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Challenges in Virtual Prototyping

¢ Virtual prototyping is necessary for cost efficiency
e Test cycles are reduced and placed late in the product development

e CAE-based optimization and CAE-based robustness evaluation
becomes more and more important in virtual prototyping

e Optimization is introduced into virtual prototyping

e Robustness evaluation is the key methodology for safe, reliable
and robust products

e The combination of optimizations and robustness evaluation will
lead to robust design optimization strategies
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Excellence of optiSLang

optiSLang is an algorithmic toolbox for sensitivity analysis,
optimization, robustness evaluation, reliability analysis and robust
design optimization.
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optiSLang is the commercial tool that has completed the necessary

functionality of stochastic analysis to run real world industrial
applications in CAE-based robust design optimizations.
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optiSLang development priority: safe of use and ease of use!
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Robust Design Methodology Definition

Ropust Design Optimizatipn

Variancg based Robustness

Evaluation Sensitivity Study

Probability based Single & Multi objective
Robustness Evaluation, (Pareto) optimization
(Reliability analysis)
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Sensitivity Analysis
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Methods for Sensitivity Analysis

Local methods -

Global methods

INPUT: dens vs. OUTPUT: int_diff_disp_slot, (linear) r = -0.858

Local derivatives
Standardized derivatives

| g_slot
.0015 0.002
1

OUTPUT: int_diff dis
0.0005 0.001 O
1 1

Scatter plots
Coefficients of correlation e e e B e e

. 1250 1500 1750 2000 2250 2500 2750 3000
Rank order correlation INPUT: dens

0
T

Standardized regression coefficients
Reduced polynomial models
Advanced surrogate models

Sobol’ indices
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Scanning the design/random space

Inputs Sampling Model evaluation Outputs
\ 1l V.
Xl 10.015 1
X2 10.01 ] 5/2
>§10:;05 o ”' .:I.o: N ’3 > .
Xe ) - J Yo

e Joint distribution of inputs is represented by sampling scheme

e Minimum number of samples should represent statistical
properties, cover the input space optimally and avoid clustering

e For each design/sample the outputs are calculated/measured
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Polynomial regression

Set of input variables

X=X Xo... X3]"

Definition of polynomial basis
2

p(x)=|[lay zz...07 75... 2123 ..

Approximation function A
y(x) = j(x) =p (x)B
Least squares solution

B=(PTP) Py

Number of samples, linear:

N>1+k

Quadratic:

N>1+4k+k(k+1)/2

dynarco



Coefficient of Determination (CoD)

Fraction of explained variation '
of an approximated response

Explained variation

Total variation

Unexplained variation

Adjusted CoD
to penalize over-fitting

4.0 ISamples o

Linear, COD=0.92
Quadratic, COD=0.99 ——
3.0
2.0
1.0
0.0 {2
N - 2
SSr =2 im1 (Ui — 1y
N 2
SST = Zi:l(yz‘ — fy)
N ~
SSE = Ei:l(yi — yi)z
N —1
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Limitations of CoD

1.00 | | I . |
o
| di n —e— _
0.90 COD%]l{Iad ——
COD,q;quad —a—

0.80 _\&H__‘_k
0.70 _H'*I‘\_-__‘\'=- _
060 T
0.50 L | | | |

25 50 100 200 500

Number of samples

Explained variation

CoD is only based on how good regression model fits through the
sample points, but not on how good is the prediction quality

Approximation quality is too optimistic for small number of samples
For interpolation models with perfect fit, CoD is equal to one

Better approximation models are required for highly nonlinear
problems, but CoD works only with polynomials
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Coefficient of Prognosis (CoP)

Explained variation

1.00
0.90 + . . . .

e Fraction of explained variation
0.80 . of prediction
0.70 - 1 e Estimation of CoP by using
0.60 - COD quad —=— - a partitioning of available

COD_4 quad —e— |

0.50 | COP MLS 5Var —v— - samples
0.40 | CIOP MI_IS 3Var A

25 50 100 200 500
Number of samples

CoP increases with increasing number of samples
CoP works for interpolation and regression models

With Moving Least Squares continuous functions also including
coupling terms can be represented

Prediction quality is better if unimportant variables are removed
from the approximation model
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Meta-model of Optimal Prognosis (MOP)

Approximation of solver output by fast surrogate model

Reduction of input space to get best compromise between
available information (samples) and model representation
(number of input variables)

