For example if one significant quadratic term was accidently 

eliminated a convex or concave pattern would be displayed in the plot. As mention before 
the normal probability plot was also studied. When shown that a data point tremendously 
deviated from the other points (a so called outlier) it was eliminated to improve the 
regression. However, removing points also increase the risk of losing information in the 
model. Therefore, only the most extreme deviated points were excluded from the model. A 
run which deviated in value from the other runs was studied in more detail to understand 
the reason behind the deviated response. Figure 48 presents an example of an outlier for the 
regression model to HIC36. The blue graph which at 70 millisecond hits a peak confirm that 
the head of the dummy hits the steering wheel and achieved a high value on the HIC36. 

 

 
Effects on response 
To find the significant effects and interactions between the parameters, different plots were 
created from the regression. They are presented in the appendix 12 and 13. 
 
  

Figure 47 – Left: Fitted vs observed. Right: Normal probability plot (Datalysor) 
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Finding optimal region 
When the regressions were modified for all the result parameters an “optimizer tool” in the 
Datalysor was used. To reduce the loads and fulfill the criteria from Euro NCAP 2015 the 
upper limits to optimize the response was set to the limits from Euro NCAP, which would 
achieve a maximum points in the rating system. The “optimizer tool” generates possible 
combinations of parameter settings that fulfill the response. When no possible combination 
for the given limits existed, the limits were slightly modified until combinations were able to 
be generated. Furthermore, the parameters and the responses could be analyzed by looking 
at all the effect plots and interaction at the same time. Figure 49 shows the input 
parameters on the left side and the output parameters on the right side. By manually 

adjusting one setting of the input parameters an overview was achieved of the values the 
result parameters could attain. When looking at the effect graphs and interaction plots for 
each response the known influence parameters could manually be changed back and forth 
to influence the different responses. In this way other settings could manually be found, 
which almost gave the same response as the optimal setting. 

5.3.2 Analysis in Minitab 

Creation of regression model and effect plots 
An additional analysis of the result was made in Minitab to be able to compare the result 
achieved from the analysis in Datalysor. Since the design which was used for the DoE was 
not created in Minitab the responses and the DoE matrix first needed to be defined. When 
the response was identified, effect graphs, interaction plots and response surface plots could 
be created, see appendix 14-16. The regression models were automatically made by Minitab 
after the input and output parameters were defined to the program. Minitab also had the 
possibility to modify a regression and remove non-significant terms. However, when more 
than one response was analyzed, it was not preferable to remove non-significant terms since 
they were then moved for all regressions. One predictor which is not significant for one 
response might be significant for another. Due to the eleven responses that were analyzed in 
this case no non-significant terms could be removed. 
 
  

Figure 49 – Optimize output parameters in Datalysor 
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Finding optimal region 
The optimal region was also found in Minitab. By using a similar “optimizer tool” as the one 
which was used in Datalysor the region was identified when setting target values, upper and 
lower limits for the output parameters, see figure 50. The tool generated an optimal setting 
for the set values, see red marked values in the figure 50. 
 

 

Figure 50 – Optimizer tool in Minitab 

Description of figure 
The red line in the matrix presents the setting for an input parameter. When the line is 
dragged to the left side the parameter has a low setting and on the right side a high. The 
response for a low setting is displayed when the line is dragged to the left side and the 
response for the high setting on the right side. Moving the settings back and forth changes 
the values of the output parameters. By looking at the graph of a regression for an output 
parameter the result when changing the setting can be predicted. For example when 
increasing the first input parameter (DAB diameter) the response chest deflection slightly 
decreased and the Head a3m suddenly increased. The slope of the curves visualizes the 
impact on the response from an input parameter. The steeper the slope of the curve the 
more impact has the parameter on the response. 
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5.4 Optimization of DoE 

 

5.4.1 Confirmation run 
10 different confirmation runs were made to check the accuracy of the regression models in 
Minitab and Datalysor. The chosen settings are presented in appendix 20. 

5.4.2 Selection of regression model 

A comparison was made of all the regression models made in the Datalysor and Minitab. The 
values of the adjusted R-squared for the regressions were compared between the two 
programs. A higher value showed a higher accuracy of the model. In addition, a confirmation 
run was made with the settings from the optimal region. From a setting in the optimal 
region, values from the regressions model made in the programs were compared to the 
values given by the simulated confirmation run. The regression model created in Datalysor 
had the highest value on R-squared adjusted and was therefore a better model. This was 
also proved by the confirmation run when the predicted value in Datalysor and the 
confirmation run was less deviating than the predicted value from Minitab. 

5.4.3 Selection of optimal settings  

From the regression model made in Datalysor all possible combinations (54675 runs) could 
be generated. The data was filtered to only contain the values which fulfilled the 
requirements. Since the chest deflection did not fulfill the lower limit from Euro NCAP, the 
lowest values were included, see appendix 18. The optimal settings found were according to 
the points achieved in the rating table which was based on the limits from Euro NCAP, see 
appendix 19. What is important to know is that an optimal setting which would fit one 
Original Equipment Manufacturer might not be optimal for another due to their different 
standards of components. It was therefore important to optimize in different areas 
depending on what input parameters that were fixed. For instance, a car manufacturer 
might have a large diameter on the airbag as standard. As mentioned before this aspect has 
been chosen as a limitation for the thesis and only the optimal setting which in the best way 
fulfills the requirements will be considered in the thesis. 
  

Confirmation run 

Selection of regression model & 
confirmation run 

Selection  and rating of optimal 
settings 

Analyze with other load cases 

Figure 51 – Optimization of DoE 
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5.4.4 Analysis with other load case  

The optimal setting found for the 5th percentile female was also necessary to be verified by 
the 50th percentile dummy before the components could be defined. The simulation model 
was modified and a 50th percentile dummy was simulated with the same optimal settings. 
The difference in size, weight and position often means that the components need to have 
an adaptive performance. Adaptive functions are for example possible in retractor 
performance, damping function and inflator performance. Adaptive components are costly 
and it was therefore tried to be applied only when no other solutions were possible. The 
achieved responses were evaluated to the limits from Euro NCAP for a 50th percentile 
dummy. The total points achieved for the two load cases (5th percentile and 50th percentile 
dummy) were divided by two and added up to present the total achieved points for the 
category full frontal. To achieve the goal of 15 points, both load cases required 15 points 
each. Total points = (points 5th percentile /2) + (points 50th percentile /2) 

5.5 Definition of component settings 

When the optimal settings for the 5th percentile and the 50th percentile dummy were 
verified the list of definition of requirements was compiled. The list consisted of the 
different components with the different settings for both load cases. 
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Result: DoE 
Result: 

optimize 
Result: 

Confirmation run 

Result: 
additional load 

case 

Definition  

of requirements for 
component 
parameters 

6    Result 

The results from the analysis of the DoE are presented in this chapter and the problem 
statements P3 and P4 are answered. The iterative process of defining the requirements is 
also described. In addition, the comparison of the software Minitab and Datalysor is 
presented, which answers problem statement P2. 

 
 
 

Explanation of figure 
The figure has been compiled to give the reader an understanding of the results which were 
necessary to define the requirements of component parameters. Moreover, two steps of 
modifications were necessary in the study and are also displayed in figure 52, number 2 and 
8. The iterative steps represent the iterative loops, which are also shown in the project flow 
chart, see appendix 1. The optimal solution was selected after the result from the two 
software programs had been evaluated, see number 5. 

6.1 Result of DoE  

By analyzing the DoE the significant predictors for the responses could be found. Each 
response and its influencing predictors are presented in appendix 17. 
 
The responses were evaluated to the given criteria given by Euro NCAP and it was shown 
that the chest deflection was not able to fulfill the requirements. In the table 8 are all the 
responses presented which were considered as the parameters which was important to 
focus on. 
 
Table 8 – Prioritized respones  

First priority to be reduced The critical values Robustness values 

Chest deflection Neck Fz 
Femur right 

Head – Hub 
Head – Steering wheel 
Chest – Steering wheel 

Explanation of the table 
The chest deflection was considered as main priority to be reduced. The critical output 
parameters are responses that were on the margin of not fulfilling the requirements and 
also were necessary to consider. The robustness values are values which must be considered 
due to the risk of a bottom out. 

Modification Modification 

1 

2 

3 

4

  1 

6

  1 

9

  1 

8

  1 

7

  1 

10   1 

Figure 52 – The results necessary to define the requirements of the component parameters  

 
Result: Comparison 
software   1 5

  1 
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The results from the analysis of the DoE made in Datalysor and Minitab indicated a too high 
chest deflection. Reviewing the graphs of the chest deflection led to the result that the cause 
of the high force was a failure in the retractor performance. The retractor was planned to 
switch to a lower force for the 5th percentile dummy, but this was not done during the 
simulations. Since it was found out in the effect graphs, that the retractor performance had 
a significant influence on the chest deflection, it was necessary to modify the performance. 
Hence, some runs were simulated with the adjusted retractor performance to confirm that a 
modified value of the retractor performance would decrease the chest deflection. The 
response from the modified simulations showed a decreased chest deflection and the whole 
DoE matrix was necessary to re-simulate. 

 
Explanation of graphs 
The graphs show a couple of experiments where the belt force has been measured. Each 
colored line represents an experiment. The experiments in the left graph had a failure in the 
retractor performance, which led to the high belt force. The right graph shows the modified 
runs, which were done with the lower retractor performance. 

6.1.1 Modification of parameters 

A new DoE which had the lower retractor performance also contained some additional 
modifications of the input parameter settings. The adjustments were made to decrease the 
high chest deflection since it was found out, when analyzing the curves, that the entire 
possible range had not been explored. The changes of the parameter range were mainly 
made by looking at the effect graphs, interaction plots and the optimizer tool. It was shown 
that the following parameters had a significant effect on the response. 
 
