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Ansys optiSLang for Process Integration and Design Optimization

Parametric Variation Analysis ||

Automated Model Sensitivity Optimization Robustness Publish as
Workflows Calibration Design Understanding I Design Improvement Design Quality web apps

|| Automation

Identify important Investigate parameter
Easy to build and model parameter for sensitivities, reduce
publish repetitive the best fit between complexity and
workflows simulation and generate best possible
measurement metamodels

Optimize design Er;sure designd Entire organization
performance robustness an benefits from workflows
reliability provided by CAE-experts




Variance and Reliability Based Robustness Analysis

1. automate 2. derive and include parameter 3.define limit state
simulation workflow scatter and correlation
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Sensitivity and Robustness
analysis for simple test
function

Mishra’s Bird Function
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A simple example: Mishra’s Bird Function
test function used for events in advanced driver assistance systems

Mishra’s Bird Function* is given as:

Y=f(X1,X2)= — %1
optimization sin(X2) - e(l‘COS(Xl))2 " scalar responses
. 2 = vectors
and/or +cos(X1) - e(17sim(2) = 1D signals
tochasti 1
psafacmae?c;(r:s E + (X1 - X2)? = derived variables
The domain is bounded by: " 2D/3D field data
~-10<X1<0 — 0
[
—6.5<X2<0 ® .
X [ J
: [ ]
[ J
]
° [ ]
1. By DoE sampling a specific number of samples is generated and evaluated, %

Latin Hypercube Sampling: reduced sample size, decrease unwanted input correlation

* Sudhanshu K Mishra. Some new test functions for global optimization and performance of repulsive particle swarm method. Available at SSRN 926132, 2006

Y ANnsys



. 'Y

‘..

a(.'

L] L[] L] L] . poow . 2 f
Sensitivity Analysis e ] pappromation ot v

Mame Reference value Value type Resclution  Range Range plot
X1 5 REAL Continuous -10 0 [ Values
84
X2 |-325 REAL Continuous 65 0 ([ . 60
Total effects “ oW
. . = - 20
-20 - =20
-30
K -40
S -60 - -60
-70
-80 :
-90 nalytically: -
-104 Min(Y) =-106.76 ]
XI1 X|2 Toltal
Parameter
2. Responses are approximated by high-fidelity, X2 -1 2 W

high-precision surrogate models.
3. Parameter influence is quantified using the approximation model.




a Sensitivity Analysis

Mame Reference value Value type Resclution  Range Range plot HE me TWE E}{p il:l" E -I |1]|'| Ijmil:

X1 -5 REAL Continuous -10 0

-

X2 -3.25 REAL Continuous -65 0




Monte-Carlo-Sampling

0.4

PDF

Name PCF Type Mean 5td. Dev.| CoV  Distribution parameter

X1 _/\ TRUNCATEDNORMAL| -5 0.75 159 -5:0.75:-10:0

X2 /\_ TRUMCATEDNORMAL| -5 0750001115 % -5.07704; 0.823440. -6.5; 0

0.2

* 1000 Monte-Carlo samples
no sample above limit state

¥ Define parameter correlations

sov0€0C0TO0 O -10
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Monte-Carlo-Sampling

Name PCF Type Mean 5td. Dev. | CoV  Distribution parameter
X1 _/\_ TRUNCATEDNORMAL| -5 0:75 15.% -5 0.5 -10: 0
X2 /\_ TRUNCATEDNORMAL| -5 07500011159 -5.07704; 0.823449: 6.5; 0

* 1000 Monte-Carlo samples
=> no chance to extrapolate Probability of Failure
from response probability distribution

i Histogram

Failure Limit
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Plain Monte-Carlo-Sampling

Name PCF Type Mean 5td. Dev. CoV  Distribution parameter
X1 TRUNCATEDNORMAL -5 0:75 15.% -5 0.5 -10: 0
X2 - TRUNCATEDNORMAL -5 07500077159 -5.07704; 0.823449: 6.5; 0

* 300’000 Monte-Carlo samples (aborted)
no sample above limit state

Monte-Carlo-Simulation,
estimation for COV=10%:

n 2 100/PoF,, ~ 100/5e-07
= 2.0e+08!
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First Order Reliability Method

Adaptive Response
Surface Method

®
ul

g(w=0

Advanced Methods for Reliability Analysis

Importance Sampling

INPUT : x2

6

4

2

0

using Design Point

* Safe domain
* Unsafe domain "+ ¢

Adaptive Importance Sampling

* INPOUT :x1 4 ° X1
Robustness / Reliability method . . .

Uncertainty knowledge: | Qualfied ] Directional Sam p| ing

Varianced based
Failed designs: ’Seldom '] )

O (") Robustness sampling
Salver noise: ’Some v] Uy

el . 3¢ 4,50 6a Probability based A AN P(Fla)

Desired sigma level: D —

O (@) Adaptive Response Surface Method (ARSM-DS)
Simulation runtime: SNt loﬁ ) / »

() Adaptive Sampling (AS) T’"“\ R /g(u) =0
D Show additional settings (") Directional Sampling (DS) /‘\\\ A
/ \

©0000

() First Order Reliability Method (FORM)
_' Importance Sampling using Design Point (ISPUD)

() Monte Carlo Simulation (MCS)




Comparison of the determined PoF

B Robustness Wizard O *
Robustness [ Reliability method h
Specify the robustness |/ reliabiliby method A

ARSM-DS 300 6.4e-07

Robustness [ Relizbility methed

Uncertainty knowledge: | Qualifiad N
Variance based
Failed designs: Mot sat R
o e— O I:::I Robustness sampling
Salwer naisa: Mot set e
Desired sigma level: 2¢ 3¢ 457 6o Probability basad
D S 1 08 5 5 . 2 e _O 7 l O @ Adaptive Response Surface Method (ARSM-DS)
Simulation runtime: shart lang
. O I::I Adaptive Sampling (AS)

FO R M 890 P Show additional settings O () Directional Sampling (D)

O (") First Order Reliablity Method (FORM)

CEPLD | 000 | Al Qo
MCS? 200 000 000 p)

