DYNARDO Dynaflo GmbH 2015 C*LJI’\OF‘C‘O

Time to Market
Cost efficient ways for optimal and robust products

Dr. -Ing. Johannes Will
CEO DYNARDO GmbH

Adynardo

dynamic software & engineering

igger spring

cam blocking
spring

2
Pt A

dosplay dive

CAE-basierte RDO der Mechanik fiir die Datumsanzeige
© Audemars Piguet




DYNARDO Dynaflo GmbH 2015 CILJHOI"CIO

Dynardo

A Founded: 2001 (Will, Bucher,
CADFEM International)

A More than 50 employees,
offices at Weimar and Vienna

A Leading technology companies
Daimler, Bosch, E.ON, Nokia,
Siemens, BMW are supported

Software Development

=\ CAE - Consult
: - Consulting
w muliPlos uling
Mechanical engineering
£ Civil engineering &

Dynardo is your engineering specialist Geomechanics

for CAE -based sensitivity analysis, Automotive industry
optimization, robustness evaluation Consumer goods industry
and robust design optimization Power generation
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Challenges in Virtual Prototyping

A Simulation is necessary for time to market and cost efficiency
A Hardware trial and error needs to be reduced, test needs to be placed
late in the product development
A CAE-based optimization and CAE  -based robustness evaluation becomes
more and more important in virtual product development
I Optimization is introduced into virtual prototyping since 20 years
I Robustness evaluation is the key methodology for safe, reliable and
robust products
I The combination of optimizations and robustness evaluation will lead
to robust design optimization strategies
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Robust Design

Robust Design Optimization (RDO) optimize the design performance
with consideration of scatter of design (optimization) variables as
well as other tolerances or uncertainties.

As a consequence of uncertainties the location of the optima as well as
the contour lines of constraints scatters.

Design Variable 2

Contour lines of objective function
Infeasible
Design Variable |

To proof Robust Designs safety distances are quantified with variance
or probability measurements using stochastic analysis
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Optimization Robust Design

Sensitivity Analysis Variance based

_ o Robustness evaluation
Single & multi objective

(Pareto) optimization Probability based
Robustness valuation

(Reliability Analysis)
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Sensitivity Analysis Workflow

Comrmeiene or cetermnmcon (o
full model: R3Z"""83 o 7

INPUT: Streckgrenze
1%

INPUT: Lage_y1
X and

INPUT: Blechdicke
27 %




dynardo

DYNARDO Dynaflo GmbH 2015

How to Generate a Design of Experiments
Deterministic DoE
A Complex scheme required to detect multivariate dependencies

A Exponential growth with dimension
' Full factorial: N = 2% 3%

O @@t e L Koshal linear: N =k + 1

Advanced Latin Hypercube Sampling ®

A Reduced sample size for statistical estimates
compared to plain Monte Carlo ®

A Reduces unwanted input correlation ®
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Why do we prefer Stochastic Sampling?

Deterministic designs use maximum 3 levels for each variable
No. of solver calls grows exponentially with dimension

LHS with N samples produces N levels for each variable: better scan
Reducing the variable space does not loose the information of removed
variables in LHS

Do Do Do Ix

Example : 4 minor and 1 major important input variables:

INPUT: x3 vs. OUTPUT: v, (linear) r = 0.642 INPUT: x3 vs. OUTPUT: v, (linear) r = 0.480

.o.c: : - °l
A ..ﬁ.’." ] . o.'.. o:. . ] ol
] ol ¢
:é .l‘.. . ..J b éo
3o, . . 3
M . o .
. . '.. .'
¥ Tﬂ‘ \ | | | . L | | . ! ! ! 1 L | | L
-1 -0.5 ] 0.5 1 1.5 2 2.5 3 -1 -0.5 0 0.5 1 1.5 2 2.5 3
INPUT: x3 INPUT: x3
LHS, 100 samples Full factorial, 243 designs
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ldentifying important parameters

From tornado chart of linear correlations to the Coefficient of
Prognosis (CoP)