Main parameter: 

 DAB inflator 

 Retractor performance 

 DAB cushion diameter 
 
Interactions between: 

 Column force – DAB cushion diameter 

 DAB inflator performance – DAB cushion diameter 

 

3,4 

Figure 53 – Modification of retractor performance 
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Expanding experimental range 
Since the chest deflection was the major priority to be reduced, additional modifications 
were made within the experimental range. By looking at the trends of the curves in the 
optimizer plots, a lower or higher expansion in range of the parameter could be identified, 
which would decrease the chest deflection, see figure 54. When considering a modification 
of the range for the input parameter, the critical responses, which were on the boarder of 
not passing the requirements, were also taken into account. In addition, the robustness 
values were limiting the optimization since they were also necessary to be considered. 

The parameter settings were dragged back and forth at the same time as viewing the 
interaction plots to understand how a lower chest deflection could be achieved without 
affecting the critical and robustness parameters negatively. It was for instance not suitable 
to increase the diameter of the driver airbag, since it would also contribute to very high 
values on the neck. This was not appropriate since the values on the neck were already on 
the borderline of exceeding the limit to achieve full points. Another argument was that an 
increased airbag diameter and a decreased performance of the inflator would contribute to 
a bottom out effect. The assumption was supported by the minimal distance measured from 
dummy chest and head to steering wheel in the simulation when going with the parameters 
in that direction of settings. The distance between the chest and the steering wheel was 5 to 
10 mm in the combination of a large airbag diameter and a low inflator performance. Those 
values were not within the safety margin and if both settings would be increased in range it 
would most likely result in a contact between dummy and component. The possible changes 
of the parameter range were defined and are presented in table 9. 
 
Table 9 – New settings of input parameters 

 

 Level 1 Level 2 Level 3 Level 4 Level 5 

DAB damping function -50% -25% 2*32mm 25% 50% 

New setting: DAB damp -25% 2*32mm 25% 50% 75% 

DAB inflator performance -30% (150kPa) 
-20% 
(170kPa) 

-10% (190kPa) 
ADPS 1,5 
210kPa 

10%  
( 230kPa) 

New setting: DAB infl 
performance 

-40% 
-30% 
(150kPa) 

-20% (170kPa) -10% (190kPa) ADPS 1,5 210kPa 

Retractor performance function Modified to it switch on to the lower level  

Steering column function --15% ( 2,1kN 1-2,5 kN +15% 2.9 kN   

New setting: DAB infl 
performance 

-20% 1-2,5 kN -20%   

Figure 54 – Possible adjustment to reduce chest deflection 
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6.2 Results from new DoE and optimization 

The new DoE was simulated and analyzed in the same way as described in the executing 
phase in 5.3.1 and 5.3.2 (Analysis in Datalysor and Minitab). The optimizer plot made in 
Minitab and Datalysor indicated a quite high value of chest deflection which still did not 
fulfill the limits set by Euro NCAP. Figure 55 presents a fully optimized response for chest 
deflection which in this case attained 22 mm. To achieve full points by Euro NCAP a chest 
deflection less than 18 mm has to be reached. 

The optimized value for the chest deflection mentioned above is not realistic due to the 
other responses that also had to be taken into account. When only focusing on one response 
the other critical values and robustness values were not considered and achieved 
unacceptable values. When a compromise met the conflict demands for chest deflection, the 
critical and robustness responses, another optimized setting was achieved.  
 

The main focus was still put on reducing the chest deflection but without exceeding the 
limits for the critical result parameters and the robustness parameters. In this case a chest 
deflection of 24 mm was achieved, see figure 56. Two optimized solutions were found, one 
in Minitab and one in Datalysor. 
 
Table 10 – Optimal solutions from Minitab and Datalysor 

Program DAB 
dia 

DAB 
Shape 

KAB 
Shape 

KAB 
damp 

KAB 
inflator 

Retractor 
perf. 

Steering 
column 

DAB 
damp 

DAB 
infl 

Minitab 640 1 1,5 1 1 0,35 0,8 1,75 0,7 

Datalysor 640 1 1,5 0 0,9 0,35 0,8 1,25 0,7 

 

  

Figure 56 – Leveled optimized response for chest deflection (Minitab) 

Figure 55 – Fully optimized response for chest deflection (Minitab) 
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6.3 Comparison of regression models in Minitab and Datalysor 

To compare the two regression models made in Datalysor and Minitab, the values of the 
adjusted R-squared of the responses were compared, see table 11. 
 
Table 11 – Comparison of accuracy in regression model made in Datalysor and Minitab 

Datalysor Minitab 

 R-Sq R-Sq(adj)   R-Sq R-Sq(adj) 

Head_STW [mm] 99 98 Head_STW [mm] 99 99 

Head_Hub [mm] 99 99 Head_Hub [mm] 99 99 

Chest_STW [mm] 97 97 Chest_STW [mm] 99 98 

HIC36 95 93 HIC36  95 85 

Head_a3ms [g] 89 87 Head_a3ms [g] 92 78 

Neck_Fx_pos [N] 90 89 Neck_Fx_pos [N] 93 81 

Neck_Fz_pos [N] 99 98 Neck_Fz_pos [N] 93 80 

Neck_My_neg [Nm] 98 97 Neck_My_neg [Nm] 91 74 

CHST_defl [m] 97 96 CHST_defl [m] 98 93 

CHST_a3ms [g] 90 87 CHST_a3ms [g] 94 84 

Fem_li [N] 100 99 Fem_li [N] 99 99 

Fem_re [N] 100 100 Fem_re [N] 100 99 

 
Explanation of table 
The table shows in total higher values on the adjusted R-squared in Datalysor than in 
Minitab. This means, that the regression models in Datalysor are more accurate to the 
simulation than the ones made in Minitab. It is also proved in the next subchapter 
(confirmation runs) where the deviations of the confirmation runs for the two regression 
models are presented.  

6.4 Confirmation runs 

Ten confirmation runs were made to evaluate how well the model was fitting the simulation. 
One of the runs which were chosen as confirmation run was the optimal setting found in 
Datalysor. To make a fair comparison, the average deviation from ten confirmation runs was 
compared. The total amount of deviation is presented in table 12.  
 
Table 12 – Deviation from regression model to confirmation run 

 Head
_STW  

HEAD
_HUB  

CHST
_STW  

HIC36 Head_a
3ms  

Neck_Fx
_pos  

Neck_Fz
_pos  

Neck_M
y_neg  

CHST_d
efl  

CHST_a
3ms  

Fem_li  Fem_re  

Average 
deviation 
Datalysor 

28,42
% 

27,45
% 

37,21
% 

14,51% 8,87% 4,54% 5,72% 3,91% 2,51% 1,52% 3,51% 0,48% 

Average 
deviation 
Minitab 

16,57
% 

23,33
% 

41,89
% 

14,44% 13,61% 40,12% 19,45% 14,92% 3,53% 2,31% 2,27% 0,52% 

 
Explanation of table 
The table shows a comparison of the predicted values from the regression models made in 
Datalysor and Minitab with the response from the confirmation run. The row “Average 
deviation” presents the deviation between the model and the confirmation run in percent. 
The table is divided in two parts: grey marked numbers, which are distances and the black 
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marked part, which represents the response parameters rated from Euro NCAP. Both models 
made in Datalysor and Minitab indicated a high deviation regarding the distance of the 
dummy position to the components. In contrast to the measured distances, the response 
parameters tended to have a lower deviation. The HIC 36 was for both regression models 
differing with approximately 14,5 percent. Except for the HIC 36, the regression in Datalysor 
tended to be much more accurate than the one made in Minitab. The parameters which 
were seen as the most critical ones (Neck Fz, chest deflection, femur right) were also better 
described in the model made in Datalysor.  

6.5 Result of analysis of another load case 

The identified settings for the 5th percentile female dummy also needed to fit for the 50th 
percentile dummy, see figure 57. It is generally more difficult to find an optimal setting for 
the 5th percentile female dummy due to its close sitting position to the steering wheel and 
since smaller dummies handle lower loads.  

Due to the size and the position of the 50th percentile dummy, an optimal solution for the 5th 
percentile dummy would not be expected to fully fit the 50th percentile dummy without 
adaptive components. With adaptive components it is possible to minimize the loads on the 
dummy. Adaptive components are an economical issue due to its expenses. It is possible to 
make the following components adaptive depending on the load case: DAB diameter, KAB 
inflator, Retractor performance, DAB vent and DAB inflator. Finding a solution that fits both 
the 5th percentile female and the 50th percentile male means, that some of the requirements 
have to be compromised, which also means sacrificing points.  
 
In the confirmation run for the optimal setting for the 5th percentile female, the minimum 
distance from the dummy to the steering wheel was measured to approximately 30 mm. 
Because of the size and weight of a 50th percentile dummy, a higher force was needed to 
hold back the upper body and the head to avoid a bottom out. Since the DAB inflator 
performance was the strongest influence on the distance from the dummy head and the 
steering wheel it was chosen as adaptive. A first confirmation run was made for the 50th 
percentile dummy with the optimal settings for the 5th percentile dummy with an adaptive 
DAB inflator. The performance was increased to 90 percent of the performance of a 
standard inflator. The motivation of choosing 90 percent and not 100 percent which is 
normal for a 50th percentile dummy was the risk of achieving a hard airbag since the airbag 
diameter was small. 
  