Advanced filter technology to obtain candidates of optimal
subspace (significance and Col filters)

Determination of most appropriate approximation model
(polynomials with linear or quadratic basis, MLS, ..., Box-Cox)

MLS 2pproximaticn of myeta

Assessment of approximation quality (CoP)

0811

0.8 -

MOP solves three important tasks:

3 078
=

e Best variable subspace
e Best meta-model il
e Determination of prediction quality
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Meta-model of Optimal Prognosis (MOP)

| | | | |
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e Advanced filter technology dramatically reduces the number of

investigated subspaces to improve efficiency

e Nevertheless, a large number of inputs requires very fast and

reliable construction of approximation model
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Example: Noise Vibration Harshness

Comfort point Red Reference design
Black 483 Robustness runs

~ Nonlinearity

04 05 06 07 08 09 1.0 1
Frequency [Hz]

e Input parameters are 46 sheet thicknesses of a car body
e Variation of inputs within a +/- 20% interval
e Output values are sound pressure levels at certain frequencies

e Already single solver run is very time consuming
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Example: Noise Vibration Harshness

b _THI20

- 180

r 160

r 140

r120

- 100

r 80

I 60

- 200

r 180

- 160

- 140

- 120

- 100

- 80

- 60

Samples 100 200 400 600 800
Full model 90.9% 91.7% 95.7% 96.3% 96.9%
D_THI5 - - 2.4% 2.3% 2.7%
D_THI6 6.0% 5.3% 8.2% 8.3% 8.7%
D_THI20 41.3% 42.7% 42.3% 43.4% 42.2%
D_THI23 49.1% 48.0% 50.7% 51.0% 53.8%
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Robustness Analysis
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Robust Design Methodology Definition

A ”ﬁbra;;w?i 1‘;‘.;33/—1.330;\:44&1;?2 -
Robust Design Qptimization
Variance base o
Robustnéss Evaluation Sensitivity Study
Probapility based Single & Multi gbjective

Robustness Evaluation, (Par

eto) optimization
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Definition of Uncertainties

e Translate know how about uncertainties into proper scatter definition

JTPUT: Zugfestickeit vs, OUTFUT: Str&tk_nr

c 0.8
o .
U =]
é 0c Lognormal/\ § 2|
o~ S wb '
E’ Nopmal @ E_ L Pl | _
g 04 — D= R : Correlation of
> s o 3-1"}5-;.'-*" .. ™ ' | single uncertain
g 0.2 ) ol fa 2T values
e <X + o5 o
ol | = L )
- 00 = - . . . .

10 0.0 1.0 20 30 800 820 G40 860 880 900 920 G40

Value ol Random Variable Tensile strength

Distribution functions define Correlation is an important
variable scatter characteristic of stochastic variables.

Spatial Correlation
= random fields
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How to Define Robustness of a Design

Intuitively: The performance of a robust design is
largely unaffected by random perturbations

Variance indicator: The coefficient of variation (CV)
of the objective function and/or constraint values is
smaller than the CV of the input variables

Sigma level: The interval mean+/- sigma level does
not reach an undesired performance
(e.g. design for six-sigma)

Probability indicator: The probability of reaching
undesired performance is smaller than an acceptable
value

19
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Robust Design Optimization

Robustness in terms Robustness in terms
of constraints of the objective
A | | | | |
Random response B _
Safety i _
margin o
Limit i
Robust Optimum
P- i _
v s Deterministic Optimum
] ] ] ] ]
e Safety margin (sigma level) of e Performance (objective) of
one or more responses y: robust optimum is less

Ylimit — Ymean S a- oy sensitive to input uncertainties

e Minimization of statistical
evaluation of objective
function f (e.g. minimize mean
and/or standard deviation):

e Reliability (failure probability)
with respect to given limit

state:
target a . = .
pr < pp = minor f+op — min
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Robustness Evaluation using optiSLang

1) Define the robustness space 2) Scan the robustness space
using scatter range, distribution by producing and
and correlation evaluating n designs