(aborted at 300 000) ’ < Back Cancl o

1 estimation Monte-Carlo-Simulation for COV=10%:
n 2 100/PoF_, ~ 100/5e-07 = 2.0e+08!
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Directional Sampling
POF = 5.2e-07 o, . .

o
Mumber of directions: IJEl-:J ¢| Complete directions : 100 / 100 ! ¥ b hd ..’
Mumber of parallel solver calls: |1E| S | Stan:::ii:a::a;l::; ;:;::;;Zg; ' Qr\l - * e ®
Line search phase Reeliability Index : 4.58444 ° I— L o e o
Number of parallel solver runs in presample: Ij_cl :I Mumber of designs EO o 9 [ ] L ® *
Total : 1085 = °
Line s=arch method: Bisection v Safe domain : 1003 N L °
nsafe domain : . ®
Line search accuracy: ||:|.C-:|1 | lJF.;;iIunaslriu-\gs: ;6 DeS|g ns on LSF L]
- *  Safe domain M| * ¢
1 e .
R i TRl LI A e Unsafe domain o/ No.of directions: 8 °
° P ' .
8 o0 Leettttte., L. e °, No. of parallel solver runs in presample: 4
I : L] .. L L] L] i " 1 1 I .
! ® ° e00000 o, ° ° ® [} -6 -4 -2 0 . 2 4 6
;o A ¢ o.:.°. . e o INPUT : X1
J L]
5 NI .Q:}.o ..O .....oooooo... : LW I . ® e o | o : ‘ .
N~ o~ ¢ . ¢ I o .'o v e * ° ¢ ° *
(o] > g o ™ ..' .oo.... : . ; L. ] ° * ©
. °
To) m 8 @ : . ...o .."C’.’. .o ¢ * . °
578 o o 2 . % °* . < e i
o [ J * - : ® .. L] o * b Py *
E .. Y ° ® : Ny
<L g e ©* © ° A
! e © o -
[ ] o [ ] L .. Do Y ® L ]
e o % >
m . Y - e [ ] '—'N
N Designs on LSF ' . .
o . Safegdomain <I No. of directions: 12 .
‘e
N oL Uhsafe dbndia o No. of parallel solver runs in presample: 1 |
v L ]
-iO 0 , * | @ Method : Directional Sampling (DS)
-6 -4 -2 INP%T X1 Complete directions : 12 /12

Probability of Failure @ 0 l

6 670 Standard deviation error : inf  J
° Reliability Index : 10
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Metamodel
A RS IVI = D S Mumber of supports in 1st step: ‘20{] E”
80
L&g Scaling factor in 1st step: |3.Dl.'l EII
= 40 Mumber of supports per step: ‘ 50 E”
4008 Number of steps: ‘3 E”
0
1-20 Directional Sampling
POF = 6.49'07 |-40 N
. . Mumber of directions: Ilnl]u EII
using 300 design for ARS trammg 18

Method : Adaptive Response Surface Method (ARSM) 3 g0 =3

Complets approximations : 3/ 3 0
Selected data : 3. Approximation

Probability of Failure : 5.4404e-07
Standard deviation error : B.52822e-08
Reliability Index : 4.84158

Approsamation errors :
lim_st_:

R2 | R2pred
1/ 098249

Number of designs

Total :
Safe domain :
Unsafe domain :

300
250
&0

Failure strings : 0O
Failed : O

INPUT : X2

Directional Sampling on Response Surface

Complete directions : 1000 / 1000

r

e ©  Designs on LSF
Ssfe domain : 5269 * Safe domain
Unsafe domain : 596
P e : O ®  Support points j
®* Unsafe domain -8 -6 -4 -2

INPUT : X1
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ARSM-DS

PoF = 6.4e-07

using 300 design for ARSM training
Method : Adaptive Response Surface Method (ARSM) 5

Complets approximations :

3/3

Selected data : 3. Approximation

Probability of Failure :
Standard deviation error :
Reliability Index :

Approsamation errors :
lim_st_¥:

6.4404e-07
£8.52822=-08
4.84158

Rz [ Repred
1/ 098249

Number of designs

Total :

Safe domain :
Unsafe domain :
Failure strings :
Failed :

300
250
50
]

0

v

Directional Sampling on Response Surface

Complete directions :

1000 [ 1000

MNumber of designs

Total :

Safe domain :
Unsafe domain :
Failure strings :
Failed :

5865
5269
536
]

0

~

Designs on LSF
Safe domain

Support points
Unsafe domain

Metamodel

Mumber of supports in 1st step: ‘ZDD

Scaling factor in 1st step: |3.DGI

Mumber of supports per step: ‘SIZI

Mumber of steps: ‘3

Directional Sampling

Mumber of directions: Il{JGO

INPUT : X2
-3 -2

-4

-6

-4

INPUT : X1
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Adaptive Sampling

PoF = 4.7e-07 \/

in first step scan of parameter space
statistical information about failure domain
are used to increase amount of failure events
focus on most probable failure domain

check for converged results

Result history

le-6]

® — Failure probability
®  Standard deviation

1.5

Failure Erobabilitylsrandard deviation [
0. 1 2

1000 1200 1400 1600 1800
Number of calculated designs

0

L ——8
600 800 2000

INPUT : X2

(@ Prescribed accuracy

Desired accuracy (C.0.V.) [%%]: .

Method : Adaptive Sampling (AS)

4/6

10% =

Complete iterations =

Maximum number of steps: |6

Selected data : All designs

Maximum number of samples per step: |5¢}D

Probability of Failure : 4.69917=-07

Number of samples per increment: |50|J

Standard deviation error 2 2.47341e-08

Ak AlF| (AR

Reliability Index : 4.50384

Initial scaling factor: |4.{JD S | Number of designs
_ _ Total : 2000
Adapt sampling density Safe domain : 1115
[ o0 ® ® Unsafe domain : 885
ofpe o.o‘.o e ® ® ot nssce s et o
. . » ® Failed : 0
L J
L J
Tre, 1
® °
° ° o %
oL ’ o ® 4
! @
e * o -9
&)
S o * e o T
&
& ° i
L ]
el <] .. 0.0 . |
| © [ ] @
& [ J
[ J ..
e o ®
o N D) o °%
© °
o oe
o e % e ek . ®
oL LA B ° ° o * % b o _ -
' e o * o°* , N ‘ * e e * o 2
0 % ed 00 ¢° 80 0 ed «fPee B etsne cattfn e cand .MJ ;
-10 -8 -6 -4 -2 0
INPUT : X1
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Output slots of sending nade Input slots of receiving node