  

Optimal solution for 5% female Optimal solution for both 5% and 50% dummy 

5% 50% 

Figure 57 – Finding optimum for two load cases 
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Table 13 – Compromised solution to fit both 5

th
 percentile and 50

th
 percentile dummy 

 

DAB_
dia 

DAB_sh
ape 

KAB_sh
ape 

KAB_v
ent 

KAB_
Infl 

Belt
_f 

colum
n_f 

DAB_v
ent 

DAB_
Infl 

Head_
STW 

Head_
Hub  

Chest_
STW 

FF 5% 640 1 1,5 0 0,9 0,35 0,8 1,25 0,7 30,39 33,60 7,25 

ODB 
50% 640 1 1,5 0 0,9 0,35 0,8 1,25 0,9 0,00 15,56 51,89 

ODB 
50% 640 1 1,5 0 0,9 0,5 0,8 1,25 0,9 0,00 26,81 65,62 

ODB 
50% 640 1 1,5 0 0,9 0,65 0,8 1,25 0,9 0,00 40,26 77,26 

 
Explanation of the table 
The table shows four runs with almost the same setting except for the setting of the 
retractor performance and the DAB inflator performance. The first row shows the optimal 
setting for the 5th percentile female dummy and the following three rows present the same 
settings for the 50th percentile dummy but with adaptive retractor and DAB inflator 
performance. The red marked squares display the distance between the dummy head and 
the steering wheel which in this case is zero. 
 
The result from the evaluation of the responses was extremely good and the responses 
gained full points for all categories except for tibia. In contrast to the 5th percentile dummy, 
the tibia was rated for the 50th percentile dummy and included in the total points. Even 
though the solution achieved full points it was not chosen due the distance between the 
head and the steering wheel which was zero. This means there is a contact of the head and 
steering wheel, which will cause a modifier. 

6.5.1 Modification of analysis of other load cases 

By reviewing the animation from the simulation it was observed that the upper body of the 
dummy was necessary to hold back to prevent a bottom out of the head. The retractor 
performance was therefore increased to decrease the upper body movement. Additionally, 
the inflator performance was increased to full performance since it was shown in the first 
runs (table 13) that the impact on the head was very low. The modified settings are 
presented in table 14.  
 
Table 14 – Compromised solution to fit both 5

th
 percentile and 50

th
 percentile dummy 

 

DAB_
dia 

DAB_s
hape 

KAB 
shape 

KAB_
vent 

KAB_I
nfl 

Belt
_f 

colum
n_f 

DAB_v
ent 

DAB_I
nfl 

Head_S
TW 

Head_
Hub  

Chest
_STW 

FF 5% 640 1 1,5 0 0,9 0,35 0,8 1,25 0,7 30,39 33,60 7,25 

ODB 
50% 640 1 1,5 0 0,9 0,8 0,8 1,25 1 15,96 71,91 91,85 

 
Explanation of the table 
The table presents the modified settings with higher retractor performance and full output 
from the DAB inflator. The adjusted settings led to more distance between the dummy head 
and the steering wheel.  
 
The modified settings for the adaptive solution for the 50th percentile dummy achieved 15,2 
points of 16 points in the rating from Euro NCAP, see appendix 21. One remark to the result 
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is the distance between head and steering wheel which needs to be observed and validated 
in the real sled test. 
 

6.6 Definition of components  

It was verified that the optimal setting with the adaptive components was also suitable for 
the 50th percentile dummy. In Euro NCAP both tests are calculated as the point to the 
category, frontal impact within the adult occupant protection “box” (chapter 4.1.2) and can 
achieve 16 points together. The points from each category are therefore divided by 2 before 
they are summed up to the total score. 
 
Table 15 – Definition of components to achieve 5 stars in Euro NCAP 2015 

System recommendations   

Boundary conditions from Vehicle 
FF 50km/h Driver 5th 
percentile 

ODB 64km/h Driver 50th 
percentile 

  Euro-NCAP Target  7,5 points 7,5 Points% 

  Interia conditions average 

  crash puls 50km/h OLC 32   

  Steering column Adjustable with ride down  

  Pelvis movement  < 100mm   

Driver Airbag     

  inflator technology 70% 210kPa 

  cushion diameter 640mm seam to seam 

  cushion shape Head orientated (Chest depth -50mm) 

  vent (mm²) 2010 2010 

KAB (Autoliv)     

  inflator technology pyrotechnical ASP 2 GEN 21 MRR 

  KAB depth 130mm 

  cushion concept 2D 

  vent no 

Seat belts   

  Pre-tensioning retractor pre-tensioner 

  load limiter 2 kN 4kN 

  Lap belt pre-tensioner no 

Steering column   

  steering column characteristics deformable column 3kN slightly progressive 

EURO-NCAP Points 
7,49 7,60 

15,1 
 
Explanation of the table 
The table shows the defined components which are expected to achieve five stars in Euro 
NCAP 2015. The orange fields indicate adaptive functions of the components. The last and 
the second last rows present the points achieved for the two load cases and the total 
achieved points. 
 
In the simulation of the 5th percentile dummy it was shown that the chest deflection was 
higher than the one measured in the real sled test. This has not been considered when 
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calculating the points above. If the difference is as big as shown in the chapter 2.1.7, this 
would mean that the chest deflection would decrease with 5 to 6 mm and four points for 
chest deflection would be achieved. This gives the conclusion that at least 15,1 points are 
expected to be achieved. 
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7    Analysis and discussion 

In this chapter the result of the analysis and the selection of design are discussed and 
analyzed. Furthermore, an evaluation of the software is presented which answers the 
problem statement P2. The chapter ends with a sub-chapter where the lessons learned is 
presented. 

7.1 Design of Experiments 

The method Design of Experiments was determined as a successful method of finding an 
optimal components setting. As a result of a systematical way of building a mathematical 
model, the reality could be well presented by executing a limited number of runs. The 
systematical way of combining relevant experiments that covered the whole experimental 
space was useful since it was an economical way of finding out a lot of information with a 
reduced number of experiments. As mentioned earlier Eriksson et al. (2008) stated that even 
though the DoE does not fully match the reality, it is still a good basis for making decisions. 
The statement has in this study been proved and is agreed upon by the writer. When 
executing a confirmation run the model only showed a small deviation on the critical values 
to the observed values and was seen as accurate enough to be used as basis for making 
decisions. The selected design for the experiments was successful, despite the writer is not 
convinced it was the most economical design for the study. The aspect is further described in 
chapter 7.2.2”Investigation of screening designs”. 

7.1.1 Variance 

As mentioned a couple of times by now, the DoE is not only giving an approximate model of 
the reality. The optimum for some settings might be found easily, but what also needs to be 
considered is the robustness of the optimum. Due to variation, which always exists, the 
performance in the real sled test might vary. When analyzing the data an optimal region and 
an optimal setting were found. It is believed that an even more improved setting could be 
found, if the optimal region was further investigated with parameter levels only apportioned 
within the optimal region. On the other side, it would contribute to more experimental runs, 
which in the end would probably not make a difference to the result due to the variance of 
noise parameters in the real sled test. Since it was known that a particular variance existed 
in for example component performance and crash performance, the optimal setting needed 
to have certain safety margins. When filtering the optimal solutions, a calculation of 10 to 20 
percent safety margin on each response was added to be able to handle some variance. For 
some responses the margins were more than completely fulfilled. The critical parameters 
were however difficult to combine in a way that all parameters would achieve a safety 
margin within 10 to 20 percent of achieving full points in Euro NCAP 2015. Since the optimal 
setting was found in a deterministic model it is really important to verify that the optimum is 
robust since no noise variance were taken into account in the analysis. Eriksson et al. (2008) 
mentioned in an earlier chapter that the purpose of robustness testing is to control the 
factors that might have an impact on the system to secure that the response is not 
exceeding given specifications. This is an important step which must be put in focus and 
should not be omitted. Even though it is a lot of work to check the noise variance of all 
components, it is worth the effort since it can prevent errors from occurring later in the 
developing process. Also as Tegel et al. (2000) stated the approach put a lot of effort in the 
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front end of the project which also has been confirmed in this study. By executing a so called 
Monte-Carlos simulation, the robustness of the optimal settings can be checked. The 
optimum setting is simulated with different combinations of normal distributed noise 
parameters and the effect on the optimum is investigated. Furthermore, the probability of 
occurrence of the different combinations is calculated. This type of simulation is resource 
demanding since it requires a lot of extra runs. Another alternative is to check the impact of 
the component parameters direct in the model. In the optimizer plot it is possible to change 
the component parameters according to the known variance to examine the change in the 
response. However, other noise parameters such as variance of speed and crash pulse etc. 
need to be investigated and require a model setup and simulations.  

7.2 Evaluation of chosen design 

7.2.1 Selection of levels for parameters 

The selection of levels was subsequently evaluated in order to determine if the number of 
levels has been selected right. The number of runs to create a representable model depends 
on the number of parameters investigated and also on the number of levels for each 
parameter. It was found that the DAB damping function which was chosen to five levels 
barley had an impact on the response and was not considered as necessary to be 
investigated in more than three levels.  
 
The plan of making a D-optimal plan was to optimize the input parameters with reduced 
runs. From the beginning, it was not considered as necessary to explore the range of the 
parameters since the range was seen as suitable for the study. However, when realized that 
the chest deflection was too high, the range of explored parameters was examined and it 
was found out that they could have been chosen wider. A lesson learned from this project is 
that a simple screening of the factors is powerful and should not be underestimated. The 
influencing parameter might be known from experience in that area but the explored range 
of the parameters might not have been easy to define without experiments. Since a 
screening requires a low amount of runs, the total amount of runs could have been reduced 
when the “right” range had been defined from the beginning. An investigation of a reduced 
screening design is presented below.  

