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Analyses with Uncertainties

Predictive mathematical and numerical models
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n Predictive mathematical and numerical models

m Can contain a fairly large set of parameters
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Analyses with Uncertainties

m Predictive mathematical and numerical models
= Can contain a fairly large set of parameters

m “True" values are not precisely known, i.e. they are uncertain.
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Reliability and Risk Analysis in Engineering

General concepts

Engineers need to assure that engineered systems, components and
structures provide acceptable levels of safety.
Requires a proper Risk analysis and management

Risk assessment tools

A systematic and comprehensive methodology to evaluate risks associated
with a complex engineered technological entity

Failure modes and effects analysis
Event tree

Fault tree analysis

Reliability and Availability analysis

M.Broggi
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Reliability and Risk Analysis in Engineering

Statistical analysis

Accidental statistics and historical data are used by industry (essential tools
for management)

monitor risk and safety level
identify hazards

]
m

= analyse accident causes

m evaluate effect of risk reducing measures
]
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Uncertainties in Engineering systems

Irreducible (aleatory) uncertainties

Parameters intrinsically uncertain
Value varies at each experiment

Future environmental conditions, chaotic and stochastic process

M.Broggi 6
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Uncertainties in Engineering systems

Reducible (epistemic) uncertainties

= Quantities that could be in theory fully determined
= Practically they are not available

= Too expensive, only destructive measurement, etc.

M.Broggi
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Uncertainties in Engineering systems

Unavoidable” / Aleatory
Uncertainties
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Uncertainties in Engineering systems
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Uncertainties in Engineering systems
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Dealing with Uncertainties
Quantifying Uncertainty

Modelling and refinement of uncertainty based on experimental data,
simulations and/or expert opinion

Propagation of mixed aleatory and epistemic uncertainties through
system models

Parameter ranking and sensitivity analysis in the presence of
uncertainty

M.Broggi 9
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Reliability

Dealing with Uncertainties
Managing Uncertainty

Identification of the parameters whose uncertainty is the most/least
consequential
Worst-case system performance assessment

Design in the presence of uncertainty

N

~

Deterministic

Optimisation

Uncertainty Model Analysis Unc<l-3rtainty Qua.n.tiﬁc. onsequence of failure
(failure probability) (costs)
Robust/Reliability-Based Optimisation
Risk Based Optimisation

\ J

M.Broggi
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Epistemic uncertainties

Different levels of information

Model the unknowns without introducing unjustified assumptions
Limited experimental data

increasing level of information

M|
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Reliability

Epistemic uncertainties

Different levels of information

Model the unknowns without introducing unjustified assumptions

Limited experimental data
Qualitative and heterogeneous information (expert judgements,
constrasting sources)

Mathematical
Exacly 7

7 (significan digits)

M About 7
Around 7
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Epistemic uncertainties

Different levels of information

Model the unknowns without introducing unjustified assumptions

Limited experimental data
Qualitative and heterogeneous information (expert judgements,
constrasting sources)

cold Warm hot

temperature ==

N e
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.
Naive approach

Treat epistemic uncertainties as aleatory uncertainties
Example: Information available as only bounds — assign uniform

distribution
1
1@ Safe
=
L=
Sh i
0 I I I I

| | |
performance
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Naive approach

Treat epistemic uncertainties as aleatory uncertainties
m Example: Information available as only bounds — assign uniform

distribution
1
1@ Safe
=
L=
518
0 | I I I
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Naive approach
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m Example: Information available as only bounds — assign uniform
distribution

Treat epistemic uncertainties as aleatory uncertainties

CDF

M.Broggi
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Imprecise parameters

> X
X1 min Xq ;max
L
> Y2
X2,min X2,max
Xn
xn,min xn,max
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Imprecise random numbers

u Different probability masses associated to distinct intervals
(e.g. weighting expert options or assumptions)
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Imprecise random numbers

u Different probability masses associated to distinct intervals
(e.g. weighting expert options or assumptions)
m UQ by sampling intervals (solving an optimization problem for each

sample)
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Imprecise random variables
Probability box

Beta pbox - parameter: pl

09
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S 06
T

CIF] x10°

Distributional p-box Distribution-free p-box
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Institute for

Analyses with Imprecise Probabilities
Computational Challenges
* Deterministic Analysis

Stochastic Analysis
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Analyses with Imprecise Probabilities
Computational Challenges

* Deterministic Analysis

3

Stochastic Analysis
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Early recognition of the need of:
» Numerically efficient Monte Carlo methods