:I: = o — "
b . OMD8Path ) Pl Parameterianager
o, I‘ @:, [ﬂ OMPFEointDesigns 8| Rererencenesign : : ‘ | ! 1

T & e ﬁj < B | | h
X . wosrs 3| B | i | |
27 | f |
(*) default settings 8 1
. [ ] w LS -
( no start designs, desired accuracy = 5E-06 ) =4 ey
Vet ffincen OT 1 L 1 L 1 1 |
0 1 2 3 4 5 6
Number of calculated designs [1e4]
Method : First Order Reliability Method (FORM) s . o | | l
Probability of Failure ; 1.3153e-06
Reliability Index : 4.69774 T e o .
® [ ] .. ]
Number of designs -~ ® g F ]
Total : 65881 ~ L ‘o . B o * |
Safe domain : 64634 ' g °* ®
N e ° ™
Unsafe domain : 1247 Y LI & ° ‘.
Failure strings : 0 P ° PN oo i
Failed : 0 '5 [0 ® °
o L]
Eq— * L4 ™ [ ] *
Most probable failure point(s) vl Most probable failure point
D 241t — Safe domain
' il ® °. ° Unsafe domain
Input parameter values ° ° ® o °
¥1: -3.77261 -8.84384 .
i - O [
X2 2.60422 1.79514 . ‘ | L . ‘. . .
[ 4
Reliability index (FORM) : 4,70378 5.37471 jabe 3eee o[ o cocmdlmmtnes | ®e o o %o
Probahility of faiure (FORM) : 1.27696e-06 3.835366-08 -8 -6 -4 -2

INPUT : X1

Y ANnsys



FORM (**)

Metheod : First Order Reliability Method (FORM)

Probahbility of Failure :
Reliability Index :

1.31819e-06
4.69729

Humber of designs

Total :

safe domain :
Unsafe domain :
Failure strings :
Failed :

a30
734
156
1]
1]

Most probable failure point(s)

ID: 406 386

Input parameter values
Xi: -3.76305 -8.84377
X2 -2.61315 -1.79501
Reliability index (FORM) : 4.70337 5.37458
Probability of failure (FORM) : 1,2735e-06 3.83591e-03

455

-8.87509

-1.43022

5.58037
1.20003e-03

INPUT3: X2

-4

-5

(**) 13 start designs violating limit from sensitivity study,
desired accuracy = 5E-03

Mishra bird function

e

PastPrac ISPUD

Most probable failure point
* Safe domain
®* Unsafe domain

.. o (e} ] —
o ° °®
o 0 ° ¢ i
’ © o.O' * %o ¢
. .
o 0 o

cocummmeoee eme o ol

6 -4 -2
INPUT : X1
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+ISPUD (*) . m

PYTH
Mishra bird fuy

no further

(*) using 3 MOPF from preceding FOR
search

PoF =4.7e-07 ‘/

Method : Importance Sampling Procedure Using Design Points (ISPUD)
Selected data ¢ All designs

Probability of Failure : 4.73743e-07
Standard deviation error @ 4,29413e-08
Reliability Index : 4.90224

Number of designs
Total : 6004
Safe domain @ 5045
IUnsafe domain @ 959
Failure strings : 0
Failed : 0

Design point(s)
ID: 2 4 3 1

Input parameter values

Xi -3.76305 -8.84377 -3.87309 -5

N2 -2.61315 -1.79301 -1.43022 -5.03368

Religbility index (ISPUD]) : 4.90314 5.66761 5.67859 10
Probability of failure {ISPUD) : 4.58713e-07 7.2402e-09 6.7903%-09 0

INPUT : X2

e

PastPrac ISPUD

Parameter Start designs Mominal design Criteria ISPUD Other Resu 4| M,

Find design points by Start designs w
FORM settings ...

() Prescribed sample size

(@) Prescribed accuracy

Desired accuracy (C.0.V.) [%]: I

Maximum number of samples: | 100000 > |

Mumber of samples per increment: | 1000

L

Design point
Safe domain
Unsafe domain

-8

INPUT : X1
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Conclusion

 advanced reliability methods are recommended for probability < 1/1000 since effort
for Monte-Carlo approach increases inversely proportional to expected probability

* before reliability analysis run sensitivity study within the bounds of stochastic
parameters or a robustness analysis to gain deeper design understanding

* reliability analysis operate in Standard Normal/Gaussian Space

* reliability analysis in two steps: fast detection of failure mechanisms and efficient
qguantification of failure probability

* failure mechanisms detection: scan of the stochastically space up to 8 Sigma or by
scaling the standard deviation (3.0 by default)

* failure mechanisms detection is easy to use for half-space with transition from safe to
unsafe domain, but search need to be adapted for local spots

Y ANnsys



Probability of failure for
the cut-out scenario
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Scenario-Based Safety Assessment using Ansys optiSLang

Customer Goals
Milage required to proof AD/ADAS system safety cannot be tested
operational in field = scenarios need to be simulated

Simulating complete required milage is also not feasible = collision
relevant scenarios need to be identified to significantly reduce
number of required simulations

Solution
Only «interesting» logical scenarios are analyzed

Sensitivity analysis in optiSLang allows for the identification of
parameters with highest impact & model failure

Reliability analysis in optiSLang to determine the probability of
failure for a logical scenario to compare performance between
ADAS software versions & identification of critical parameters

Benefits

* Allows for ADAS software function testing, verification &
certification
Identification of critical / relevant parameters