7.2.2 Investigation of screening designs 

Since the goal of the study was to optimize the system with a reduced number of runs an 
investigation has been made of the possibility to use a reduced screening design to explore 
the range of the input parameters before optimization of the parameters. The Plackett 
Burman design is according to Haaland (1989) suitable for screening factors with very few 
runs, which was the reason why the design was chosen. In the Plackett Burman design it was 
also possible to attach a center point to detect curvature. The parameter levels were set to 
two levels, high and low values and one additional experiment with the center point was 
added. This means that no parameter could be investigated in five levels as in D-optimal 
design. However, as discussed before the screening would give the experimenter enough 
information of the most significant parameters, an insight of where the optimal region was 
located and if the parameter range had been chosen correctly. The created Plackett Burman 
design contained in total 13 experiments instead of the 90 experiments, which were used in 
the investigation with the D-optimal design, see appendix 22. 
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When analyzing the result achieved with the Plackett Burman design, it was found out that 
the outcome was very similar to what was found in the first DoE with D-optimal design. From 
the screening executed with the Plackett Burman design the same influencing main 
parameters response and the optimal region for each response could be identified. It was 
also possible to make the conclusion that the chest deflection was too high and what 
possible changes in settings could lead to a reduction of the load. Additionally, the same 
modifications of the parameter settings were found by looking at the optimizer plot for the 
screening result. The comparison of the outcome from the first analysis of the data from D-
optimal and Plackett Burman design is shown in appendix 23. Trutna et al. (2012) claimed 
that the screening was useful to get an insight of the range of the experiments. This was also 
proven through the comparison. It is important to be aware that the Plackett Burman design 
presupposes that all interactions are negligible when comparing with few significant main 
effects. A system where the interactions and effects are non-familiar might therefore be 
better suited for another screening design. 
 
In conclusion, a screening would have been useful in this study to get a feeling if the range of 
the parameters were selected right. Even though the experimenter has experience of the 
range of possible parameter settings, it can easily be checked if the correct range has been 
chosen. If the screening design Plackett Burman would have been chosen, the first DoE could 
have contained almost 80 percent less experiments. 

7.2.3 Worst cases 

Due to the experience of the parameter behavior, it was already known in the early stages of 
the thesis, that some parameter combinations were not wanted in the model. Therefore, the 
number of worst cases for the designs was evaluated and the design containing the lowest 
number of worst cases was taken away. Instead of trying to reduce the worst cases, another 
possibility could be to choose a design where the worst cases edges are excluded. To create 
such a design special software is needed. By excluding the areas which are uninteresting, the 
total number of runs could be reduced since all runs would then be in the interesting area 
which should be investigated. 

7.2.4 Improvement of regression model 

It was shown in the comparison between the programs that improvements of the regression 
model can be achieved when outliers are eliminated. Since the outliers are rapidly changing 
the pattern of the response values in the regression, it can be difficult to find a regression 
which fits perfectly to both the normal behavior and the outliers, see figure 58. By having in 
mind the minimal distance between dummy and steering wheel/chest, all runs which 
resulted in contact with the steering wheel could be removed for the regression HIC36 or 
Head a3ms. This would mean that the highest peak values in the regression, which occurs 
with a low performance of inflator, would be removed. Removing the values would result in 
a better fitted regression to the reality, see figure 58. 
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Other peak values are shown on the right side in the graph where a high inflator 
performance is shown. The higher values are achieved due to a hard airbag. This happens 
when the airbag is small and the inflator has a high performance. By excluding these values 
an even more accurate model could be created. However due to other aspects this is not 
wished since the area might still be used when other compromising requirements also have 
to be fulfilled. The right side with the high peak is never an appropriate setting (worst case) 
since it is achieved due to the bottom out effect. Even though the left graph gives a worse 
model of the response it might still be useful since the total optimum is not wanted due to 
very small distance to the steering wheel and the dummy head.  
 
The regression models for the distances from steering wheel to dummy chest/head were 
also assumed to have the same deviation due to a lot of outliers. As shown in the histogram 
on the right in figure 59, there are a lot of values that attain zero due to bottoming out. The 
other values are creating a shape of a normal distributed curve. By including all values that 
are zero their influence on the regression is higher which is believed to make the model 
more accurate to the reality.  

7.2.5 D-optimal  

Executing a DoE can sometimes be very costly depending on the type of experiment. After 
gaining experience about D-optimal design in the thesis, the writer would like to express the 
power of using D-optimal design in cases where the runs are limited. Being able to select the 
number of experiments within the design is an advantage since many of the other designs 
have a defined number of runs. However, when choosing the number of experiments it is 
important to be aware that important information can get lost when reducing the number of 
runs. Therefore, the writer thinks it is essential that the correlations of the predictors in the 
design are investigated before the design is used. If a higher correlation is found, adding 
more runs should be considered. If the correlation is too high between the predictors the 
effect might not be put on the right predictor and the analysis might be false. Another 

Bottom 
out effect 

Hard airbag 

Figure 58 – Left, No outliers have been taken away 

Figure 59 – Left, No outliers eliminated 
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advantage of the design is its possibility to include all different terms which makes sure all 
relationships are examined. That is also an argument why D-optimal design is always an 
alternative when choosing a design according to Trutna et al. (2012). 

7.3 Evaluation of the analyses in Minitab and Datalysor 

Minitab and Datalysor were the two programs, which were used when analyzing the data 
from the experiments. Advantages and disadvantages were found when working with both 
software programs and in this sub-chapter the programs are evaluated. 
 

7.3.1 Generation of Design for experiments 

In Minitab it is possible to create a lot of different designs for the experiments. A D-optimal 
design can be created by first creating a full factorial design and then reducing the runs with 
D-optimal design. When the design is about to be reduced, Minitab does not tell how many 
runs are needed at least. To know what the minimum number of runs is for the design, the 
experimenter has to try it by hand. In contrast to Datalysor the minimum number of runs is 
displayed from the beginning after the number of parameters and runs have been defined.  
 

7.3.2 Creation of regression models 

The creation of the regressions in the two software programs was done differently 
depending on the ability of the software. In the software Datalysor, both predictor and runs 
could manually be included or excluded for each response. When each response has been 
analyzed, the regressions could be combined in an optimizer function. Minitab was able to 
remove predictors in the regression from one response. However, in this case 11 responses 
were investigated and since it was not possible to remove different predictors for different 
regressions and then combine them in the optimizer function, no predictors could be 
removed from the regression. According to Rumsey (2009) the model should contain as few 
predictors as possible. Since no predictors from Minitab could be removed it can be 
concluded that Datalysor is more suited for the creation of more than one regression.  
 
Another difference from the two programs was that Datalysor included higher terms such as 
x3 and x4 and could also exclude outliers in the regressions. To comprehend the importance 
of including the higher terms in the regressions, the terms from the regressions made in 
Datalysor were further analyzed. It was found out that the x3 and x4 terms were only 
included in three of the 11 regressions for the responses, see appendix 17. By removing the 
x3 and x4 terms the R-squared was reduced from 95 percent to 94 percent and the R-squared 
adjusted from 93 percent to 92 percent for the response HIC36. For chest deflection the R-
squared was reduced from 97 percent to 96 percent and the R-squared adjusted from 
96percent to 95 percent. The third response which contained higher terms was chest a3ms 
and R-squared was reduced from 95 percent to 94 percent and the R-squared adjusted from 
93 percent to 92 percent. The impact of the higher terms for the HIC36 and chest deflection 
was negligible and low for the chest a3ms. This shows that the terms only had a very low 
impact on the regression. Including terms that barely have an impact on the response makes 
a regression more complex and does not really contribute to a significant better model. In 
this case it was not considered as necessary when finding the perfect range for experiments 
and also not for the optimization of the results.  
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Datalysor Minitab 
 R-Sq R-Sq(adj)   R-Sq R-Sq(adj) 

HIC36 95 93 HIC36  95 85 

Head_a3ms [g] 89 87 Head_a3ms [g] 92 78 

Neck_Fx_pos [N] 90 89 Neck_Fx_pos [N] 93 81 

Neck_My_neg [Nm] 98 97 Neck_My_neg 
[Nm] 

91 74 

CHST_defl [m] 97 96 CHST_defl [m] 98 93 

CHST_a3ms [g] 90 87 CHST_a3ms [g] 94 84 

 

Outliers  
A couple of responses were containing some outliers which are shown in figure 60 (residual 
versus fitted plot). When the points are unevenly distributed which is shown in the plot, it 
contributes to a less accurate regression model. 

 
In Minitab it was not possible to eliminate different runs for different regressions. When 
eliminating one run, the same run was also excluded in the other regressions. An outlier in 
one regression might not be an outlier in another one and by reducing all runs with outliers 
from all regressions a too large amount of information would get lost. In Minitab outliers 
could only be eliminated when one response was representing the output of the system, as 
the predictors mentioned earlier.  
When creating the regression model in Minitab no outliers were eliminated which gave the 
regressions from Minitab a slightly lower value on the adjusted R-squared. This means that 
the regressions from Datalysor were better fitted to the data than the regressions in 
Minitab. By collecting the information of the regressions from Datalysor and Minitab the 
adjusted R-Squared could be compared. In half of the cases the regressions almost had the 
same R-squared. Table 15 below presents the adjusted R-squared which differentiates 
between the regressions made in the different software programs. The difference in the 
value of the adjusted R-squared depends on the removed outliers and is therefore making a 
better model for the response.   
 
Table 16 – Comparison of regression from Minitab and Datalysor 

 

Figure 60 – Outliers 
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It is seen in the table that all of the adjusted regressions made in Datalysor exceeded 80 
percent in contrast to the adjusted regressions created in Minitab, see table 10. According to 
Rumsey (2009), the close the R-adjusted model approach 100 percent, the better is the 
model. In this case the R-adjusted values for Datalysor are higher than the one for Minitab 
which proves that the regressions made in Datalysor are better. 
 
The optimizer tool 
The optimizer tool in Minitab gave a better overview of how the parameters influenced the 
responses than the one in Datalysor since it displayed the regression curves of the 
responses. The good overview made it easy to understand how a parameter setting could be 
changed to increase or decrease the response. In contrast to Datalysor this was not 
displayed and the effect graphs and interaction plots were used on the side to get a feeling 
of how the response would change when moving the parameters back and forth. Since the 
optimization plot in Minitab was based on the regressions without the higher terms, they 
were also excluded in the optimized tool. However, as earlier confirmed in the analysis they 
did not have a significant influence.  
 