= Innovative software to solve to realistic, industry-size problems

COSSAN (COmputational Stochastic Stuctural ANalises)

1982
mmmtute of

1992
Engineering ISPUD
::Mechanics
Eiarm)

2002 2006-2011
COSSAN-C
COSSAN-A

Transfer of stochastic simulation methods into engineering practice

COSSAN-B (FE_RV)

re-coding
M.Broggi
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COSSAN software

Past development

ISPUD (Importance sampling using
design points)
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From Structural Safety 4 (1987) 293-309

f(xlg(x)
R

q(x)

Ry, Sp .....coordinates of design point
Fig. 3. Schematic sketch for importance sampling procedure using the design point (ISPUD).

1982 1992 2002 2006-2011
Institute of
'Engi i ISPUD COSSAN-C
"Engineering COSSAN-A re-coding

M.Broggi

COSSAN-B (FE_RV)
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COSSAN software

Past development

. 3 Structural
= ISPUD (Importance sampling using il s s sately
. . —
design points)
Software for reliability-based analysis *
m COSSAN-A (Stand alone software) : R

Uniersty of tnnsruck, Insbrick, 4

1982 1992 2002 2006-2011
mlnstitute of )
MRS Engineering ISPUD  COSSAN-C .

-~ ~Mechanics COSSAN-A re-coding
) COSSAN-B (FE_RV)
o = ) = =

M.Broggi

19



Institute for

Risk and
Reliability [ ===

COSSAN software

Past development

m ISPUD (Importance sampling using
design points)

m COSSAN-A (Stand alone software)

1982
@Insntute of

1992
W#engineering  ISPUD_ COSSAN-C
.= Mechanics COSSAN-A
Rt i

2002 2006-2011

{i (] Leibniz
| IJ( 2] Universitit
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APPLICATIONS

COSSAN-B (FE_RV)
M.Broggi

re-coding
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COSSAN software

Past development

ISPUD (Importance sampling using
design points) Shell | FERV Response
COSSAN-A (Stand alone software)

COSSAN-B (Interaction with 3rd party =gl o
solvers) £ |

1982 1992 2002 2006-2011

ISPUD COSSAN-C
COSSAN-A re-coding
COSSAN-B (FE_RV)

M.Broggi 19
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COSSAN software
Past development
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m ISPUD (Importance sampling using
design points)

User Interfaces
p,:‘;,:'::'ng] ;’g_“;;:gg;;]
Interface language
m COSSAN-A (Stand alone software) 3
Software core components
m COSSAN-B (Interaction with 3rd party [ gortos s oo M ot sosponces
solvers) 3T
Interaction with 3rd party software
m 2006 - 2011 development of next o | (e
generation Of COSSAN manipulation (solver)
1982 1992 2002 2006-2011
Institute of
@E”fg'm“e:rf’ng ISPUD  COSSAN-C
.= = =Mechanics COSSAN-A
Nl i) COSSAN-B (FE_RV)

re-coding
M.Broggi
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COSSAN Software
COSSAN-X and OpenCossan

m from 2011 hosted at University of Liverpool
m 2012 First Release of OpenCossan

= 2014 New developments for iepistemic
uncertainties

m 2016 Liverpool-Hannover joint development

2012 2013 2014 2015 2016

l;l Leibniz
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’ Cossan X
OpenCossan c“u

M.Broggi

Institut fir Bauinformatik
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COSSAN-X
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Next generation software for numerical simulation and

uncertainty management

m Integrate legacy stand-alone
applications

General Purpose Software
User friendly interfaces
Open 1/0 formats

Include efficient
algorithms/methods

u Better interoperation with 3rd

party software
m High-fidelity analysis

M.Broggi

User Interfaces

Graphical User programming
Interface language

General Purpose” high-level ] { plug-ins for

FE-packages

|

3t

Software core components
Toolboxes Applications
Algorithms and tools solution sequences

3

Interaction with 3rd party software

Input / output files

manipulation (solver)

[ FE-package

]
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General purpose graphical user interfaces

m Coded in Eclipse RCP

= Multiplatform native
interfaces

M.Broggi
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General purpose graphical user interfaces

m Coded in Eclipse RCP

= Multiplatform native
interfaces

u Help, wizards and
graphical tools

= Provide guidance to the

users at every step of the
analysis

M.Broggi 22
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General purpose graphical user interfaces
Problem definition