* Number of simulation scenarios can be reduced by factor 1000

scenario (_event) no event scenario (event)
s /_’a)" ?3__ | p—— - ‘ [?3.)
cut out vehicle  standing vehicle cut out vehicle  standing vehicle
simulated ) v simulated
not simulated
probability of occurrence probability of failure for each
of the respective scenario logical traffic scenario
{
Pra Probability of failure per
Ll -
+ h or km over the entire
field of application
2
*  Safe domain
. U:seaieodoamam fX(x)
il o Limit state
l:.' t. .:
-] .-' '.' )
g 120 .:...r ,'.':E'o,. % ._'!_
2 “0;3-:.'- gy lon |
§ 100 28 b H g X
g VR |,
8 t:-\..: L Probability of Failure : 0.0454044
5 7 bey Standard deviation error : 0.0013054
= Pe ® L]
L < - Reliability Indsx : 1.63115
v * PR T o’
= 0.05 " . i" R
Npyy DS-ZT 0.65 0:;3 = ;Ozg;?_w“’ Number of designs 1
. 35 .
SR iy O T3S Totzl : 2000 OSL

P(crash/km) = P(crash | scenario;)P(scenario; /km)
-+ P(crash | scenario,..s; ) P(scenario, s /km)

Y ANnsys



Cut-out scenario simulation

* ideal sensors to measure distance to preceding car
* custom AEB?! function by FMU-Plug-In

* emergency braking initiation based on:
Time-to-Collision (TTC) and Time-to-break-threshold (TTBT)

VUT R1T1 JAM
(Vehicle Under Test) (lane R1 Target 1)
VUT_PosX0, VUT_PosYO R1T1 PosX0, R1T1 PosYO PosYO RO
VUT_Speed R1T1 Deceleration PosYO R1
R1T1 Speed PosYO R2
ego_offset JamSpeed

out: dist_R1T2 I Autonomous Emergency Braking (AEB)

Y ANnsys



Parameter definition 11 parameters used for sensitivity/optimization
9 parameters used for stochastic analyses

4 dependent parameters

Name Parameter type Reference value Value type Resolution Range Range plot PDF Type Mean S5td.Dev. CoV Distribution parameter
1
'O\_ 1 | Plugins.MaxDecel Optimization 4.7 REAL Continuous 4 9 ﬁ
2 | DataTestRun.duration_s1 Optimization 3 REAL Continuous 2.7 3.3 ﬁ
3|| DataTestRun.R1T1 Pos¥0  Opt.+Stoch. O REAL Continuous -1 1 —— /\ TRUNCATEDNORMAL 0 0.328567 100% - 0; 0333;-1; 1
N, Ll ’
—-Q- 4|| DataTestRunRITI Speed ~ Opt.+Stoch.  67.5 REAL Continuous 35 100 [ | | UNIFORM 67.5 187639 27.7983 % 35; 100 o
5| DataTestRun.Jam_Pos¥0_RD Opt.+5Stoch, 4 REAL Continuous 3 5 ﬁ /\ TRUMCATEDNORMAL 4 0.328567 - 82141736 40.333; 3: 5
6|| DataTestRun.Jam_PosYOR1 Opt.+Stoch. 0 REAL Continuous -1 1 —— /\ TRUNCATEDNORMAL 0 0328567 100% - 050333 -1; 1
7| DataTestRunJam_PosYD R2 Opt.+Stoch., 35 REAL Continuous -45  -2.5 ﬁ /\ TRUNCATEDMORMAL -3,5 0328567 838762 % -3.5; 0.333; -4.5; -2.5
8|| DataTestRunJam_Speed ~ Opt.+Stoch. 20 REAL Continuous 0 30 —— _/\ TRUNCATEDNORMAL 20 5 25% - 20.514;5.49591:0; 30
9] | DataTestRun VUT_PosY0D Opt.+5toch. 0 REAL Continuous -1 1 ﬁ /\ TRUMCATEDMORMAL 0 0328567 - 10035 0:0.333;-1:1
14| R1T1_Deceleration Opt+Stoch. & REAL Continuous 1 10 ——— /\ TRIANGULAR 6 187083 31.1805% 1; 7 10
N, Ll ’
'Q' 1| eqo_offset Opt.+Stoch. 49312 REAL Continuous 443808 542432 (L r\ TRUNCATEDNORMAL 49.312 21,3809 43,3584 % 34.7108; 30.229; 18.037; 300) @———
- h Define parameter correlations 4
Name Parameter type Reference value Operation
12 DataTestRun.R1T1_PosXD Dependent 1186.25 1210.0-(DataTestRun.R1T1_Speed-DataTestRun.Jam_Speed)/2 DataTestRun.R1T1 _S-Fl eed &g I:I_III'H:SEt
12 DataTestRun.WUT_PosX0  Dependent 1136.94 DataTestRun.R1T1_PosX0-ego_offset ego_offset 0.65 1
A T DataTestRun.R1T1_Speed 1 0.65
—>-O- 14 DataTestRunVUT Speed  Dependent 67.5 DataTestRun.RIT1_Speed @
4 ~
Restore Defaults 0K Appl
15 DataTestRun.R1T1_Speed_s1 Dependent 49.5 DataTestRun.R1T1_Speed-DataTestRun.duration_s1*R1T1_Deceleration PRty
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Set up Parametric Variation Analysis

A | JamEnd_CutOut_AVx - Notepad - m] X
File Application Simulation Parameters Seftings Help PG ;;'h Edit Format View Help
INFOFILE1.1 - Do not remove this line! A
Car: Ansys_SUV_Engine_Running_Thermal Select iFileIdent = CarMaker-TestRun 11
Avxcelerate Sensors CoSimulation Library _— |FileCreator = CarMaker 11.0.1
ANSYS SUV Car EGO ‘Description:
|
Trailer: - Select :Vehicle = Ansys_SUV_Engine_Running_Thermal
—_— | Trailer =
iTire.B =
Tires: RE Select }Tire.l =
- iTire.Z =
Load:  40Kkg Seledt |Tire.3 =
10kg+10kg+10kg + L gzl || |Snapshot.Timelimit =
}Snapshot.DistLimit =
Maneuver . . Vehicleload.@.mass = 10
0 6080 ] [kt iy A st !VehicleLoad.B.pos -e00
1 1 Perf.  ¥|max Mode: ¥|save all [Vehicleload.1.mass = 10
Status: Buffer: 33.6 MB. 524 5 |Vehicleload.1.pos = @ @ @
Idle i = Stop [Vehicleload.2.mass = 10
Time: 0.0 iVehicleLoad.Z.pos =0080
3 i = 2
ave 3t Abor |Vehicleload.3.mass = 10
Distance: 0.0 EvE | [SSROPA | HESion |
E 2ance |Vehicleload.3.pos = 0 0 @
‘TrailerLoad.O.mass =10
| TrailerlLoad.@.pos = @ @ @
‘TrailerLoad.l.mass =10
|Trailerload.l.pos = @ 0 @
| TrailerLoad.2.mass = 10
‘TrailerLoad.Z.pos =0080

iDrivNan.Init.Velocity
|DrivMan.Init.GearNo =
| DrivMan.Init.SteerAng = @
fDrivMan.Init.LaneOffset =0
;DrivNan.Init.OperatorActive =1
DrivMan.Init.OperatorState = drive
;DrivMan.thlOperator.Kind = IPGOperator 1
‘DrivMan.nDMan =2