When searching for other optimal solutions within the optimal region both programs had 
the possibility to set targets, upper and lower limits to generate optimal solutions within the 
set area. In Minitab the most optimal setting was displayed in the optimizer plot and the 
other solutions which also fulfilled the requirements were displayed in a “season window”. 
This was inconvenient since the settings with the responses were ordered one by one. In 
contrast to Minitab, Datalysor was displaying the settings and responses that fulfilled the 
requirements in a list. This made it possible to copy the list into Excel, where it could be 
filtered and the solutions could be compared. 
 
User-friendliness 
Minitab was the software which was considered as the more user-friendly. Graphs and plots 
were easy to create and a help function was always available for explanations if the plot was 
not understood. Datalysor, which is a self-developed software from Autoliv is still under 
development. The functions need to be explained before it is possible to use the software. 
Right now it is not considered as self-explaining but it has good potential for improvement.  
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7.3.3 Summary of pros and cons in Minitab and Datalysor 

In this sub-chapter the strengths and weaknesses mentioned above are summed up.  
 
Table 17 – Summary of pros and cons found in Minitab and Datalysor 

Strengths and Weaknesses of the statistical software, Minitab and Datalysor  

M
in

it
ab

 

+ Many possible design to choose between. 
+ User-friendly. 
+ Help function available. 
+ Optimizer tool displays regression curve which makes it easier to get a clue 
of how to change a setting. 
 
- Cannot remove outliers or runs (for <1 response). 
- Cannot remove predictors in the regression (for <1 response). 
- Do not include higher terms in the regression (not <  ). 
- The optimal solutions found in the optimizer function are hard to compare 
due to their bad formatting. 
- Do not display the minimum amount of runs when creating a D-optimal 
design (user have to try to find the minimum by him/her-self). 
 

D
at

al
ys

o
r 

+ Include higher order of terms. 
+ The optimal solutions found in the optimizer function are easy to compare to 
each other due to the formatting. 
+ Possibility to remove outliers for each response. 
+ Possibility to remove predictors in the regression. 
+ Possibility to create a D-optimal design with different levels of the 
parameters. 
 
- Limited in the selection of designs. 
- Less user-friendly. 
- Not displaying trends curves in optimizer function. 
 

 

7.3.4 Confirmation run 

In the study it was important that confirmation runs were executed since it was not possible 
to do a lack of fit test to confirm that the regressions were true. The number of the 
confirmation runs chosen and also which runs were selected as confirmation runs are 
discussed in this sub-chapter. 
 
The confirmation runs used were all optimums with a focus on different settings on the 
retractor performances due to an additional aspect which needed to be investigated 
(excluded from master thesis). The consequence was that a lot of settings were quite similar 
in their combinations since all were optimums. Choosing combinations which only represent 
a small area of the whole regression might not be a representative combination if the fit of 
the whole regression model is to be evaluated. When comparing the two models it could be 
a risk that one of the models would fit better in the investigated area than to the whole 
area. Thus, it would have been fairer to compare different combinations of settings as 
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confirmation runs to the values from the regression models in the two software programs. 
However, the aim of the study was to find the optimum and the confirmation runs selected 
are therefore considered as suitable since most of them are within the optimal region. For 
other objectives when the optimum is not in focus it is important that the combination of 
the settings selected for the confirmation runs are well spread out. Objectives are for 
example models which are created to describe a system and when different combinations of 
settings are examined. 
 

7.4 Result 

The optimized settings resulted in a chest deflection of 22mm, which was still considered as 
too high according to the limits set by Euro NCAP. The other loads on the dummy did fulfill 
the requirements and achieved the maximum amount of points. The high chest deflection 
was from the beginning classified as too high and was during the whole analysis and 
optimize phase in focus of being reduced. In chapter 2, “Current situation”, it was mentioned 
that the measured values of the chest deflection were slightly different in the simulation and 
the real sled test in the crash lab. The simulation showed a higher value of five to six mm. If 
the difference between the simulation and the sled test is constantly the same for different 
values of the chest deflection, the chest deflection in a sled test for this study would attain 
16 to 17mm. Since the limit of achieving full points was set to 18 mm, this would mean that 
full points in the rating could be reached. Since it is not exactly known how much the chest 
deflection will decrease in the real sled test, full points cannot be guaranteed. However, it is 
known that more points will be achieved than the scored points in the simulation. This 
means that the goal of achieving 15 points is more than fulfilled.  
 

7.5 Own thoughts  

Time plan 
Looking back at the time plan that was made in the beginning of the thesis, the plan could be 
followed with only a couple of weeks delay. The reason for the delay was the extra time 
needed for the model setup and the simulations of runs which took more time than planned. 
Furthermore, redoing the analysis took more time than scheduled due to the new definition 
of the range of the parameters. 
 
Source of error 
Due to the failure of the retractor performance, which did not switch to lower force the DoE 
had to be resimulated again since the chest deflection was too high. The waste of time could 
have been avoided if a few simulations had been run and analyzed before the whole DoE 
was simulated. Also one component, the KAB cushion shape, was showing a lot of errors in 
the smallest setting. The errors were also found in the second DoE and should have been 
further investigated and corrected before the second DoE was simulated. Another mistake 
of the simulation model was found rather late in the optimization step. When looking 
carefully between the dummy pelvis and seat, it was found in the animations, that a couple 
of elements on the dummy were trapped with the seat. When comparing a run with and 
without trapped elements it was shown that the difference between the runs was small. The 
non-trapped run was having a rather higher force on the right femur due to slightly more 
movement of the pelvis. Moreover, the load on the chest was slightly reduced. Since the 
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difference was diminutive the runs for the DoE were not resimulated. This type of model 
failure could have been avoided by examining some trial runs before the whole DoE was 
simulated.  

7.5.1 Complementary tool 

To understand the responses from some simulations which were not clear at first sight, the 
animations of the simulation were useful as a complementary tool. The optimization plots 
were also reviewed and influences which seemed diverge were investigated additionally. 
When comparing the load on the right and left femur the right load was significantly greater. 
In addition, the KAB cushion shape function contributed in smaller settings to a positive 
influence on the left femur and a negative influence on the right one. When reviewing the 
animations from the simulations it was found that the left foot was sliding forward during 
the deployment of the knee airbag and therefore reduced the load on the left femur. Due to 
the right foot’s position on the gas pedal the foot kept its position during the crash which 
contributed in an increased load on the femur, see figure 61 In this case it was possible to 
find the root cause for the divergently behavior. However, in other experiments, where the 
experiment is not automatically recorded, this would be preferred as a complementary 
analyzing tool. 

 
 
 

  

Figure 61 – The KAB cushion shape has different impact on the right and the left leg 
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8    Conclusion 

The method Design of Experiments was determined as a successful method to identify an 
optimal component setting. The D-optimal design was used for the thesis and found as the 
most suitable design since it included different levels on the factors and significantly reduced 
the number of experiments. The D-optimal design was considered as suitable for 
optimization of parameters, however it was found as preferable to first execute a simple 
screening of the parameters to ensure that an appropriate range of the parameters had 
been selected. In this case, a screening with Plackett Burman would have required 80% less 
experiments to investigate the selected range of the parameters. The regressions created in 
the two software programs, Minitab and Datalysor, were compared and the regressions 
made in Datalysor were determined as the more suitable software program since more than 
one response could properly be investigated. Datalysor has for example the possibility to 
remove different outliers and non-significant predictors for different regression which was 
not possible for Minitab. To fulfill the requirements from Euro NCAP 2015 and achieve five 
stars, the optimal component parameters for the 5th percentile dummy should have the 
following characteristics: 
 

  

Component: Setting: Component: Setting: 

KAB Vent (mm²) no Steering column 
characteristics 

Deformable column 3kN slightly 
progressive 

KAB  inflator technology Pyrotechnical ASP 2 GEN 21 MRR DAB vent (mm²) 2010 

KAB Depth 130mm DAB Cushion shape Head orientated (Chest depth -
50mm) 

DAB cushion diameter 640mm seam to seam DAB inflator technology ADPS 210kPa + 70% 

Seat belt, Load limiter 2 kN   
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Appendix 2 – Limits from Euro NCAP 2015 

Criteria frontal impact  
The limits from Euro NCAP 2015 are stated below: 
 
Head 
If there is no hard contact with the airbag and no risk of internal head injury, a score of four 
points is given. If the airbag leads to hard contact, the following criteria are used for scoring 
points. 
 

 Lower performance limit* Higher performance limit 

 1000 650 
Result and Acc 3 ms exceedence 88g 72g 

 
Neck 
Following forces are measured 

 Lower performance limit* Higher performance limit 

Shear +fx 1,95 kN @ 0 ms 
 

1,2kN @ 0ms 
 

Tension +fz 2,1 kN @ 0 ms 
 

1,7 kN @ 0 ms 
 

Extension moc -y 49 Nm 36 Nm 

 
Chest 
 Lower performance limit* Higher performance limit 

Compression 41mm 18mm 

 
Femur 

 Lower performance limit Higher performance limit 

Femur compression 6,02kN  
 

2,6kN 

 
*In this case the lower performance limit and the capping limit are the same due to the high 
risk of injury 
 
(Euro NCAP, 2012)  



 
 

Appendix 3 – Modifiers  

 

Modifiers 
Modifiers are adjusting the score of points after the test is done based on supplementary 
requirements. In any body region the score might be reduced up to two points depending on 
the incident. Modifiers for frontal impact are below presented (Euro NCAP, 2011). 
 