B tilever-Beam] | A h{Cantilever Beam] 5% =8
Random Variable Properties ®
~ Metadata ~ PDF Chart
Name: h 40801
36E01 i N
Description: heigth of the beam 32601
28601 ~
24601 N
20601
~ Value Y6601
————————— 12601
Distribution: Normal 2] e
40E00
Definition Type: Coto0
2

0L 22801 22601 23601 2401 Z4E0L  24E01 25601 26E01 26801 26£.01
Mean 024

- CoF Chart
Standard devaion oot

201 2201 22601 23601 24801 24801 24601 25601 26801 26600

26601
A Rvs 23| A RuSets K Parameters|  Functions| . Problems| & Console =a
Name Description | Distribution  Type Mean std Parl Par2
AE Young's Modu! Lognormal | Mean - Standard Devi 1.0E10 169

AP tip load Lognormal | Mean - Standard Devi 5000.0 400.0 F
An heigth of the t Normal Mean - Standard Devi 024 001

A tho density Lognormal | Mean - Standard Devi 600.0 140.0 &

M.Broggi
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General purpose graphical user interfaces
Problem definition

Fle Ede Wincow Help
sa
o [ nlcmteversean] | prysmalcantever.. 1| maste130737540.. | icanteverDear] |4 Plcomtever-pear)|” =0 Brean %5 &Aoo v =0,
« | Physical Model EX)
- Metadata
r prysmt

Descriptio: Pryscat Madel

4 Relstea Topics W Bookmar

saAamcoEpoa

u]
8
I
i
!
N
o
P
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General purpose graphical user interfaces
Wizards (to define analyses)

Global Sensitivity Analysis

Input Variables:

l;l Leibniz
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Description 2
AE Young's Module =
ann
ap tip load Gt snstm Aniyss
An heigth of the beam
Atho density
Number of Bootstrap Resamples: (100
Eps oo ]
Method
® Random Balance Design
Number of harmonics: [6
O Upper Bounds (Total effects)
O Compute Sobol Indices
@ <Back Next> Cancel Finish

M.Broggi
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102
1094
General purpose graphical user interfaces
Output visualization
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Tools and algorithms
COSSAN-X and OpenCOSSAN

Toolbox Main algorithms and procedures

Reliability Monte Carlo, LatinHyperCube Sampling, Sobol’ Sam-
pling, Halton Sampling, Line Sampling, Subset simula-
tion and approximate methods (FORM, bounds)

Optimization BFGS, COBYLA, Cross Entropy, Evolution Strategies,

Meta-modelling

Sensitivity

Genetic Algorithms, MiniMax, Simplex, Simulated An-
nealing, SQP, Stochastic Ranking

Artificial Neural Networks, Response Surface, Polyhar-
monic Splines, polynomial-chaos

Local (finite differences, Monte Carlo), Global (Sobol’
and Total indices, upper bounds)

M.Broggi
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Tools and agorithms
OpenCOSSAN

The following new feature are available and in development

Toolbox Main algorithms and procedures
Uncertainty quantification  Imprecise probabilities, Model Updating, Sensi-
and propagation tivity with p-boxes
Reliability Subset-infinite, Advanced line Sampling
System Reliability Bayesian Networks (crisp and imprecise), Sur-

vival Signature (crisp and imprecise)
Meta-Model Gaussian process, Interval Predictor Model

oy < = = =

M.Broggi 27
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Advanced Monte Carlo Simulation

» Importance Sampling

Pr= [ 150 g XX i
x (x
1 N
Py = — ZH;(X(’“))w(X(’“))
k=1

M.Broggi

Density

Density function f(x)

New density h(x)
of the random variable X

c
Random Variable X

Limit state function
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Advanced Monte Carlo Simulation

m Importance Sampling
m Line Sampling

k)
Line {(¥)

L ]
M.Broggi
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Advanced Monte Carlo Simulation

m Importance Sampling
m Line Sampling

m Subset Simulation

m m—1
()

E4
) [ P(FisalF) '
=1

region of interest

M.Broggi
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Approximation of input/output

relations with simple mathematical
expression
= Response surface

m Kriging / Gaussian Process

M.Broggi
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Surrogate models

Approximation of input/output
relations with simple mathematical
expression

Response surface
Kriging / Gaussian Process
Artificial Neural Networks

Polyharmonic Splines

M.Broggi
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Hidden
Input
Output
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Surrogate models

Approximation of input/output

relations with simple mathematical
expression

Response surface

m Kriging / Gaussian Process
]