;DrivMan.O.Label = Highway Cruise

|

$VUT_Speed=80.0

(-]

< >
Windows (CR Ln1, Col1 100%

Find what:  |s Find Next
Direction Cancel

CMatch case Olp ®@Down

[[] Weap around
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=5 Sensitivity Analysis

* scanning space of 11 parameters of type ‘Optimization’

e approximation by surrogate model without over-fitting,
objective measure of prognosis quality = CoP

* automatic determination of relevant parameter subspace

Isotropic Kriging approximation of ego_v_min Coefficients of Prognosis (using MOP)
. Coefficient of PrognoTs =77% B full model: CoP = 77 %
; o T T

Responses E : : il ‘ |
ego_v_.min| 18.6 % l 57.8 %il - 54.5 %i’ ‘[ 76.9 % J
3
dist_R1T2_min | 58.2 %‘ @ 27.2 %JL [ 79.3% J
diSt_R1T2-maX _[ J ( " J 100 % —

INPUT : Plugins.MaxDecel i
Main effect: 6 %, Interactions: 13 % )

INPUT Earameter
: 3
ij E

& INPUT : DataTestRun.Jam_Speed
e 54 % ( Main effect: 14 %, Interactions: 40 % )
y |
collision_max 59.6 %J E 46.6 %' L J [ 78.6 % J g
2 2 2 2 5 _l INPUT : DataTestRun.R1T1_Speed |
3 a a 5 = 58 % | Main effect: 10 %l Interactions: 48 % )
g EI EI % 1 | 1 1 L 1
£ E ng: 0 20 40 60 80 100
= & 7 .J/ CoP [%] of OUTPUT : ego_v_min
= 't  Parameter
& a

-
-
7))
<
7))



. Sensitivity Analysis

From VUT speed control by the AEB function can be observed:

* if situation permits, VUT will decelerate to jam speed and follows at
safe distance (e.g. 7)

 braking to zero is forced only in hazardous situations (eg. 76, 54)
e physical limitation of VUT deceleration to 6 m/s?

Isotropic Kriging apprOX|mat|on of ego_v_min
Coefficient of Prognosis = 77 %

= [ ]
dist_R1T2_max ( J( 76.0 % Jm 7.6 %
i191%' see%i 46,6 % J[ 78.6 % j

Responses

ego_v_min

dist_ R1T2_min [

uiw A 0b3

collision_max [

Totalr

ego_offset

Plugins.MaxDecel[

Parameter \l’

DataTestRun.Jam_Speedf

DataTestRun.R1T1_Speedf

[m]:

distance VUT to jam end

dist_ R1T2

VUT acceleration [m/s?]

VUT speed [km/h]

o N 20

80

60

80

60

40

20

0

100 -8

40

0 10 20 30 40 50 60
Time [s]

-~
-
7
<
)



» Sensitivity Analysis

120

100

all collisions

80

* restriction to physical deceleration limit of 6m/s? needed,

but for small MaxDecel min. distance is too large (e.g. 76)! drastic drop

40

Time To Collision TTC [s]
60

* significant increase of collisions for speed higher than 60 km/h . in TTC!
* ideal sensor not able to detect jam end through preceding car ot LUBII : 3 : -
therefore, drastic drop in TTC => collision cannot be prevented Time [s]

Isotropic Kriging approximation of dist_R1T2_min

Isotropic Kriging approximation of dist_R1T2_min
Coefficient of Prognosis = 79 %

100

76—

nificant increase
90

of collisions

Responses ] I I ; ; Coefficient of Prognosis = 79 %
ego_v_min | 18.6 % ( 57.8 %‘I 545 %i J‘( 76.9 % ]
) ~ | T
dist_ R1T2_min [ 58.2 %i E’SOJ %' 27.2 %a L ‘[ 79.3 % EJ ps
dist_R1T2_max ‘[ J( 76.0 % J 100 %

70

» Sig
T _Speed [km/h]
0" 7080

ulwTzLLY ISP

e 2l O AR
collision_max 596% || 46.6% L 78.6 % >
o
= - i = = =
g g g b 5 c =
Q & & S = 98 I
£ i £ & 2> ; : : ! ' :
= £ s, 5 =c 4 5 6 7 8 9
- 3 5 o) ; 2
E; 5 2 J\ 83 PIugms.MaxPecceI [m/s?]
= 7 g o : e
= s Parameter < safety margin -- physical limit
: 8 : of 6 m/s?