5) Identify the most 3) Check the variation
iImportant scattering <

variables | 5" " I
ecC e LO : S S S
MLS approximation of femur_left_04 / 1o AR
Coefficient of Prognosis = 99 % _ e 3 T T
-5952 . p— . - £
Coefficient of Determination (quadratic) - 08
full model: adjusted R2= 98 % E '
1 INPUT: ZZP_She " @100 z
2%
» INPUT: FRIC_SAB_SELF |7 8@ s 06
-T% 60 =
INPUT: TVKL_P46222 2
5 -1% i & 04
%g.o | INPUT: 'rwg_n_/%suz [l 20 >
-0 %
g | INPUT: LEAKAGE =Y
a 0% 0,2 =
- - INPUT: MASSFLOW_SCALE _ =
% 10 %
= INPUT: 151 E(;/“«T_Z 0 . . . . . . . . .
‘o
il INPUT: FRIC_ALL_SAB & & Q_& Q_& Q_& 6”@ %oé‘ 54\ Q <
= 9 9 S &9 < & N 4{9 &7 «,\//],/
iR N RS RSN,
== : o & © NS
0 20 40 60 80 RN I ¥ 2N
adjusted R2 [%] of OUTPUT: PELVIS_Fy v
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Robustness and Stability of the CAE-Model

Which quantity of ,numerical noise™ is acceptable?

= Quantification via coefficients of prognosis (CoP)
= Estimation of humerical noise: 100% - CoP

Coefficients of Prognosis (using MoP)
full model: CoP = 94 %

T [
INPUT: reib_schaum_fzg
2 %

INPUT: thick_10161001
4 %

INPUT: barr_z
10 %

INPUT: rp02_10161001
11 %

6

INPUT parameter
2 3 4 5

INPUT: reib_fahrzeug
19 9

9 %

INPUT! velocity

49 %

1

| 1
20 40 60 80
CoP [%] of OUTPUT: max_disp_stossfaenger

100

Experience in passive safety, CFD
or crashworthiness tells that result
values with lower CoP than 80%
show:

- High amount of numerical noise
resulting from numerical
approximation method (meshing,
material, contact,..)

- Problems of result extractions

- Physically instable behavior

22
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Robustness evaluation as early as possible

Goal: Tolerance check before any
hardware exist!

Classical tolerance analysis tend to be
very conservative

Robustness evaluation against
production tolerances and material
scatter (43 scattering parameter) A el 438
shows:

- Press fit scatter is o.k.

- only single tolerances are important _ *

20 40 60 80
adjusted R2? [%] of OUTPUT: runout_break_t

(high cost saving potentials)

3

parameter

2

INPUT: hub_bf run_pos
2 %

INPUT

1

N

Production shows good agreement! sl
] ] 03 I- Limit value :
Design Evaluations: 150 : / ) |
solver: ANSYS-optiSLang e / \ |
01 +— \ \ :
1 % |
[Suchanek, J.; Will, J.: Stochastik analysis as a method to - .'/ \\ !
evaluate the robustness of light truck wheel pack; / \E\ |
Proceedings Weimarer Optimierung- und Stochastiktage 6.0, 0- N :

2009, Weimar, Germany (www.dynardo.de)]

Measurement |

|- = = Simulation
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Numerical Robustness Passive Safety

Comparison of coefficients of determination (CoD) for
different FE models (folded airbag/scaled airbag)

Coefficient of Determination (quadratic)

Coefficient of Determination (quadratic)

ou UT SlmTlme
B% (38 %)

QUTPUT D _TH_TOP

47 %)
OUTPUT VD H O}P
P

OUTPUT NECI( C P

20

OUTPUT DR ABD TO
OUTPUT NECK TENSIO

OU‘TPUT LUMBA SP[NEb

OUTPUT" THJIB DEFL_TOP

OUTPUT COMB ILIAC ACET

15

OUTPUT TH RIB DEFL_MID

OUTPUT VC_ABD TOP

1% ( 719
OUTPUT VC_TH IVEID

QUTPUT parameter

10

OUTPUT DR TI- MID

OUTPUT VC “ABD BOT

DUTPUT DR ABD BOT
OUTPUT_]AED RIB DEFL TOP

QUTPUT: ABD RIB, DEFL_BOT

OUTPUT: SimTime
0% (0 %)

12

OUTPUT: VC_MID_RIB
73 % (73 %)

OUTPUT, T12_Fy
77 % (77 %)

10

OUTPUT: T12_Mx
82% ( 82 %)

ter

8

parame

OUTPUT
6

20 40 60
adjusted R2 [%] (by 9 input parameter)

ITHS

ad]usted R2 [/] (by 9 mput parameter)