MLS approximation of Response
Coefficient of Prognosis = 97 %

9
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Response

Linear correlation coefficient
n

2 INPUT: nu2 0',
INPUT{|yield1 .
wf T F2 8.
i}
° INPUT?|mode >‘
(=]
o nul ients of Prognosis (using MoP)
5 INPUTY yield ull model: CoP = 99 %
c‘:.) . T T T T
ar T E2 8
© . w2 @y INPUT: massflow_scale ]
: = 4 %
NE twl g
INPU a
-0.75 -0.5 -0.25 O 0.25 0.5 0.75 1 5,_| |
Parameter vs, OUTPUT: disp17[1] a
=
- |

| | |
20 40 60 80
CoP [%] of OUTPUT: femur_left_04

Will, J.; Most, T.: Metamodel of optimized Prognosis (MoP) I an automatic approach for user

friendly design optimization; Proceedings ANSYS Conference 2009, Leipzig, Germany,
www.dynardo.de
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Sta'tl Stl Ca'l m eaS u re m e ntS Linear correlation coefficient
= I I I T nu I ‘ ne
Correlation Measurements i e o
A Coefficients of pairwise linear/quadratic il ‘ by
correlation is the simplest correlation B
measurement A
A Multi -dimensional non -linear correlation can be "
detected using advanced meta models (Neural ool
networks, Moving least squares,..) O e Sty O
355 A " C?Sﬂf‘fn‘ﬁﬁéﬁfa’é?ﬁé’éé‘”éfe (oY "“oﬁ.if’
g 2; < INPUT: sprayAngle
& 45 11 %
0%5 ‘_r"i
0 S INPUT: massFlow
-4 I gm 21 %
-1_0.7_%.- s 2 - 'E_r\i
%-51%2%.%‘75 ] o.i :{\5' EN

1.5

1

Goodness of fit Measurements ( CoD)

A Goodness of Fit (Coefficient of Determination
CoD) summarize correlations on the meta
models

dropVelo
8 %

0.5

1 1 .|
0 20 40 60 80 100
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Metamodel of Optimal Prognosis (MOP)

A Approximation of solver output by fast surrogate model

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

o

Advanced filter technology to obtain candidates of optimal subspace

T

Determination of opti mal approximation m

A Assessment of approximation quality (Coefficient of Prognosis, CoP)

MOP algorithm solves 3 important tasks:
A Best variable subspace
A Best meta -model

A Estimation of prediction quality
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Which optimization algorithm?
Optimization 1 Sensitivity Analysis
Algorithms: allows best choice!

—QeImicients or Frognosis (using Mor,
96 "/g )

full model: CoP =

INPUT: HubBeta2
3%

Evolutig;

F2s INPUT: ShdBeta2

/| §: 6 %

INPUT: HubBeta3
6 %

INPUT: HubThk2
15 %

. o = - INPUT:ZHubBetaz
Gradient " 'Pareto o

sOptimization

hich one is the
best?

/

~ Adaptive
aRes
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Optimization of see hammer

Dynamic performance optimization under weight and stress constraints using
30 CAD -parameter. With the help of sensitivity study and optimization
(ARSM), the performance of a deep sea hammer for different pile diameters
was optimized.

eometry {Warkshest APrint Preview \Report Preview/.

]
o EFEPTYVEE g

Initial Design valid for Optimized design valid for
two pile diameter four pile diameter

Design Evaluations: 200 times 4 loadcase
CAE: ANSYS workbench
CAD: ProEngineer
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Optimization of a Large Ship Vessel
EVOLUTIONARY ALGORITHM

A Optimization of the total weight of
two load cases with constrains
(stresses)

30.000 discrete Variables

Self regulating evolutionary
strategy

Population of 4, uniform
crossover for reproduction

Active search for dominant genes
with different

mutation rates

o Do Do Do

Solver: ANSYS
Design Evaluations: 3000
Design Improvement: > 10 % 0

Stahlvolumen

0 100 200 300 400 500 600 700 800
Generationen

Riedel, J.: Gewichtsoptimierung eines Passagierschiffes, Bauhaus Universitat Weimar,

Institutskolloquium, 2000, Germany, www.dynardo.de]




DYNARDO A E Dyna20to0 GmbH C’ILJHOI’\CIO

Optimization Robust Design

Sensitivity Analysis Variance based

. L Robustness evaluation
Single & multi objective

(Pareto) optimization Probability based
Robustness valuation

(Reliability Analysis)
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Robustness Evaluation Workflow