For frontal impact 
 
Head 

 Unstable bag contact, bottoming out or hazardous deployment 

 Incorrect airbag deployment 
Chest 

 Steering wheel contact 

 Instable passenger compartment 

 Incorrect driver airbag deployment 
Knee, femur and pelvis  

 Left knee variable contact 

 Left knee concentrated loading 

 Right variable contact 

 Right concentrated loading 

 Incorrect knee airbag deployment 
Feet 

 Foot well rupture 
Doors  

 Doors opening in frontal impact 
 
  



 
 

Appendix 4 – Influence parameters and response 

  Parameter diagram
EURO-NCAP 2015

SIM study

software version

hardware architecture

operating system

number of CPU

software version

vendor

Vehicle Interior Package

Load case Crash-Pulse

Dummytype

Seat

DAB Cushion Volumn

DAB Cushion diameter

DAB Cushion shape

DAB Cushion Tether

DAB Cushion Tether upper

DAB Cushion Tether lower

DAB Cushion orientation

DAB Cushion Deflector

DAB Cushion material

DAB Vent discret

DAB Vent adative vent arear

DAB Vent function

DAB Vent design

DAB Vent TTF time 

DAB Vent passiv adaptive

DAB Inflator performance SIF [mol.k]

Rating

total output signalIntended output signal
Function y = f(x)

Control Parameter

total output signal
EURO-NCAP Rating no 4 Point 

limit per body reagion

Noise Parameter

Input Signal

Dummy sensor signals

dummy model

numerical noise 



 
 

Appendix 5 – Rating of parameters



 
 

Appendix 6 – Rating of current restraint components  

Two tests have been executed with different settings of the current restraint components 
for the target vehicle. The outcome is shown in the table below. The target car with knee 
airbag and adaptive inflator performance achieved 14,28 points. The same setting without 
adaptive inflator achieved 11,15 points according to the rating system from Euro NCAP. 

  14,28   11,15 

Target Car Target Car 



 
 

 

Appendix 7 – Comparison between simulation and sled test 

Before the DoE was simulated a comparison was done to determine the accuracy of the simulation model to the reality. It was shown that the 
chest deflection was the only response that had a distinguishable difference. The graph below shows a difference of 5-6 mm. 
 
Green line – Values measured from the sled test 
Blue line – Values measured from the simulation 
 

Deviation between simulation and sled test 



 
 

Appendix 8 – Rating of runs 

The table converts the measured values to achieved points according to the rating system from Euro NCAP. A measured value which turns green is 
fulfilling the requirements and achieves full points. If a value turns red the load on the dummy is too high and zero points are achieved. When a 
value is between the higher and the lower limits the box turns yellow and the points achieved are interpolated.  

  



 
 

Extreme cases Occurrence in DOE

DAB Inflator performance low

DAB Cusion diameter high

DAB Inflator performance high

DAB Cushion diameter low

KAB cushion shape function low

KAB Inflator performance high

KAB cushion shape function high

KAB Inflator performance low

Retractor performance functionlow

DAB damping function high

Retractor performance functionhigh

DAB damping function low

11

6

Total runs with extremes 40

11

9

10

11

Appendix 9 – Occurrence of worst cases in DoE 

The table shows the type of worst cases and how many times it occurs in the used design.



 
 

Appendix 10 – Design of Experiment (D-optimal design) 

The table shows the design which was used for the thesis. 

Run DAB 
Cushion 
diameter 

DAB 
Cushion 
shape 
function    

KAB 
cushion 
shape 
function 

KAB 
Damping 
function 

KAB Inflator 
Performance 

Retractor 
performance 
function 

Steering 
column 
function 

DAB 
damping 
function 

DAB Inflator 
performance 

1 1 2 1 3 2 1 2 1 5 
2 1 2 2 3 1 3 3 3 1 
3 1 3 3 1 2 2 3 3 2 
4 3 2 3 2 2 1 3 5 1 
5 2 1 3 3 3 3 3 5 1 
6 1 1 2 2 3 1 3 2 4 
7 2 2 1 1 2 1 1 2 1 
8 1 1 2 2 2 1 1 3 5 
9 2 1 2 1 2 1 1 1 5 
10 3 1 2 2 1 1 1 4 3 
11 2 3 1 1 1 2 1 2 5 
12 2 1 3 3 1 2 2 4 4 
13 1 1 1 3 1 2 2 3 2 
14 2 2 3 3 2 3 2 2 2 
15 1 2 1 3 1 1 2 1 2 
16 3 3 2 1 3 3 3 3 1 
17 3 2 1 1 1 1 2 4 5 
18 1 2 1 1 3 1 1 5 3 
19 1 3 2 2 1 3 1 4 4 
20 2 1 2 3 1 2 2 4 4 
21 2 1 1 3 3 2 2 3 1 
22 2 2 1 2 2 3 2 4 2 
23 3 1 2 2 2 3 3 5 5 
24 3 3 2 1 2 2 3 1 3 
25 1 1 1 1 2 3 2 2 1 
26 1 3 2 3 1 1 3 2 4 
27 3 3 1 2 3 2 3 4 3 
28 2 1 2 1 2 3 3 4 5 
29 1 2 3 1 1 3 2 4 4 
30 2 2 3 3 1 1 3 3 5 
31 3 2 3 2 3 2 3 2 2 
32 3 2 3 1 1 2 2 1 3 
33 3 1 2 1 3 1 2 5 5 
34 3 1 2 1 1 1 1 1 5 
35 3 3 2 1 2 1 2 4 4 
36 1 1 3 2 3 3 3 5 3 
37 2 1 2 2 2 2 3 3 4 
38 1 3 2 1 2 3 3 2 3 
39 2 3 2 1 3 3 1 2 1 
40 2 1 1 3 3 3 3 1 4 
41 3 1 2 1 1 1 1 2 5 
42 3 1 3 2 1 1 2 3 1 
43 3 1 1 2 1 3 3 4 5 
44 2 3 3 1 1 3 3 2 3 
45 2 2 3 1 3 2 3 5 1 
46 3 3 2 1 3 2 1 4 4 
47 1 1 1 1 3 3 1 5 5 
48 2 2 3 2 1 2 3 2 4 
49 1 2 3 1 3 1 1 4 5 
50 3 2 2 3 2 2 3 1 2 



 
 

 
 

51 3 2 1 2 1 2 3 3 1 
52 1 1 3 1 1 1 1 4 2 
53 1 1 3 2 3 2 1 1 4 
54 3 3 3 3 2 3 2 1 5 
55 1 3 3 2 1 3 2 4 5 
56 1 1 1 1 1 3 3 5 5 
57 3 1 3 1 2 2 1 2 3 
58 3 1 1 1 1 2 2 5 2 
59 1 3 1 1 3 2 1 3 4 
60 1 1 3 3 3 2 2 5 4 
61 3 3 2 2 1 3 1 3 4 
62 2 1 3 2 2 2 3 2 5 
63 3 3 1 3 3 3 1 1 1 
64 1 3 2 2 1 1 2 1 5 
65 2 3 2 1 1 1 3 5 1 
66 3 1 3 2 3 3 2 2 4 
67 1 1 2 1 3 2 2 5 1 
68 3 2 1 3 3 2 2 2 5 
69 1 1 1 2 2 3 3 1 3 
70 3 1 2 2 1 2 2 4 1 
71 1 1 1 3 1 3 1 5 5 
72 2 2 1 3 1 1 2 4 3 
73 3 1 2 1 3 2 2 2 3 
74 1 2 3 1 3 3 3 2 4 
75 2 1 1 2 1 1 3 1 5 
76 2 2 2 2 3 3 2 5 1 
77 3 3 3 3 3 1 1 1 1 
78 1 3 1 1 3 1 3 5 5 
79 3 2 1 1 1 3 1 5 4 
80 1 3 1 1 1 1 1 1 5 
81 2 1 3 2 2 2 1 1 5 
82 1 3 3 3 1 1 1 5 1 
83 3 1 2 3 2 1 1 4 3 
84 1 3 1 3 3 1 1 5 1 
85 3 3 1 3 1 1 3 5 1 
86 1 2 2 3 1 3 1 1 1 
87 3 3 3 3 1 3 1 1 1 
88 3 1 1 2 2 3 2 2 4 
89 1 3 2 3 2 3 3 2 4 
90 3 1 1 3 3 1 3 2 4 



 
 

Appendix 11 – Correlation of predictors in the design 

The correlation between the predictors in the DoE was checked. It is showed that only high correlation occurs between the predictors: 
P1*P1, P2*P2 etc. and also between P8^3*P8 etc. (This correlation always exists since the factors are multiplied with the same factors) 
The correlation between the predictors is low, which means that response can easily be analyzed and the effect will be applied on the right 
predictor.  



 
 

Appendix 12 – Influence plots from Datalysor 
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Appendix 13 – Interactions plots  

The figures show the interaction plots for most critical responses. The interactions are 
marked with a red square.     
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Appendix 14 – Effect plot in Minitab  
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Appendix 15 – Interactions plots from Minitab 

The figures show the interaction plots for most critical responses.  