]

|

M.Broggi

Artificial Neural Networks
Polyharmonic Splines

Interval Predictor Model
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Interaction with 3rd party software

m Third party software are considered as black-boxes
m ASCII input/output files manipulation

]L COSSAN-X

\
\}
Y
Input 1 :@

Inputn =3

i N
A\

solver

Npo

Out m = 264

|
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Interaction with 3rd party software

m User friendly editors (Human readable XML tags)
m Injector (Input files) / Extractor (output file)
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| injector.run car2_adat{CarBodyProject] £3 | A\ rvset_pshelll CartodyProject] - 8| 8ouine 3| @ —8
| = PEAR -
ID CALCUL NASTRAN . 61
5 'L = MATL 0
SOL 103 out 1ne am— = PSOLID
TIME 1660688 $ MINUTES L} L} [ERVE] £
s i1nput file & psHELL
CEND eun -
$ 1
ECHO = NONE
METHOD = 1 !
$ A psilil)
SET 1 =1 THRU 16 1
$ 10
include '843_63100_a.dat" XM L ta g 1
$ / 0833333
R T _ 00
PSHELL 11 f<cossan name="xrv pshell 11" rmat trand" original="1" />} en
PSHELL 12 bt o e e T ST RT: T
PSHELL 13 1<cossan name="xrv_pshell_13" R 12
PSHELL 14 1<cossan name="xrv_pshell 14" ] 1
PSHELL 15 1<cossan name="xrv_pshell_15" S A ps12(1)
BEHEI | 1R 1<cacsan name="xry n<hell 16" /s 1

M.Broggi
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Interaction with 3rd party software

m User friendly editors (Human readable XML tags)
m Injector (Input files) / Extractor (output file)

e Slprect 7, L] 52 ovane 32 -o
v DISPLACEMENT VECTOR
© responsel())
@ response2(1)

0.0 -5.701582E401 =-6.861596E+00  1.291985E+02 0.0
0.0 -6.522201E401 =-6.456335E+00  1.332225E402 0.0
0.0 ~7.364545E401 -6.056943E+00  1.361499E+02 0.0
0.0 -8.221801E401 =-5.687721E+00  1.379923E+02 0.0

MARCH 31, 2010 MD NASTRA

DISPLACEMENT VECTO

-5.369978E+00 | 1.387539E+02

1.658389E401
3.161435E401

ES=2895456=01 -3.139789E-01
-2.043430E+00 -1.144128E+00
-4.463604E+00 -2.228836E+00 | 4.560753E+01
-7.730611£+00 [[ENSISOSNERON-! 5.873922E+01
-5.740464E+01 =-5.584277E+00  1.288871E+02
-6.559064E+01 -5.338878E+00  1.328912E+02
-7.399347E+01 -5.076230E+400  1.358238E+02
-8.254626E+01 -4.817125E+400  1.376875E+02
-9.118216E+01 =-4.578262E+00  1.384783E+02
0.0 0.0 0.0
-5.418680E-01 ~-1.666545E-01  1.700574E+01
-2.095531E+00 =-6.157882E-01  3.242200E+01
-4.571918E+00 =-1.323669E+00  4.657334E+01
-7.899426E+00 -2.103360E+00  5.968115E+01
-1.201503E+01 -2.85767SE+00  7.181066E+01
~1.685869E+01 -3.474942E+00  8.298742E+01
-2.236951E+01 -3.942802E+00  9.316833E+01
-2.848516E+01 =-4.256059E+00  1.023466E+02
14222E+01 _-4.432096E400 _ 1.104979E+02

M.Broggi 31
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OpenCossan
Open Matlab toolkit for risk and uncertainty
quantification

» Programmed object oriented
fashion in MATLAB

= Open Source Freewnsinheedom

= Allows to control, modify, and

implement new algorithms/tools

M.Broggi
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OpenCossan
Open Matlab toolkit for risk and uncertainty
quantification

» Programmed object oriented
fashion in MATLAB

m Open Source FreeasinFreedom

= Allows to control, modify, and

implement new algorithms/tools

Modular Framework: easy to use/reuse components
No need to “reinvent the wheel”

M.Broggi
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OpenCossan

Intuitive and Flexible toolbox

Model
. X Monte Carl
Random Performance c_’"e aro.
quantities Function Line Sampling
Sub Set
Probabilistic
4— Simulator
Model )
Failure
Probability