—oe

IIICICnIEs OF Frogrosis (using ror,
full model: CoP 96 %

INPUT: HubBeta2
3%

INPUT: ShdBeta2
6 %

INPUT: HubBeta3
6 %
INPUT: HubThk2
15 %

INPUT: HubBeta1
28 %
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Successful Robustness Evaluation need the balance
between

1. Reliable Input Definition 5%
[ Distribution function ; Logotma /2N
[ Correlations ; AN
. )
[ Random fields 2 \
% / <X oy
. . . = 00% 00 E 20 30
2. Reliable stochastic analysis e of Random Variable

[ variance -based robustness evaluation usi
optimized LHS
[ suitable portfolio of Reliability Analysis

Coefficient oNQeteNnination (linear) 3_ Reliable Post Processing

full mod@ R 90 %

oree [ [ Coefficient of Prognosis
o [ Reliable variation and correlatian
measurements

[ easy and safe to use

10

INPUT: SCALE_PULS_TRAN
o
INPUT: SCALE_KF._FORCE_L
INPUT: BEFEDERUNG_FRIC
INPUT: FEMUR_LENGTH
8 %
INPUT: H_POINT_X
8 %
INPUT: SEAT_Z
T: H_POINT 2
2%

ameter
6

par:

INPUT
4

2

0 40 60 100
R2 [%] of QUTPUT: FEMUR_L

Acceptance of method/result documentation/communication!
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Definition of Uncertainties
Distribution functions define

variable scatter

< 0.8
g Lognc*mal/\
L 06
g VAN
‘@ Nofrmal
o 04
2 VAN
&
:_é 02 <
S = Xiore \
[alN
O'Q 1.0 0.0 1.0 2.0 3.0

Value of Random Variable

dynardo

Correlation is an important characteristic
of stochastic variables.

ITPUT: Zugfestigkeit vs. OUTPUT: Strcckgrenz@

. Correlation of
- 220 " 1 gingle uncertain
S, N values

Yield stress

o 700 725 750 775 8O0 825 A50 875

00 820 B40 860 880 OO0 920 940

Tensile strength

Spatially correlated field
values:
Statistics on Structures

Translate know how about uncertainties into proper scatter definition
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Implementation of Random Field Parametric

Introduction of spatial correlated scatter to CAE - Parameter (geometry,

4. Running Robustness Evaluation
including Random Field effects

2. Generation of scatter shapes using R

Random Field parametric, quantify scatter 1. Input: multiple process
shape importance simulation or measurements
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Robustness Post - processing

Traffic light plot Histogram & Statistical Data
Overview of scatter range Estimate sigma level
E
%d I Reference values -
> @  Mean value / Standard devi... g
g L ®  Failure Limit violation
Safety Limit violation
All complied

o
270 275 280 285 290 295 300 305 310 315

Statistic data
Coefficients of Prognosis (uslr:/g MoP) e Min:| 267 Max:|314
fullmodel: CoP = 91% MOP/CoP Sensitivities Mean: |284.4 Sigma: 12.49
< INPUT: DS_Rib_breadth_2 1 . CV:|0.04393
2% - Mon_ltor Iocal for-ecaSF ) Skewness: |0.5633 Kurtosis: [2.338
g INPUT: b, Rib, faight 2 | quality / non -linearities Fitted PDF: Rayleigh
E 7% . Mean: |284.4 Sigma: 12.49
£ R Cause analysis Limit x = 315
g” ‘ B oy o i P rel: |1 1-P rel:0
P_fit:|0.983168 1 - P_fit: 0.016832
- glzer_Width 4 S|i_gma|_ 2.4496
evel:

0 20 40 60 80
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Robustness check of optimized designs

A With the availability of parametric modeling environments like
ANSYS workbench an robustness check becomes very easy!