FMVSS

The coefficients of
determination of the
folded airbag analysis
show significantly lower
values = in this case it
could be shown that the
folded airbag does have
much more numerical
noise than the unfolded!
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Robust Design Optimization
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Robust Design Optimization

~"Robust Design Optimization
Variance base -
Robustnéss Evaluation Sensitivity Study

Probapility based  g;,,q1dl & Multi objective
Robustness Evaluation, (Pareto) optirhization

(Reliability analysis)
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Multidisciplinary Optimization with optiSLang

Sensitivity study — identify the
CAD and CAE most important parameters

Parameter definition and check variation/COD ¢
of response values

minimize

Define optimization goal - M

Validate optimized <:| and optimize
design in CAE and CAD
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Optimization Algorithms

Gradient-based
algorithms

Response surface
method (RSM)

4.5
4 . I_;-
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E}Itl.lﬁﬁ _— ,'341.5'1
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_,_L_ Ay Et"%.?ﬁ 1.5 1

Local adaptive RSM

- D
| 1
|

e
| L|

Py SRS S ___}::::1

1 i
l
A T
|- -
]
. design space
1
.l'j'

Global adaptive RSM

Q015

Biologic Algorithms
Genetic algorithms,
Evolutionary strategies &
Particle Swarm Optimization

Pareto Optimization

fzh
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Robust Design Optimization

Robustness in terms Robustness in terms
of constraints of the objective
A | | | | |
Random response B _
Safety i _
margin o
Limit i
Robust Optimum
P- i _
v s Deterministic Optimum
] ] ] ] ]
e Safety margin (sigma level) of e Performance (objective) of
one or more responses y: robust optimum is less

Ylimit — Ymean S a- oy sensitive to input uncertainties

e Minimization of statistical
evaluation of objective
function f (e.g. minimize mean
and/or standard deviation):

e Reliability (failure probability)
with respect to given limit

state:
target a . = .
pr < pp = minor f+op — min
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The iterative RDO Procedure

From our experience it is often necessary to investigate both
domains, the design space of optimization and the robustness space
to be able to formulate a RDO problem. optiSLang offers iterative

and automatic RDO flows. OUTPUT: DIST_HEAD_ROOF
QM ™n 0.2259 T
Off e, o
“gma 008273
web red) \\
ol . | gl
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st / \
34%
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ou | I 1 \ o Parameter History
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02 4 6’8|10 12 14 613
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RDO Centrifugal Compressor

Parameterization

Parametric geometry definition using ANSYS BladeModeler

(17 geometric parameter)

Model completion and meshing using ANSYS Workbench
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RDO Centrifugal Compressor

Fluid Structure Interaction (FSI) coupling
Parametric fluid simulation setup using ANSYS CFX
Parametric mechanical setup using ANSYS Workbench

% C4 : CFX - CFD-Post CEX
File Edit Session Insert Tools Help
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RDO Centrifugal Compressor

Optimization goal: increase efficiency
Constraints: 2 pressure ratio’s, 66 frequency constraints, Robustness

Input Parameter 21
Output Parameter 43
Constraints 68

QUTPUT: ptratio

80
T

Fitted PDF
M Histogram

3 gaeimit line
[Aimit

60
T

PDF

40
T

20
T

2 n._A Posi -0 - ‘
1.335 1.34 1.345 1.35 1.355 1.3
= QUTPUT: ptratio
S
5 | Statistic data

Initial SA ARSM | EA I ARSM Il ARSM llI el

Total Pressure Ratio  1.3456 1.3497 1.3479 1.3485 1.356 1.351 riscdrori o

\ Sigma: |0.006107
Efficiency [%] 86.72 89.15  90.62  90.67  90.76 90.73 e oo
#Designs : 100 105 84 62 40

33 by courtesy of EFAV\VRIEY
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RDO Centrifugal Compressor

Robust Design Optimization with respect to 21 design parameters and 20
random geometry parameters, including manufacturing tolerances.
Robust Design was reached after 400+250=650 design evaluations.
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34 by courtesy of ALK

Analysis

dynarco



Benefits of Robust Design Optimization

Identify product design parameters which are critical for the
achievement of a performance characteristic!

e Quantify the effect of variations on product behavior and
performance

Adjust the design parameter to hit the target performance
v'Reduces product costs

e Understanding potential sources of variations
e Minimize the effect of variations (noise)
v'"More robust and affordable designs

e (Cost-effective quality inspection

v'"No inspection for parameters that are not critical for the
performance
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