 

 
  

0,0300

0,0275

0,0250

1,
0

0,
9

0,
8

0,
7

0,
6

321 0,
65

0,
50

0,
35

1,
75

1,
50

1,
25

1,
00

0,
75

0,0300

0,0275

0,0250

0,0300

0,0275

0,0250

0,0300

0,0275

0,0250

0,0300

0,0275

0,0250

0,0300

0,0275

0,0250

72
0

68
0

64
0

0,0300

0,0275

0,0250

1,
0

0,
9

0,
8

1,
2

1,
0

0,
8

DAB Cushion diameter

DAB Cushion shape function

KAB Inflator Performance

Retractor performance function

Steering column function

DAB damping function

DAB Inflator performance

640

680

720

diameter

DAB Cushion

1

2

3

function

shape

Cushion

DAB

0,8

0,9

1,0

Performance

KAB Inflator

0,35

0,50

0,65

function

performance

Retractor

0,8

1,0

1,2

function

column

Steering

0,75

1,00

1,25

1,50

1,75

function

damping

DAB

0,6

0,7

0,8

0,9

1,0

performance

DAB Inflator

Interaction Plot for CHST_defl [m]
Data Means

-2000

-2400

-2800

1,
0

0,
9

0,
8

0,
7

0,
6

321 0,
65

0,
50

0,
35

1,
75

1,
50

1,
25

1,
00

0,
75

-2000

-2400

-2800-2000

-2400

-2800 -2000

-2400

-2800-2000

-2400

-2800 -2000

-2400

-2800

72
0

68
0

64
0

-2000

-2400

-2800

1,
0

0,
9

0,
8

1,
2

1,
0

0,
8

DAB Cushion diameter

DAB Cushion shape function

KAB Inflator Performance

Retractor performance function

Steering column function

DAB damping function

DAB Inflator performance

640

680

720

diameter

DAB Cushion

1

2

3

function

shape

Cushion

DAB

0,8

0,9

1,0

Performance

KAB Inflator

0,35

0,50

0,65

function

performance

Retractor

0,8

1,0

1,2

function

column

Steering

0,75

1,00

1,25

1,50

1,75

function

damping

DAB

0,6

0,7

0,8

0,9

1,0

performance

DAB Inflator

Interaction Plot for Fem_re [N]
Data Means



 
 

  

2500

2000

1500

1,
0

0,
9

0,
8

0,
7

0,
6

321 0,
65

0,
50

0,
35

1,
75

1,
50

1,
25

1,
00

0,
75

2500

2000

1500

2500

2000

1500

2500

2000

1500

2500

2000

1500

2500

2000

1500

72
0

68
0

64
0

2500

2000

1500

1,
0

0,
9

0,
8

1,
2

1,
0

0,
8

DAB Cushion diameter

DAB Cushion shape function

KAB Inflator Performance

Retractor performance function

Steering column function

DAB damping function

DAB Inflator performance

640

680

720

diameter

DAB Cushion

1

2

3

function

shape

Cushion

DAB

0,8

0,9

1,0

Performance

KAB Inflator

0,35

0,50

0,65

function

performance

Retractor

0,8

1,0

1,2

function

column

Steering

0,75

1,00

1,25

1,50

1,75

function

damping

DAB

0,6

0,7

0,8

0,9

1,0

performance

DAB Inflator

Interaction Plot for Neck_Fz_pos [N]
Data Means



 
 

Appendix 16 – Response surface and contour plots 

Examples of contour plots and response surface plots, which explored the relationship 
between two parameters and the response. 
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Appendix 17 – Summary of the predictors which have an influence on response 

Green Box = Significant influence, Yellow Box = Medium influence, White box = Low 
influence  
 

 

Head_STW Head_Hub Chest_STW HIC36 Head_a3ms Neck_Fx Neck_Fz Neck_My CHST_defl CHST_a3ms Fem_left Fem_right

DAB_dia x x x x x x x x x x
DAB_shape x x x x x x x x x x
KAB_shape x x x x x x x x
KAB_vent x x x x
KAB_Infl x x x x x x x
Belt_f x x x x x x x x x x x x
column_f x x x x x x x
DAB_vent x x x
DAB_Infl x x x x x x x x x
DAB_dia^2 x x
DAB_shape^2 x x x x x x
KAB_shape^2

KAB_vent^2

KAB_Infl^2 x
Belt_f^2 x
column_f^2

DAB_vent^2

DAB_Infl^2 x
DAB_vent^3

DAB_Infl^3 x
DAB_vent^4 x
DAB_Infl^4 x x x
DAB_dia*DAB_shape x x x x
DAB_dia*KAB_shape

DAB_dia*KAB_vent x x x
DAB_dia*KAB_Infl

DAB_dia*Belt_f

DAB_dia*column_f x x x
DAB_dia*DAB_vent

DAB_dia*DAB_Infl x x x x x x x x
DAB_shape*KAB_shape x x x
DAB_shape*KAB_vent x x
DAB_shape*KAB_Infl x x
DAB_shape*Belt_f

DAB_shape*column_f x x
DAB_shape*DAB_vent x
DAB_shape*DAB_Infl x x x
KAB_shape*KAB_vent

KAB_shape*KAB_Infl x x
KAB_shape*Belt_f x
KAB_shape*column_f

KAB_shape*DAB_vent

KAB_shape*DAB_Infl

KAB_vent*KAB_Infl

KAB_vent*Belt_f x x x

KAB_vent*column_f

KAB_vent*DAB_vent

KAB_vent*DAB_Infl

KAB_Infl*Belt_f

KAB_Infl*column_f

KAB_Infl*DAB_vent

KAB_Infl*DAB_Infl

Belt_f*column_f x

Belt_f*DAB_vent

Belt_f*DAB_Infl x
column_f*DAB_vent

column_f*DAB_Infl

DAB_vent*DAB_Infl



 
 

Appendix 18 – Optimal runs generated by Datalysor 

The following combinations of settings provide the optimal region in the DOE matrix. The focus was to fulfill the requirements set by Euro NCAP 
2015. The red marked column shows the values for the chest deflection which did not fulfill the requirement but were tried to be minimized. 
The optimal settings: 

 General for the optimal cases was that all contained a setting with small DAB diameter, low retractor performance, low column force and 
quite high performance on KAB inflator. 

 The settings had a DAB vent in the range of 1 - 1,5 (a medium performance) 

 A head oriented airbag in combination with a medium to small knee airbag. An Airbag without orientation was best suited with a big knee 
airbag. 

 The KAB vent did not have an impact and could attain any value. 
 

 

DAB_dia DAB_shapeKAB_shapeKAB_vent KAB_Infl Belt_f column_f DAB_vent DAB_Infl Head_HUBChest_STWHIC36 Neck_Fz Fem_rightCHEST_DEFHEAD_stw

640 1 0,5 0 0,9 0,35 0,8 1 0,7 36,33024 11,24495 431,8495 1564,857 -2446,47 0,024194 37,43803

640 1 0,5 0 0,9 0,35 0,8 1,25 0,7 32,34934 11,24495 414,2485 1564,857 -2446,47 0,024038 33,91336

640 1 0,5 1 0,9 0,35 0,8 1 0,7 33,87496 11,24495 482,0618 1564,857 -2446,47 0,024194 37,43803

640 1 0,5 2 0,9 0,35 0,8 1 0,7 31,41967 11,24495 532,2741 1564,857 -2446,47 0,024194 37,43803

640 1 1 0 0,9 0,35 0,8 1,25 0,7 34,15901 11,24495 422,3924 1520,883 -2368,84 0,024265 33,91336

640 1 1 0 0,9 0,35 0,8 1,5 0,7 30,17811 11,24495 404,7913 1520,883 -2368,84 0,024288 30,38869

640 1 1 1 0,9 0,35 0,8 1,25 0,7 31,70373 11,24495 472,6046 1520,883 -2368,84 0,024265 33,91336

640 2 1,5 0 0,9 0,35 0,8 1 0,7 39,52425 12,27812 497,8581 1568,835 -2287,33 0,024292 34,22402

640 2 1,5 0 0,9 0,35 0,8 1,25 0,7 37,14205 12,27812 480,257 1568,835 -2287,33 0,024136 30,69935

640 2 1,5 0 0,9 0,35 0,8 1,5 0,7 34,75985 12,27812 462,656 1568,835 -2287,33 0,024159 27,17469

640 2 1,5 1 0,9 0,35 0,8 1 0,7 37,06896 12,27812 527,5449 1568,835 -2287,33 0,024292 34,22402

640 2 1,5 1 0,9 0,35 0,8 1,25 0,7 34,68677 12,27812 509,9439 1568,835 -2287,33 0,024136 30,69935

640 2 1,5 1 0,9 0,35 0,8 1,5 0,7 32,30457 12,27812 492,3428 1568,835 -2287,33 0,024159 27,17469

640 2 1,5 2 0,9 0,35 0,8 1 0,7 34,61368 12,27812 557,2317 1568,835 -2287,33 0,024292 34,22402

640 2 1,5 2 0,9 0,35 0,8 1,25 0,7 32,23148 12,27812 539,6307 1568,835 -2287,33 0,024136 30,69935



 
 

Appendix 19 – Rated optimal settings 

The table presents some settings from the optimal region and the achieved points according to Euro NCAP 2015. The optimum is shown to the 
right.

Optimum 



 
 

Appendix 20 – Comparison of regression models made in Minitab and Datalysor 

The predicted values from the regression and the confirmation runs are compared. At the 
bottom of the table the absolute mean difference of the predicted values to the 
confirmation runs are shown. It is shown that the regressions made in Datalysor are more 
accurate than the one made in Minitab. 