A Menck see hammer for oil and gas exploration (up to 400m de
A Robustness evaluation against tolerances, material scatter anc
A

and environmental conditions e
60 scattering parameter

0.005 0.01 0.015 0.02

0

-20 -10 0 10
INPUT: DS_Versatz_Pfahl

Statistic data

Min; -24.69 Max: 24.69

Mean: -0.4142 Sigma: 13.32
ov: 32,05 '

Skewness: 0.01993 Kurtosis: 1.993

i Defined PDF: TruncatedNormal
Mean: 1e-018 Sigma: 25.4
Lower cut: -25.4 Upper cut: 25.4

Design Evaluations: 100
Process chain: ProE-ANSYS workbench - optiSLang
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Reliability Analysis

A Robustness evaluation reliable estimate
relatively high probabilities ( °2s, like 1% of
failure )
A Reliability analysis  verify rare event probabilities
( O3, smaller then 1 out of 1000)

Monte Carlo Sampling is the safest and most
robust way to calculate small event
probabilities, but at the same time
prohibitive expensive

There is no one magic algorithm to estimate
probabilities with Aminimal 0 sample size
Al | Nneffectiveo algorithms will try to | eas

the failure domain and have the risk to learn
unreliable information

Therefore it is recommended to use two
different algorithms to verify rare event
probabilities
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Reliability Analysis Algorithms

Gradient -based ISPUD Importance Adaptive Response
algorithms = First Sampling using Design Surface Method
Order Reliability Point
algorithm (FORM)

()
hy (x)
pdf
u1>
gw=0
Iy
Monte Carlo Sampling Latin Hypercube Sampling
X2 A .
© ®
o © @
° o6y ° .
880 Qg O > X2 ? @
O;g% o X1 )
O (S)o )
%o %O )
o @
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How choosing the right algorithm?

Robustness Analysis provide the
knowledge to choose the
appropriate algorithm

—eoerricients or PI'UgnOSIS (usln Mor
full model: CoP = ‘96 9% .
, ;
;

INPUT: HubBeta2
3%
INPUT: ShdBeta2
6 %

INPUT: HubBeta3
Probability of Failure P(F) 6 %

1071 1072 1072 107* 107° 107¢

INPUT: HubThk2
™ d) RSM 15 %
Ve 7
= e) ARSM & AS INPUT: HubBeta1
28 %
[T}
—
<
o~

30

¢) FORM & ISPUD *

40

Number of random parameters n
70 60 50

80

90

o
o

—

Robustness & Reliability Algorithms
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Reliability Analysis of turbo machines

Turbine

Rolls-Royce

High
Pressure
Turbine Disc
HPT-Disc
3D Model of HPT  -Disc

Analysis Disciplines: Basic Design Objectives:
Thermal Analysis A Life of the disc
Stress Analysis A Mass of the disc

Basic Costumer Requirements

A Lifecycles A High
A Mass A Low

Performance needs to be proven
which a given Probability of
Failures (POF)
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Check reliability of predicted life

For example: requirement of
POF for predicted life < 1.0*10 -6

State function

Design 1 Design 2

Limit state
(Lifecycles)

Probability of

30000 cycles | 28000 cycles

Solver: ANSYS Workbench . 3.0*10 -° 1.3*10 -8

Method: ARSM Failure (POF) | _

30..50 Solver evaluations Requirement Requirement
not fulfilled fulfilled
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Optimization Robust Design

Sensitivity Analysis Variance based

_ o Robustness evaluation
Single & multi objective

(Pareto) optimization Probability based
Robustness valuation

(Reliability Analysis)
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lterative RDO of a Connector

2) The design was checked in the space of 3) From optiSLang Robustness
36 scattering variables using optiSLang Evaluation safety margins are
Robustness evaluation . Some Criteria derived.

show high failure probabilities!

Three steps of optimization

1) From the 31 optimizatior
parameter the most efféctive
one are selected
optiSLang Sensttivi
analysis

OUTPUT: my_F30_v

o — L |
075 1 1.25 1.5 1.75 2 225 25 o
QUTPUT: my_F3o_v

vin: | 0.5907 e | 2672 Optimization Desig - - L:
_ooforn || 5) Reliability proof using ARSM
- to account the failure probability
e did proof six sigma quality.
) N BT by courtesy of

Start: Optimization using 5 Parameter, then
customer asked: How save is the design?

z Tyco Electronics

Source: Roos, D. and R. Hoffmann (2008). Successive robust design optimization of an electronic

connector , Proceedings Weimarer Optimization and Stochastic Days 5.0, Weimar, Germany
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RDO - best practise

A Substantial robustness evaluation and robustness measures
are a necessary first step

A Best available translation of all available information about
uncertainties is crucial

A the careful planning of a suitable algorithmic RDO workflow
and careful checking of suitable measures for design
robustness is recommended

A Consequently, it is recommended to start with an iterative
RDO approach using decoupled optimization and robustness
steps.

