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What is Optimization Good For?
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• Designing Birthday Presents
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What is Optimization Good For?

• Designing Birthday Presents

• Solving Problems of Existing Machines

ideal contact geometry

( )

( )

max

min

r

z

ρ ψ

ρ ψ

δ

δ

 
 
 
 

0. . tans t ϕ µ≤

ideal ring shape

, ,
min T

S
w

γ
γ +

r
r r

0

0

00. . ,/
r rk k

r kk
rk

s
S S

Gt S
S

γµ
−

≤=

rk
S

D

H

S

S

kr

ϕ

( )ρ ψ

rδ

zδ

N

T



Humboldt-Universität, Berlin, 25.5.2005

What is Optimization Good For?

• Designing Birthday Presents

• Solving Problems of Existing Machines

• System Identification

• actuator behavior

(hydraulic, pneumatic, electro-mechanical)

• dynamic behavior of passive components

• system parameters

• control behavior
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What is Optimization Good For?

• Designing Birthday Presents

• Solving Problems of Existing Machines

• System Identification

• Virtual Prototyping

• hardware-in-the-loop optimization

• mechatronics (control design)

• multibody systems (vibrations)

• multi-disciplinary optimization
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Why Multi-criterion Optimization?

a technical point of view
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scalar
optimization algorithm

Reduction Principles for Vector Optimization

vector optimization problem

scalar optimization problem
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Example 1: Horizontal Platform Insulation

physical modeling
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multi-measurement identification

experimental
setup

Simulink model
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Example 1: Horizontal Platform Insulation
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platform insulation
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Example 1: Horizontal Platform Insulation
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Normal Boundary Intersection Approach

related to I. Das and J.E. Dennis
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2)    lower and upper recursion limits

Recursive Knee Search

individual minima

• initial design

initial design

knee search

global optimality

local
optimality

stopping
criteria

trade-off curve

2/λλ =
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recursion
loop

• stopping criteria

• bounds on knee search
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• local optimality

1) solution feasible
2) local EP-optimality
3) limits on No. of non-successful restarts

Matlab applet
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VIT-project  (Virtual Turbomachinery, LuFo III)

Improvement of current Rolls-Royce compressor design process 

by tool integration and optimization

step 1: tool by tool analysis of current 
compressor design process

step 2: automation and integration of 
single analysis tools into an 
optimization environment

step 3: partial automation of 
multidisciplinary design process

Tool8

Tool7

Tool5

Tool1

Tool2

Tool3

Tool4Tool6

iSight

the future: automation of whole 
multidisciplinary design 
process

Example 2: Compressor Design Process
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Meanline
Prediction

annulus parameterization
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Pareto Opitimal Solutions for Meanline Annulus Modification

Datum, Human Designer

iSight, MIGA, 4CP

Pareto Optimal Design

Results for Bézier-splines with 4 control points
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4 control points 
allow 

1 turning point, 
only !E3E has two

turning points

explanation for sub-optimal solution 1. parameterization too restrictive

5 control points

Meanline
Prediction



Humboldt-Universität, Berlin, 25.5.2005

polyc,max η  
p

6.0  max ≤i
i
Ψ

1.1max '
, ≤R
iI

i
M  

8.0max , ≤S
iI

i
M  

55.0max ≤R
i

i
DF  

55.0max ≤S
i

i
DF  

58.0max ≥R
i

i
DH  

58.0max ≥S
i

i
DH  92.0  max , ≤ih

i
C

27.0, ≤S

NE s
M

{ }s,N, i …1∈

SM  max
p

25SM %≥

criteria

constraints

explanation for sub-optimal solution 2. constraints too restrictive

Meanline
Prediction

0.93

0.285



Humboldt-Universität, Berlin, 25.5.2005

Pareto Opitimal Solutions for Meanline Annulus Modification

Datum, Human Designer

iSight, MIGA, 4CP

iSight, MIGA, 5CP

Pareto Optimal Design

Matlab applet
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E3E

max. efficiency

E3E

max. surge margin

Meanline
Prediction
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Pareto Opitimal Solutions for Meanline Annulus Modification

Datum, Human Designer
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Pareto Opitimal Solutions for Meanline Annulus Modification

Datum, Human Designer

iSight, MIGA, 5CP

iSight, NLPQL, 5CP

Pareto Optimal Design

SM increase 17.3%

ηp increase 0.17%
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pressure ratio
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Meanline
Prediction

Annulus Line & Pressure Ratio Optimization
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Comparison: some numbers
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Off-Design 

Process Overview

Throughflow
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Conclusions

• by nature, technical design problems are multi-criterion optimization 
problems

• multi-criterion optimization cuts down costs by releasing human 
design engineer from time-consuming parameter studies without 
taking him off the decision process

• multi-criterion optimization is a valuable tool for a variety of practical 
applications as

- optimal system design (active and passive)
- identification
- search for admissible solutions (stability)

• multi-criterion optimization finds better results than human designer

• integrated system design allows heterogeneous analysis tools on 
heterogeneous platforms