-
-
7))
<
7))



Robustness Analysis

* 9 parameters included in stochastic analyses TR UT: DT T Speed s INPUT o ot Greatr w47

e automatic ranking of parameter scatter based on MOP s : usual safety distance [m]: ~ *  * -

« statistical analysis of responses ;: Sespecd /il L s
=> probability of collision is P_rel = 3% :»‘”

Reasons for high PoF: £

* no detection of jam end through leading car |l

* statistical model speed vs. offset includes e S % e w %W

Ser Zbdoa‘z.ges\,@ o
° e collision detected

speeders and pushers, no Adaptive Cruise Control (ACC)

Coefficients of Prognosis (using MOP)

fU” model: CoP = 81 % ‘ I I ‘ ‘ Statistical data
" Min: |4.44533e-05 Max: |23.4636
el INPUT : DataTestRun.Jam_Speed ] = | ol Histogram 1 —
et 14 % ( Main effect: 1 %, Interactions: 13 %) i Eail . Mean value: |7.10553 Standard deviation: |7.0234
] ailure Limit
= CoV: |0.98844
P INPUT : ego_offset ] Skewness: |0.693298 Excess kurtosis: |-1.00017
= 48 % ( Main effect: 21 %, Interactions: 27 %) . ) .
2 Limit : Failure Limit
Z Lower value = 0.1 | Upper value = not set Total
- INPUT : DataTestRun.R1T1_Speed ]
74 % ( Main effect: 55 %, Interactions: 19 % ) P_rel: | 0.0266667 0.0266667
| I ! I | \ Sigma-Level: |0.997457
0 20 40 60 80 100

10 15
CoP [%] of OUTPUT : dist_R1T2_min OUTPUT : dist_R1T2_min

Y ANnsys



VUT _Speed = R1T1_Speed

100

U]l Reliability Analyses: Limiting the impact velocity

o o m—

80

60

* motivation: reliability evaluation against fatalities at high speeds,
injuries at medium speeds and whiplash at low speeds

40

VUT speed [km/h]

20

o
g o)

 goal: multilinear curve as limit state for impact velocity depending
on initial speed

[m]:

distance VUT to jam end
60

40

* solution: for reliability analysis mathematical expressions can be
used on both sides of the limit state definition

dist_R1T2

20

Criteria
Mame Type Expression Criterion,  Limit Evaluated expression *
e limit_state_def Limit state ego_v_impact = limit_wval 0 = 13.75
e limit_val Variable  extract(interpolate( ,[vO],LINEAR,0,0),1)[0] 13.75
f» ego_v_impact Variable  #IF dist_R1T2_min >0.1 #THEN 0 #ELSE ego_v_min 0
fu w0 Variable  DataTestRun.R1T1_Speed 67.5
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Reliability Analyses: Limiting the impact velocity

* exemplary shown results from the ISPUD analysis
* one unsafe domain with MPFPointDesign ®

R1T1_Speed Jam_Speed ego_offset =
o
59.2 km/h 7.04 km/h 19.38 m S "
)
i 3
£ ol ¢ Design point § o
E ¢ Safe domain e
N7 @ ®  Unsafe domain g 704
e X
ol = 801
© of wn
= J: 90
E wl g 7Y
I o
>| =I 140
O nf
7}
ol \ L.
0 20 arest/?un 5 40 o\t

R1T1 Speed [km/h] “-Speeq




Reliability Analyses: Limiting the impact velocity

Result history

Estimation the probability of exceeding the

—+— Standard devation limit state function by means of:
y e » Adaptive Importance Sampling (AS) and

g * Importance Sampling Procedure

5 | using Design Points (ISPUD)

0.2 0.4 0.6 0.8 1 1.2 1.4
Number of calculated designs [1e4]

o Ot poramites Impirance
o £ o et o |
o 2 centai o . AS 14 500 20/20 3.02E-05 4.84E-06 16.0%

par.

qrobablll
INPUT
4

DataTestRun Jam_PosYO_R2

15

DataTestRun.R1T1_Speed
5%

- ISPUD 20002 20x 1000 3.69E-05 4.54E-06 12.3%

) |
Stq | ~H DataTestRun.Jam_Speed
=c | S 36 %
w ego_offset
| E——— |
oh ! - 53%

0 02 04 06 0 20 A0 0 g OO MC for COV=10%: n = 100/3.3e-05 ~ 3 Million samples
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Conclusion

* scenario-based software in the loop testing of ADAS / AD functions

* automated workflows enable automated tests running overnight, e.g. after update of
assistance function, of scenario-based simulation or of statistical models

* sensitivity study to scan ODD for collision-relevant scenario characteristics
(edge and corner case identification)

* robustness analysis to estimate results/KPI variation and to identify safety critical
inputs

* reliability analysis to efficiently quantify small probability for limit values, complex
mathematical expressions can be used as limit states
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Nested Robustness Evaluation in
Multi-objective Design Optimization
Validation
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How to Define the Robustness of a Design?

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

* Variance indicator: The coefficient of variation (CoV) of the objective
function and/or constraint values is not greater than the CoV of the
input variables

* Sigma level: Keep an undesired performance outside an interval of
mean +/- sigma level (e.g. design for six-sigma)

* Probability indicator (Reliability analysis): The probability of
reaching undesired performance is smaller than an acceptable value

Y ANSYS




How to Define the Robustness of a Design?

Robustness in terms of stability Robustness in terms of requirements
T | T T A
T Random response
— Safety
margin

Limit
Robust Optimum m

F o : P-
Deterministic Optimum ! :
1 l ] 1 l

* Performance (objective) of robust optimum - Safety margin (sigma level) of one or more

is less sensitive to input uncertainties responses y:
* Minimization of statistical evaluation of * Reliability (failure probability) with respect to
objective function f (e.g. minimize mean given limit state

and/or standard deviation)
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lterative (single objective) Robust Design Optimization

* Decoupled optimization and robustness/reliability analysis

* For each optimization run the safety factors are adjusted for the critical model
responses

=2 In our implementation variance-based robustness analysis is used inside the iteration
and a final reliability proof is performed for the final design




Coupled (single objective) Robust Design Optimization
* Fully coupled optimization and robustness/reliability analysis
* For each optimization (nominal) design the robustness/reliability analysis is performed

= Implementation uses small sample variance-based robustness measures during the
optimization (= 10 Designs) and a final (more accurate) reliability proof

=> But still the procedure is often not applicable to complex CAE models




Hybrid Robust Design Optimization

* Decoupled multi-objective optimization and robustness/reliability analysis

* For each validation design from the optimization run averaged performances are
acquired

e Applicable to variance- and reliability-based RDO




Example
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Specification

Peak torque 400 Nm
Peak power @ 3krpm, 6krpm 120, 100 kW
Cont. torque @ 1lkrpm, Skrpm 300, 124 Nm
Maximum speed 7000 Rpm
Cooling system WIJ

Coolant flow rate <6.5 |/min
Coolant fluid type EWG

Coolant inlet temperature 65 °C
Line current <500 A e
DC bus voltage 350 Vv
Package envelope 330 (P) x 220 mm
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Concept Design