M.Broggi

This File is part of openCOSSAN. The open generzl purpose natlah
toolbox for numerical amalysis, risk and uncertainty guantification.
Author: Edoardo Patelli

http://cossan.co.uk

EEEEE

% Definition of the Model
MyMode1= Model(*evaluator' ModelSteelRooTruss, Xinput’ ,MyInput):

% Definition of the Performance Function
MyPerfornanceFunetion = PerformanceFunction(’ Sdenand’, naDis
*Scapacity’, ' displacementCapacity’ ,‘Suutpu(name L 'Vg');

% Definition of the Probabilistic Madel
MyPrababi1istiMode1=Probabi1isticMode1( xnode’ , MyMade,
“XperfornanceFunction’ MyPerfornanceFunction);

% Definition of the Reliability solver
MySinulator=LineSanpling( ' NnaxLines' ,20);
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OpenCossan

Parallelization Solutions

1 Loop Parallelism

m shared memory multicore

= use Matlab parfor command

l;l Leibniz
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[ Local parallelism)

Matlab parfor
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OpenCossan
Parallelization Solutions

Loop Parallelism

shared memory multicore
use Matlab parfor command

Job parallelism

Distributed memory cluster
independent jobs sent through GridEngine

M.Broggi
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[ Job parallelism '\

Job manager

Workers
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OpenCossan
Parallelization Solutions

Loop Parallelism

shared memory multicore
use Matlab parfor command

Job parallelism

Distributed memory cluster
independent jobs sent through GridEngine

Hybrid Job+Loop parallelism
Each job start a pool of Matlab workers

M.Broggi
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(Job parallelism +\

local parellization
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Collaborative development

Documentation

Open Documentation based on
MediaWiki

m Theory manual

= Learn-by examples

m Tutorials and examples

u Reference Manual

M.Broggi

v,

a)

cossan

Tutorials

€COSSAN Trac system

cossaN web site

~ opencossan
Theory Manual
Raferance Hanual
User Manual

b printiexport

» Tools

l'l Leibniz
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@ Epatelll Talk Preferences Watchlist Contributions Log out

catogory  Discussion Read Edit| View history 77 [search a

Category:Getting Started

s sactionprovdes
0penCOSSAN onto your computer. Tne OpenCOSSAN Engine is an invalable tool
core of the COSSAN softuare, while
CossANXis a software package doveloped to mak the concepts and techologies of uncetanty
quantifcation and risk analysis avalable. The belos guides offer 3 walk thraugh guids to get the
Software up and running on your computer, and provides detailed guides on instalation for operating

Systems; Windows, Linux and Mac0s.

At the bottomn of the can also find
running of the software. known bugs withi the software packages and some basic nformation on the importing of
tutarials. The below pages provid users vith the basic informatian nsaded to get started using the softuars

packages.
COSSAN-X faci]

The page Insallation of COSSAN describes how to nstall 3 version of COSSANSX on your machine.
tools, remately.

o access

Users ars sble to access an
take users through the dounload process.

More infornation can be found for Cossan-X through the following Link: Category:COSSIN-X

OpenCOSSAN fedi]

i an easy to follow guide, taking you through. in

Opencs
detai the salld and
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Collaborative development

Code development
Based on Apache Subversion
(SVN)
m Software versioning and
revision control system

= Maintain versions of the files
such as source code, web
pages, and documentation.

u]
8
I
i
!
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Collaborative development

Code development
Based on Apache Subversion
(SVN)
m Software versioning and
revision control system
= Maintain versions of the files
such as source code, web
pages, and documentation.
JENKINS

= Integration tool

seDoCaNEN

m Automatically validate every
new proposed code change

M.Broggi
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Collaborative development

Code development
Based on Apache Subversion
(SVN)
m Software versioning and
revision control system s trac

.................

,,,,,,
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= Maintain versions of the files .

such as source code, web

pages, and documentation. Ao

JENKINS
= Integration tool

m Automatically validate every
new proposed code change

TRAC system

m Effective way to track issues
and software bugs
M.Broggi
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[E] OpenCossan demonstration

M.Broggi
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Switch to MATLARB for a
quick demo of OpenCossan

M.Broggi
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/1 Selected Research
= DLR-AIRMOD

m The NASA UQ Challenge Problem

M.Broggi
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Model updating of the DLR Airmod

» Replica of GARTEUR SM-AG19
benchmark structure
= 2m wingspan, 1.5m length, 0.46m
height, 44kg weight
m Disassembled and reassembled 130
times (86 tests usable)

m Excited with random signal in the
frequency 0-400 Hz
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Numerical model