Run DAB Cushion diameterDAB Cushion shape function   KAB cushion shape functionKAB Damping functionKAB Inflator PerformanceRetractor performance functionSteering column functionDAB damping functionDAB Inflator performanceHIC36 Head_a3ms [g]Neck_Fx_pos [N]Neck_Fz_pos [N]Neck_My_neg [Nm]CHST_defl [m]CHST_a3ms [g]Fem_li [N] Fem_re [N]

Confirmation run 640 1 1,5 0 1 0,35 0,8 0,75 0,7 581 61,1 538,9 1684,1 18,2 24,3 54,7 1746,1 2576,3

reg. Model Datalysor 640 1 1,5 0 1 0,35 0,8 0,75 0,7 469 52,6 535,0 1476,9 18,1 25,0 54,7 1732,4 2561,5

reg. Model Minitab 640 1 1,5 0 1 0,35 0,8 0,75 0,7 361 42,7 277,9 899,8 11,9 25,4 55,4 1650,0 2580,0

Deviation Datalysor 19,31% 13,81% 0,73% 12,30% 1,01% -2,97% 0,00% 0,78% 0,57%

Deviation Minitab 37,93% 30,13% 48,43% 46,57% 34,76% -4,61% -1,34% 5,50% -0,14%

2 confirm 640 1 1,5 0 0,9 0,35 0,8 1,25 0,7 537 59,2 519,1 1693,0 -18,7 24,7 54,6 -1369,1 -2337,2

reg. Model Datalysor 640 1 1,5 0 0,9 0,35 0,8 1,25 0,7 430,5 51,7 535,7 1476,9 -18,8 24,5 55,4 -1306,8 -2291,2

reg. Model Minitab 640 1 1,5 0 0,9 0,35 0,8 1,25 0,7 444,189 44,87 377,32 1098,95 -17,45 24,2 54,62 -1310 -2280

Deviation Datalysor 19,83% 12,62% -3,18% 12,76% -0,18% 0,84% -1,43% 4,55% 1,97%

Deviation Minitab 17,28% 24,21% 27,32% 35,09% 6,88% 2,02% 0,05% 4,31% 2,45%

3 confirm 640 1 1,5 0 1 0,65 0,8 1 0,7 581 58,6 322,3 1643,3 -19,4 27,6 60,0 -1785,3 -2570,7

reg. Model Datalysor 640 1 1,5 0 1 0,65 0,8 1 0,7 538,6 59,9 294,8 1627,0 -19,0 26,5 57,0 -1797,4 -2570,4

reg. Model Minitab 640 1 1,5 0 1 0,65 0,8 1 0,7 539,9 53,8 44,9 1701,2 -14,4 25,8 55,5 -1780,0 -2580,0

Deviation Datalysor 7,31% -2,30% 8,53% 0,99% 2,17% 4,05% 5,11% -0,68% 0,01%

Deviation Minitab 7,08% 8,28% 86,07% -3,52% 25,46% 6,52% 7,64% 0,30% -0,36%

4 confirm 640 1 1,5 1 0,9 0,65 0,8 1,25 0,7 561 58,3 286,9 1626,3 -19,7 27,2 59,4 -1437,9 -2291,9

reg. Model Datalysor 640 1 1,5 1 0,9 0,65 0,8 1,25 0,7 538,4 61,1 294,8 1627,0 -19,7 26,4 58,0 -1371,7 -2300,1

reg. Model Minitab 640 1 1,5 1 0,9 0,65 0,8 1,25 0,7 476,93 57,458 68,7 1570,6 -16,4 24,3 56,0 -1420,0 -2280,0

Deviation Datalysor 4,03% -4,85% -2,73% -0,04% 0,28% 2,94% 2,47% 4,60% -0,35%

Deviation Minitab 14,99% 1,44% 76,07% 3,42% 16,65% 10,66% 5,88% 1,24% 0,52%

5 confirm 640 1 1 0 0,9 0,5 0,8 1,25 0,7 563 58,7 405,6 1506,5 -19,4 25,6 56,4 -1036,2 -2375,6

reg. Model Datalysor 640 1 1 0 0,9 0,5 0,8 1,25 0,7 465,9 55,4 415,2 1595,9 -19,3 25,2 56,2 -1028,9 -2373,3

reg. Model Minitab 640 1 1 0 0,9 0,5 0,8 1,25 0,7 497,4 52,6 256,1 1448,8 -16,2 25,1 55,6 -1050,0 -2370,0

Deviation Datalysor 17,25% 5,63% -2,36% -5,94% 0,86% 1,49% 0,33% 0,71% 0,10%

Deviation Minitab 11,66% 10,35% 36,87% 3,83% 16,70% 1,95% 1,33% -1,33% 0,23%

6 confirm 640 1 1 0 0,9 0,5 0,8 1 0,7 581 60,2 432,9 1537,7 -19,5 25,7 56,7 -1055,1 -2371,9

reg. Model Datalysor 640 1 1 0 0,9 0,5 0,8 1 0,7 483,5 55,4 415,2 1595,9 -19,3 25,4 56,2 -1028,9 -2373,3

reg. Model Minitab 640 1 1 0 0,9 0,5 0,8 1 0,7 501,07 52,923 262,65 1419,2 -15,759 25,7 56,26 -1050 -2370

Deviation Datalysor 16,78% 7,99% 4,08% -3,79% 1,00% 1,27% 0,90% 2,49% -0,06%

Deviation Minitab 13,76% 12,09% 39,32% 7,71% 19,09% 0,00% 0,73% 0,49% 0,08%

7 confirm 680 1 1,5 1 0,9 0,35 0,8 1,25 0,8 572 58,5 493,3 1755,1 -18,8 24,7 55,9 -1388,6 -2269,0

reg. Model Datalysor 680 1 1,5 1 0,9 0,35 0,8 1,25 0,8 549,6 63,2 535,5 1579,2 -18,7 24,4 55,9 -1316,0 -2291,2

reg. Model Minitab 680 1 1,5 1 0,9 0,35 0,8 1,25 0,8 539 56,4 468 1433 -17,9 24,2 55,03 -1330 -2270

Deviation Datalysor 3,92% -8,05% -8,56% 10,02% 0,68% 1,03% -0,04% 5,23% -0,98%

Deviation Minitab 5,77% 3,59% 5,13% 18,35% 4,85% 2,02% 1,54% 4,22% -0,04%

8 confirm 640 1 0,5 0 0,9 0,35 0,8 1 0,7 553 60,1 520,8 1606,9 -18,6 24,3 54,8 -719,5 -2435,6

reg. Model Datalysor 640 1 0,5 0 0,9 0,35 0,8 1 0,7 431,8 51,7 535,7 1564,9 -18,7 24,2 53,6 -686,0 -2446,5

reg. Model Minitab 640 1 0,5 0 0,9 0,35 0,8 1 0,7 457,9 48,6 454,1 1175,6 -17,2 24,2 54,2 -718,0 -2430,0

Deviation Datalysor 21,91% 13,93% -2,85% 2,61% -0,29% 0,44% 2,22% 4,65% -0,45%

Deviation Minitab 17,20% 19,21% 12,82% 26,84% 7,78% 0,41% 1,06% 0,21% 0,23%

9 confirm 640 2 1,5 0 0,9 0,35 0,8 1,25 0,7 551 59,2 527,2 1679,5 -19,0 25,1 54,8 -1400,0 -2285,5

reg. Model Datalysor 640 2 1,5 0 0,9 0,35 0,8 1,25 0,7 480,3 55,9 518,5 1568,8 -19,3 24,1 55,1 -1306,8 -2287,3

reg. Model Minitab 640 2 1,5 0 0,9 0,35 0,8 1,25 0,7 527,6 51,4 374,3 1180,9 -18,6 24,2 55,5 -1360,0 -2300,0

Deviation Datalysor 12,84% 5,57% 1,65% 6,59% -1,17% 3,84% -0,59% 6,66% -0,08%

Deviation Minitab 4,26% 13,19% 29,01% 29,69% 2,11% 3,59% -1,22% 2,86% -0,64%

10. confirm 640 1 0,5 0 0,9 0,35 0,8 1 0,7 553 60,1 600 1600 -14,2 25,8 54,7 -720 -2440

reg. Model Datalysor 640 1 0,5 0 0,9 0,35 0,8 1 0,7 431,849545 51,726957 535,653815 1564,857484 -18,665171 24,19369 53,564414 -686,0487602 -2446,471868

reg. Model Minitab 640 1 0,5 0 0,9 0,35 0,8 1 0,7 457,88 48,5577 454,0552 1175,5696 -17,1631 24,2 54,2048 -718,11 -2430

Deviation Datalysor 21,91% 13,93% 10,72% 2,20% -31,44% 6,23% 2,08% 4,72% -0,27%

Deviation Minitab 17,20% 19,21% 24,32% 26,53% -20,87% 6,20% 0,91% 0,26% 0,41%

Total deviation DatalysorABS:average14,51% 8,87% 4,54% 5,72% 3,91% 2,51% 1,52% 3,51% 0,48%

Total deviation MinitabABS:average14,44% 13,61% 40,12% 19,45% 14,92% 3,53% 2,31% 2,27% 0,52%



 
 

 

Appendix 21 – Rating of 50% dummy 

The rating of the optimal setting with adaptive components for the 50% dummy is presented on the left and the setting for the 5% female dummy 
on the right.   
  

50% 5% 



 
 

Appendix 22 – Screening design (Plackett Burman) 

The screening design used to compare the result from the first DoE.  
The design consist of 12 runs and one center point 
 
 

Run DAB_dia DAB_shape KAB_shape KAB_vent KAB_Infl Belt_f column_f DAB_vent DAB_Infl 

1 680 2 1,0 1 0,9 1,0 1,00 1,0 0,9 

2 720 1 1,5 2 0,8 1,2 0,85 0,5 0,7 
3 720 3 1,5 0 1,0 1,2 0,85 1,5 0,7 

4 720 3 0,5 2 0,8 0,8 0,85 1,5 1,1 
5 640 1 0,5 2 1,0 1,2 0,85 1,5 1,1 

6 640 1 0,5 0 0,8 0,8 0,85 0,5 0,7 

7 720 1 1,5 0 0,8 0,8 1,15 1,5 1,1 

8 640 3 1,5 2 0,8 1,2 1,15 0,5 1,1 

9 720 1 0,5 0 1,0 1,2 1,15 0,5 1,1 
10 640 3 1,5 0 1,0 0,8 0,85 0,5 1,1 

11 720 3 0,5 2 1,0 0,8 1,15 0,5 0,7 
12 640 3 0,5 0 0,8 1,2 1,15 1,5 0,7 

13 640 1 1,5 2 1,0 0,8 1,15 1,5 0,7 

 



 
 

Appendix 23– Comparison of result from first DoE and Screening 

It is shown that the main effect also could be identified in the screening design. 
Furthermore, it was found that it could be concluded that the chest deflection was too high. 
The new range could also be set by looking at the optimizer plot. Since the optimizer plot 
made from the screening design it is not containing any interactions and higher terms and 
therefore some information can go lost, see the green ring. 
 
 
Optimizer plot (D-optimal design, 90 runs) 

 
 
Optimizer plot (Plackett Burman design 13 runs)
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