* Machine topology:
- Stator slots =24
- Rotor poles =16

Winding pattern Cooling system

- V-shaped magnets
* Materials:
- Magnets: N48UH
- Magnetic cores: 235-35A
* Winding:
- Double-layer, concentrated
- Parallel paths per phase = 6
* Geometry:
- Stator diameter (mm) = 300
- Mechanical airgap (mm) =1




Optimization Scenario

* Objectives:
 Maximum efficiency over WLTP-3

[ Minimum active volume

* Constraints:
J Continuous torque (Nm) @ 1krpm > 300
(J Continuous torque (Nm) @ 5krpm > 124
J Peak power (kW) @ 3krpm > 120
J Peak power (kW) @ 6krpm > 100
J Torque ripples (%) @ 1krpm < 10
(J Von-Mises stress (MPa) @ 8.4krpm < 300

haft Torque (Nm)

WLTP-3 Drive Cycle

Speed vs Time

rm( |I

2000

Torque vs Time

I
5000

I
G000

7000



Initial Design Space

Active length [70; 150]
Bridge thickness [0.4; 3]
Magnet post [0.4; 3]
Magnet thickness [4; 10]
Pole arc ratio [0.7; 1]
Pole V angle [90; 180]
Slot depth ratio? [0.45; 0.8]
Slot width ratio? [0.4; 0.7]
Split ratio? [0.58; 0.85]
Slot opening ratio?* [0.2; 0.8]

1Slot Depth / (Slot Depth + Stator Back Iron Thickness)
2Slot Width / (Slot Width + Stator Tooth Width)

3 Stator Inner Diameter/ Stator Outer Diameter

4Slot Opening Width/ Slot Pitch

mm

mm

mm

mm

o

Slot
Depth
Bridge
thickness »
Magnet AN

Thickness /

Slot Opening
Width




Motor-CAD Integration

* Motor-CAD is ActiveX driven through
Python environment in order to:

1. Assign input design parameters

2.  Run multiphysics calculations Calculations
3. Extract output performance data /
AL ¢‘
#  Parametric system . ) oy
Assign Extract
Parameters Responses
> p »
&)
caII_MCﬂD.py
2

e ActiveX controls can be found in Motor-CAD y
in one click. OPTISLANG
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AMOP results
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Multi-objective optimization

* Optimization Wizard to build Multi-objective optimization

d %
AMOP Bl Posmroc;ssing
» & Validator System

i I » r“@ 1)
» b [ i J
@ " Filter designs
tl i 5 t. = S =
optinkatonsScp oy » & One-Click Optimization b
[ phmls ation: Scrlpt py
B ' z

W B —

Append designs Validator Postprocessing

MOP Solver

Automatic Build Process with One-Click-Optimization and Validation
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Variance-based robustness evaluation for best designs

* Optimization Wizard to build Multi-objective optimization
- Add Robustness System to Validator System

- “Last Chance” to add stochastic Properties for the Parameters




Variance-based robustness evaluation for best designs

* Optimization Wizard to build Multi-objective optimization

- Add Robustness System to Validator System

- “Last Chance” to add stochastic Properties for the Parameters

Scenery  status overview




AMOP — with validated multi-objective optimization

* AMOP:

- Refine MOP with objectives in mind
* One-Click-Optimization:
- Multi-objective optimization

* Validator System

- Validates few best design candidates




AMOP — with validated multi-objective optimization

* AMOP:

- Refine MOP with objectives in mind
* One-Click-Optimization:

- Multi-objective optimization
* Validator System

- Validates few best design candidates & an &




Validation results
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Summary

* Hybrid Approach shows non-approximated Pareto front with Standard deviation

- Compromise Evaluation can be done with Robustness in mind

- Fragility Curves could

be incorporated

335 34 34.5

OBJ: OAWeggjhtjo(al

325

o-©

315
| S l I

™

185 190

Pareto-Front in Black/ Red as Ap

1
0BJ: O Duty Cycle To!

200 205

proximation and Green

from the Validation

345

oS

3rd + 4th Dimension
stddev_...al_loss stddev_...eight

347081 g 0.30569
= 03
E 25 7 028

(7]
o O 165672 - 0.269112
S O
[
o
©
g @)

4

(0]

A °o ,

- ()

= (@)

[+
;' " " " " " " "
190 192 194 196 198 200 202

duty_cycle_total_loss

. -
204 206

Pareto-Front with Standard Deviation of the two
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Process Integration

Parametric model as base for:
e User-defined optimization (design) space
* Naturally given robustness (random) space

=

Design variables
Entities that define the design space
(Parameter type: Optimization

Name Parameter type

Parameter_0 |Optimization ~

Optimization

Response variables

InpiRcWifables | Outputs from the
Opt.+Stoch. The CAE process system
Dependent generates the
Scattering variables results according
Entities that define the robustness space to the inputs

(Parameter type: Stochastic)
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Input and Response Variables

* Scalar design variables:
= of value type REAL, INTEGER, STRING and BOOL
= and with resolution of continuous, discrete and binary

e Scalar stochastic variables with continuous resolution

Value type Resolution Range Range plot
PDF Type Mean Std. Dev. CoV Distribution parameter
REAL Continuous 8 10 ——
k LOGNORMAL 0.02 0.01 50 % -4.02359; 0472381
STRING Nominal discrete steel; wood; aluminium No order M
EXPONENTIAL 1 2 200 % 252
INTEGER  Discrete by value [0-100]; — A
NORMAL 20 1 5% 20;1
BOOL Ordinal discrete (by index) false; true e
design variables stochastic variables Input variables
p
: : : Response variables
* Scalar responses with continuous resolution P

: . : i _ Numeric values only
* Vector responses with continuous resolution having variable length

* Signal responses having variable length and several channels
* 2D and 3D field data using enterprise add-on (Statistics on Structure SoS)
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% Verify Design Quality by Robustness Analysis

Before Scenario

o High entry barrier to start with robustness
o High simulation effort using standard

Monte-Carlo approach Ij:'ﬁgffﬁ'
. W B ghy
o Optimum not check against manufacturing scattering e

o No quantification of risks
o No ranking of parameter scatter (Tolerances)