Modeled in MSC.NASTRAN

3136 grid points

1446 solid elements (CHEXA, CPENTA)
for the main aluminium structure

561 CELASLI for joints modelling

73 concentrated mass for cables,
instrumentation

Comparison between Covariance Model Updating (Frequentist updating,
optimization based) and Transitional Markov Chain Monte-Carlo (Bayesian
updating)

M.Broggi 41
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Uncertain Parameters
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Leibniz
Universitat
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Type Location Description Init. val. Unit
fp;  Stiffness Front bungee cord Support stiffness 1.80E+03 N/m?
0o,  Stiffness Rear bungee cord Support stiffness 7.50E+03 N/m?
fp3  Stiffness VTP/HTP joint Sensor cable - y dir" 1.30E+02 N/m
0pa  Stiffness Wing/fuselage joint Sensor cable - y dir” (top) 7.00E+01 N/m
fps  Stiffness Wing/fuselage joint Sensor cable - y dir" (bott™) 7.00E+01 N/m
Ope  Stiffness VTP/HTP joint Joint stiffness - x, y dir™ 1.00E+07 N/m
07 Stiffness VTP/HTP joint Joint stiffness - z dir” 1.00E+09 N/m
s  Mass VTP/HTP joint Sensor cables 2.00E-01 kg
fps  Mass Wingtip right wing Screws and glue 1.86E-01 kg
0o  Mass Wingtip left wing Screws and glue 1.86E-01 kg
01 Mass Wingtip left/right Sensor cables on wings 1.50E-02 kg
6,2  Mass Out” wing left/right Sensor cables on wings 1.50E-02 kg
63 Mass Inn® wing left/right Sensor cables on wings 1.50E-02 kg
0,4 Stiffness Wing/fuselage joint Joint stiffness - x dir" 2.00E+07 N/m
0,5  Stiffness Wing/fuselage joint Joint stiffness - y dir® 2.00E+07 N/m
0y  Stiffness Wing/fuselage joint Joint stiffness - z dir” 7.00E+06 N/m
0;;  Stiffness VTP/fuselage joint Joint stiffness - x dir" 5.00E+07 N/m
03 Stffness VTP/fuselage joint Joint stiffness - y dir” 1.00E+07 N/m

) = E DA
M.Broggi 43
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Bayesian Updating

Due to excessive time required by TMCMC a Neural Network has been
employed
Step 1
Uniform prior for TMCMC, Neural Network calibration data
Calibration: 10000 LHS samples
TMCMC: 500 Markov chain (convergence in 29 steps)
Parallelization of LHS and of Markov chains
Validation of posterior results running the full FE model
Step 2
New prior distribution of the input parameters
Gaussian mixture distribution based on posterior of step 1
TMCMC with full FE model, 200 Markov chains
Convergence in 5 steps

M.Broggi 44



Covariance and Bayesian

Numerical Results -

Updating
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Numerical Results - Covariance and Bayesian
Updating

« Covariance
* Bayesian
* TestData
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Numerical Results - Covariance and Bayesian
Updating
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« Covariance
* Bayesian
* TestData
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Numerical Results - Covariance and Bayesian
Updating

085 « Covariance

* Bayesian
* TestData
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Numerical Results - Covariance and Bayesian
Updating

« Covariance
* Bayesian
* TestData

462 466 47 5185

; e 3
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0220240606507 0B0B4 21 22 55551 14343091902 323258 4385 439 46,6 475085 ) 51.985 286, 2020896
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Numerical Results - Posterior distribution of
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Inputs
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Numerical Results - Posterior distribution of
inputs
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Numerical Results - Posterior distribution of
inputs
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Numerical Results - Validation of results
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Numerical Results - Validation of results

= Good performance when inputs freq: R*=0.987 (validation)
are on a wide range Weta-model

2
5 o
[s] © T

FE] —

20

24 25 25 30 2 34 36 E]
Target
=} (=) = E =
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Numerical Results - Validation of results

m Good performance when inputs
are on a wide range .
u Not enough calibration data in 2, é&/
area of interest for posterior ©al oo
= Poor R’ values (< 0.5) W w w m W W =
= Need new prior PDF with more

data in this area - @M
° =

freq7: R%=0.987 (validation)

u]
8
I
i
!
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Numerical Results - Validation of results