A This iterative approach helps to better understand scattering
variable importance in order to adjust the necessary safety
margins.
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Challenges of CAE based RDO

AFor serial use RDO software tools needs to support process
automation and iIintegrati amdsdfedag et her
u s endodules, algorithmic wizards and post processing for

I large number of parameter
I non linear, noisy, imperfect (loss of designs) variation

spaces
I including process integration and automation functionality
I minimization of necessary solver runs

AThe CAX Tools need to support parametric modelling

AThanks to the modern job control programs, cloud and CPU
iImprovements job load, hardware and software recourses are
significant, but no general bottle neck
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optiSLang T general purpose tool for variation
analysis
A optiSLang is an algorithmic toolbox for

sensitivity analysis,

model calibration

optimization

robustness evaluation,
reliability analysis and

robust design optimization (RDO)

A optiSLang offers high end process
automations and integration functionality for
workflow design

Easy and safe to use:

A optiSLang offers the beginner and
expert users an easy and reliable
application by means of predefined
workflows, algorithmic wizards and
robust default settings

a

Parameters - Etappel_xx

' 3:: o %'J':a@'
_3-,r' i%:'_.‘_ !
Inputs Etappel_xx.ism

Responses P J

Criteria

SIXY Z

14
0.
-1
-2
-3
-4
-5,
-6
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optiSLang process automation and system
Integration

51MULALION XX e
g p MSC A Software - Powered by ITI ggT ABAQUS

Adams

cMsA FlIoEFD™ Q
[x] b'

EIt| ylgthm

ConcePTs NREC _

madymo

Tbtrss
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Seamless integration into
powerful Parametric
optiSLang inside ANSYS

v A | B

1

S

I8 7 Static Structural (ANSYS)

Modeling Environment

Geometry

‘ Model

D

—>

v
1
?‘@ Geometry v 4 ?|’ Engineering Data v M
—9?“‘9—«' Parameters d\l3 W) Geometry v "—IZ
4
5

qﬂ Parameters

Geometry Pre-check ok

 com— 5

Static Structural (ANSYS)

2 O Engineering Data v .2 9 EngineeringData
@} Geometry v ——m3 O} Geometry A
@ Model v W4 @ Model v
e Setup v 4 5 e Setup v o4

3 ﬁ Solution v 4 6 @3 solution v 4

7 | @ Resuls v 4 7 @ Results v o4

8 |(pd parameters 8 |2 Parameters

Modal (ANSYS)

I [pd Parameter Set

A Including process automation, third
party CAE integration, bidirectional
CAD interfaces, parallel computing

Easy parametrization via parameter
manager

With this technology ANSYS
Workbench is ready to address RDO
t askos

minimize
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optiSLang inside ANSYS Workbench

Modul es Sensitivity, Optimization and Robu
practicein opti SLang wor kfl ows

—>8 |(pd Parameters
Static Structural

[(pd Parameter Set

v E v F
12 /o 2 4 ArsM v 4l 2 P samping
3o me v, 3| & Results s 3 & Rests g 3 © Mop % o
4| Resits v, Optimization_NLPQL Optimization_ARSM 4| Resuis vV

Sensitivity Robustness
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RDO Booklet

The RDO Booklet aims

- to explain the CAE -based Robust
Design Optimization approach to
managers, engineers & designers

- try as simple as possible to introduce
all relevant pieces of technology from
a practical point of view

CAE-Software & Consulting

Robust Design Optimization (RDO) —
Key technology for resource-efficient

- to illustrate the RDO approach with productdevelopment and performance
and engineering example.

RDO-BOOKLET

optiSLang
[ multiPlas |

Ed

Introduction Weimar Optimization and Stochastic days 2015
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