After Scenario » Powerful procedure to check design quality: Robustness
evaluation with optimized DoE, Proof of Reliability with

o Quantification of variable scatter as qualified input _ : ) ) i
leading edge algorithms even for multiple failure regions.

for subsequent stochastic analysis

o Easy setup of robustness & reliability analysis » Statistical analysis of input correlations and fit of
o Automatic ranking of parameter scatter distribution functions.
o Less simulation even for small probability of failure > Guided wizards for easy and safe usage.
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Exceedance Probability

* Probability of reaching values above a limit

2y Fx(X)

* For Gaussian distribution: M g X
Pe = P[X > ¢
£ 14 u+o 1+ 20 w—+ 3o pn+ 4o u+ do
P:|50-1071{1.6-107"]23-107% | 1.3-107° [ 3.2-107° [ 2.9-10™"




How to Define the Robustness of a Design?

Robustness in terms of stability Robustness in terms of requirements
T T I T T A
B 7] Random response
B ! Safety
margin

Limit

Robust Optimum

objective

Deterministic Optimum Pr
| | | | |

* Performance (objective) of robust optimum » Safety margin (sigma level) of one or more
is less sensitive to input uncertainties responsesy:
* Minimization of statistical evaluation of (Yiimit — py) /oy = a

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

 Reliability (failure probability) with respect

_ ' _ . to given limit state: target
f—minor f+4+o; = min pr < pr
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How to Define the Robustness of a Design?

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

* Variance indicator: The coefficient of variation (CoV) of the objective function
and/or constraint values is not greater than the CoV of the input variables

* Sigma level: Keep an undesired performance outside an interval of
mean +/- sigma level (e.g. design for six-sigma)

* Probability indicator: The probability of reaching undesired =)
performance is smaller than an acceptable value
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How to quantify uncertainty?

* Intuitively

unaware low effort

not important

-

* Variance indicator

=1
I
I
I
I
I

A, frequently

increasing level of failure probability
Independent
llimit(s) only

increasing level of uncertainty knowledge
increasing level of analysis complexity

* Sigma level estimated
rarely ~ 1/1000
L several
* Probability indicator limits /
\/ limit functions
very rarely qualified high effort
=)

Y ANnsys



Variance and Reliability Based Robustness Analysis

1. automate = 2. derive and include parameter 3.define limit state
simulation workflow scatter and correlation

/
/ Fitted PDF - GUMBEL ‘

/ | il Histogram

Tl Jand

Input Files Solve Output Files

‘ 2(x)=0
{ i Limit state
AT N
Name Type Expression:* Criterion  Limit

lim_st_min_v Limit state min_v < limit_val

0

5. parameter importance 4. check the variation

(=

by robustness analysis [

h 4
PDF
0 0.005 0.01 0.015 0.02 0.025

6. quantify uncertainty
by reliability analysis

¢

n point
fe domain
domain

. ;
b Fasyr
L) ®  samgl
Desi [ Mei
* Desig | ¥ K O Hedion vaue +/- 25
- sa fx(x) oo | Limitstate %g o '.ﬂ Median value +/- 50 Quan
[t Uns: T T 3, *
) ™ INPUT: X1 J : ,:3
+ 7 PoF 1] 19 % o e
s ] oo
. o wo X - 1 2 =
~
o = INPUT: X2 i Fitted POF - NORMAL
- Probability of Failure : 4.57880%¢-6 | 19 % omege camped e dll Histogram
50 . . Standard deviation error : 2.25714e-7 -
] . Reliability Index : 4.43616 2 T Satetcal dota
: Z INPUT:
o P Number of designs = T X3 1 Min: 0.19694 Max: 034174 |
>, . Total : 5005 — |
e . -
- 1 4 Safe domain - 2676 ' | Mean value: 0.271754 Standard deviation: 0.0295794
T, Unsafe domain : 2329 0 %:0 b 19 42 OUTPSP 80 CoV: 0.108846
* p —
© - th Fallure strings : oP [%] 0 Skewness: -0.0223643 Excess kurtosis: -0.46594
' .. Failed : 0
6 4 4 6 —_— y

-2 0 2
INPUT @ x1




FORM (*)

(*) default settings

e
Postroz 150D Most probable failure point
®* Safe domain

c Unsafe domain

Method : First Order Reliability Method (FORM)

Probability of Failure ; 1.3153e-06
Reliability Index : 4.69774

Humber of designs
Total : 65381
Safe domain : 64634
Unsafe domain : 1247
Failure strings : 0
Failed : 0

2

INPUT : X2
0

Most probable failure point(s)

-2

Iy 254135 20266

Input parameter values

Al: -3. 77261 -3.84384

X2 -2.60922 -1.7/9514

Reliability index (FORM) : 4,70378 5,.37471
Probability of failure (FORM) : 1, 276%96e-08 3.83536e-08

INPUT X1

— \nsys



FORM (*)

(*) 13 start design violating limit from sensttivity
study, no further initial samples,

. 5
desired accuracy = 0.005 oV
Metheod : First Order Reliability Method (FORM) o‘ o°n®
ol o° ® |
Probability of Failure : 1.31819e-08& ( PY
Reliability Index : 4.69729 o . ® ° ..I
-
Number of designs T ‘k( o 1
Total : 830 [ ] Y
Safe domain : 734 Ny e o~ ® PY ‘ ° o0 ..
Unsafe domain : 156 el o o o |
Failure strings : 0 ° Y 3 o L
Failed : 0 SO i ®
Most probable failure point(s) T . . |
' shown ¢n standard gaussian space
ID: 405 836 455
< ®

Input parameter values ! o o ]

X1: -3.76305 -8.84377 -8,87509 ®
X2 -2.61315 -1,79501 -1,43022 © O‘ |

Reliability index (FORM) : 4,70337 5.37468 5.58037 e ® 6 ®eo e ...‘ o6 @6 oo ; |
Probability of failure (FORM) : 1.2795e-06  3.83591e-08  1.20003e-08 6 4 ) 0 ) 4 6

INPUT : X1
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Concrete Scenario 107 with most drastic TTC drop
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