Good performance when inputs {req7: F*=0.862 (validation]
are on a wide range

Not enough calibration data in
area of interest for posterior
Poor R values (< 0.5)
Need new prior PDF with more
data in this area

Step 1 posterior used as new prior

Full FE model used in next
updating step to remove Target
meta-model error

M.Broggi 48
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Numerical Results — Step 2
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NASA Langley UQ challenge problem
Motivations and Timeline
Aim

Determine limitations and ranges of applicability of existing UQ

methodologies
Develop new discipline-independent UQ methods
Timeline
January 2013: 100+ UQ experts were invited to participate
January 2014: 11 groups presented at Scitech 2014
January 2015: Special edition AIAA Journal of Aerospace Information

Systems

M.Broggi 50



Institute for i1 Leibniz
Risk and i U(‘,Z Universitat
E s 109:4 | Hannover

NASA Langley UQ challenge problem

Motivations and Timeline
Aim
Determine limitations and ranges of applicability of existing UQ
methodologies
Develop new discipline-independent UQ methods
Timeline
January 2013: 100+ UQ experts were invited to participate
January 2014: 11 groups presented at Scitech 2014
January 2015: Special edition AIAA Journal of Aerospace Information
Systems

Solving each problem with at least two different approaches
Cross validate results
Increase confidence
Test different hypotheses
Different numerical implementation

M.Broggi 50
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Physical System

NASA Langley Generic Transport Model (GTM)

Safety Program

m The GTM is a 5.5% dynamically scaled, remotely piloted, twin-turbine,
research aircraft used to conduct experiments for the NASA Aviation

= Aircraft motion that extends outside the normal flight envelope

m the dynamics are driven by nonlinearities and coupling, having
oscillatory and divergent behaviour

M.Broggi
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Leibniz
Generic Transport Model (GTM)
Dynamically scaled, highly instrumented, flight test
article

M.Broggi
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The mathematical Model
Black-box model

Specialized aircraft knowledge is not

required L- 7 g
5 tasks: Uncertainty Characterization, P x
Sensitivity analysis, Uncertainty

Quantification, Extreme Case analysis and x=nh(p) g=f(p=x)

Robust Design

21 Uncertain Parameters p: loss in control effectiveness, actuator
failure, icing, deadzone, and desired range in operating conditions

5 Intermediate variables x (e.g. control effectiveness of elevator, time
delay due telemetry and communications)

14 Design variables d: controller gains

8 Performance metrics g (e.g. Lon stability, lat/dir stability, elevator
actuation)

M.Broggi 53
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Uncertain Parameters (p)
Challenges

R g |
L h = Apmd! &

Uncertainty models for p are given

Random Variables (aleatory uncertainty)

Intervals (epistemic uncertainty)

Probability boxes (aleatory + epistemic uncertainty)
Some of these Uncertainty Models can be reduced/improved

M.Broggi 54
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Uncertain Parameters (p)
Challenges

R g T
7 Ldn f=—lr.

Uncertainty models for p are given

Random Variables (aleatory uncertainty)

Intervals (epistemic uncertainty)

Probability boxes (aleatory + epistemic uncertainty)
Some of these Uncertainty Models can be reduced/improved

The propagation of p for a fixed d makes g a p-box
M.Broggi 54
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Uncertainty Characterization
Aim and strategy

Refine the uncertainty model of p given n observations
What is the effect of the number of observations n?

aleatory space £ epistemic space ©
Ao
1
[¥e1 o reduced original
1. @* epistemic| epistemic
! space space
a;
S
>

»
>

I

Strategies

Bayesian updating on the epistemic space
Non-parametric statistical methods

M.Broggi 55
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Bayesian updating on the epistemic space
Transitional Markov Chain Monte Carlo

Adaptive MCMC algorithms used to explore the posterior distribution via
sampling

= Do not sample directly from the posterior distribution

m Use intermediate distributions (weighted likelihood)

u Converge slowly to the posterior distribution
Advantages

m Allows to deal with multi-modal or very peaked distributions

Transitional Markov Chain Monte Carlo (TMCMC)

J. Ching and Y.-C. Chen. Transitional Markov Chain Monte Carlo hod for Bay dati model class selection,
and model averaging. Journal of Engineering Mechanics, 133:816-832, 2007

u]

8
I
i

!
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Reduced epistemic space
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Bayesian updating (25 observations)
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Reduced epistemic space
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Bayesian updating (50 observations)
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Sensitivity Analysis

Pinching: reduce the width of an input interval / p-box, and evaluate
reduction in output p-box

pbox pl
CDF / pZ\\
\‘ h1 | — 5
interval p..
/ Dempster pbox
pbox £2 pn Shafer

structure

Klir, G. J. and Wierman, M. J., Uncertainty-Based Information: Elements of Generalized Information Theory,

Vol. 15 of Studies in Fuzziness and Soft Computing), Physica-Verlag, Heidelberg, Germany, 1998.

Klir, G. J., Uncertainty and Information : Foundations of Generalized Information Theory, John Wiley and Sons,

New Jersey, 2006.

Alvarez, D. A., Reduction of uncertalnty ullng itivi lysi: hods for infinite random sets of indexable

type, International Journal of Appr i Vo| 50 No. 5, 2009, pp. 750 — 762.

M.Broggi
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Sensitivity Analysis

Probability boxes
corresponding to the original
(thick lines) and pinched (thin
lines) output probability boxes.

M.Broggi

Pbox of x, after setting E[p,] = 0.7
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Pbox of X, after setting p;=0.1
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Reliability

Uncertainty Propagation
Aim and strategy
Aim
Find the range of the metrics with reduced and improved models
J1 = E[w (p, dbaseline)] and Jo =1 — Plw (p, dbaseline) < 0]
21 input parameters (random variables, intervals, p-boxes)

8 performance functions

Strategies:

Approach A: propagate intervals obtained from given distribution-free
p-boxes and construct Dempster-Shafer structure

Approach B: global optimization in the epistemic space (search
domain). Monte Carlo Simulation to estimate J; and J

M.Broggi
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Approach A

Solution Strategy

Sample Monte Carlo
uniform A X
numbers Simulation

o Lé i

uQ,1)

af

{i ] Leibniz
t 0{ 2 Universitit
109:4 | Hannover

Interval Propagation

D-S

structure
(Optimization) =
» P | h(p)| f(x) +| max(g) |—> w fi} i
im P =l o]
—4» Oﬂzwjz 021
N
1 i 1
% Z[w]{ P = N

K2

N
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o (=)



Institute for
Risk and
Reliability

Approach B

Solution Strategy

Search
feasible
domain &

M.Broggi
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Global
Optimization
0 Empirical CDF
_:1
p1
Monte Carlo
| Simulation >
oy p2
: { )
1. LB:[ —» | h(p) [ f(x) —»I max(g) |—>W W
of 6 _ l
: =y ?
1 {i}
N = =21 >0
il L= LS00

1] = [mgin Ji, max Jl} ,

2] = [mgin Tz, max J2]

=
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Robust Design d

Aim and strate | g |
i ‘IZZ Py ﬂ—lﬂ

Design Variable: 14 control parameters (d)

Objective Function: minimize max(.J1) (expected value)
Objective Function: minimize max(Jz2) (failure probability)

Computational challenges
Each candidate solution: ~ 3 days (i.e. max(Jy), maz(Jz2))

Strategies:

Surrogate model (Artificial Neural Networks)
Optimizer: Genetic Algorithms (and BOBYQA)

M.Broggi 64
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Robust Design

Surrogate model (Artificial Neural Networks)

Approximation of the most computationally expensive part

14 design
parameters ———-—13—1- mmmmmmmmmmmmmmmmmm-e-o-oy ANN
Inputs: x and d (controller gains) &

Discipline 1 Discipline 2

Outputs: g

21 uncertain| P plox x
Results: parameters | 2ixi )
maz(J;) = 0.0044

(baseline 3.05)
max(Jz) = 0.34

(baseline 0.41) |L?L’.f:.¥2‘:.’:|

w

g 8x1
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Summary

Epistemic uncertainties allow UQ analysis with limited information
Updating improves uncertainty model when experiments are available
Sensitivity ranks uncertainty parameters and allow to ignore non
important inputs helping simplifying model and analysis

Advanced algorithms and meta-models make very computational
intensive computations feasible
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Summary
COSSAN Software

m General purpose software with
interaction with 3rd party solvers

m Advanced simulation methods for
treatment of uncertainties

m High Performance Computing
capabilities

m Different interfaces for advanced
and inexperienced users
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Summary
COSSAN Software

3rd party
m General purpose software with solver
interaction with 3rd party solvers
m Advanced simulation methods for
treatment of uncertainties
m High Performance Computing
capabilities
[ lefe'rent m’Ferfaces for advanced T
and inexperienced users (HPC)

v

Modular Framework: easy to use/reuse components

DA
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