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Motivation

ARisk factors representation and uncertainty
guantification is complicated in large infrastructure
projects

A Multidisciplinary nature needs a standard tool to
facilitateriskcommunication

A Risk managementmust take into considerationthe
uncertaintyfactorsin the system
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Motivation

A Probabilistic graphical models (like Bayes nets),
effective mathematical tool for uncertainty
guantificationandsystemmodelling

A Allows to capture variable dependenciesof complex
systems

A Inference computation is a key method to update
outcomesin Bayesiametworks

A Reliablemethod of inference computationin Credal
networksis necessary
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SEVESERRNE61IE

A Bayesiannetwork is a probabilistic graphical model to study and analysethe
dependencie®f componentgrandomvariablesthat makeup a system

A The Joint Probability Distribution (JPD)describes
entirelyy’ S U g 2idpdndadility, A

HP i)

A By introducing evidence, infer updated outcomes.

Prediction
L
Q.
©>/
\g
Q.
M
onsoubelq

A Intuitive and relatively easy to implement. \ X3
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Enhanced Bayesian Networks

BayesianNetworks enhanced* with Structural Reliability Methods (SRM)permit to
calculate the conditional probability values of discrete children that come from

continuousparentnodes

A Calculationof conditional probabilities )
consist in the approximation of the N

failure probability

Probability

1

CDF —

(0 Failure No failure

Fo) v Bo)Qo

Reduced Network

f(A). ProbabilityDensityFunctionof continuousnode A. m) j, isthe
omainwhenC=dn the spaceof CgivenB=h

[X] D. Straub and A. Diliureghia® ¢ . 8 SaAly bSGg2N] 9yKIYyOSR ¢AGK J{
Eng. Mech.vol. 136, no. 10, pp. 1248258, Oct. 2010. (Discrete)

(Discrete)
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Imprecise data sets (discrete):

Credal Networks

Generalizatiorof BNto implementimprecisediscretevariablesn the form of intervals

A Imprecisionis representedthrough the so called credal

setsU (o). X <
N/

K(zi) := CH{P HP (ai|m }

ACNs inherent all the probabilistic and graphical
characteristic®f BNs

2

A A CNis a setof BNs eachwith different probabilityvalues

Xy

Different extreme points combinations
make a set of BNs that makes up a CN.
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Imprecise datasets (continuous):

Probability boxes

A characterizatiorof an uncertaincontinuousmeasurein the cumulativedistribution
space
AWhen using SRM failure probability is now

represented as:
CDF

0 [TAZG nah—Qw
()

A In this way, the continuous probability distributions
affected byaleatoricandepistemic uncertaintgire - >
taken into account.
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Computational toolbox

OpenCossan

A It takes advantage of Obje@riented programming in Matlab.‘\

A Parallelization of high demanding tasks.
A Easy connectable withd®arty toolboxes.
A Excellent platform for EBN.
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Enhanced BN to Credal nets

Enhanced Bayesian network[*] Credal network[*]

FailureMode1 FailureMode2 Failure Mode3

iRaReH.mmas-

17PN /A \\ ] ] @ y “ ‘ aLs

Failreblade? Failrehiode Fellrehiecet Reduction =
process

agl &
l=

Enhanced Bayesian netwdtk (Advanced BN) ARectanglenterval
ARectangleDiscrete

AEllipselnterval

ACircleContinuous

ATrapezoid P-box
[*] Silvia Tolo, Tutorial Enhanced Bayesian networks. OpenCossan Tutorial.
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Study cases

OscillatingVaterColumn

A Probabilitywave overtopping for different configurationsof
owcC

A Experimentatiata
A Exactinferencemethod

GeneraRailwaysystem
A Comparisorof exactand approximatenferencemethod

A Probabilityof havingan accident(derailment)due to different
rail tracksandtrain conditions

A Syntheticdata.
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Bayesian updating (Inference)

Computation of posterior distribution of a query node given (or not) evidence.
Exact inference methods:
A Variable elimination (Marginalization).
A Junction tree algorithm (Clique tree).

Approximate inference.
A Inner and outer approximation.

&4 UNIVERSITY OF

H . D . Estrada u g (@) f'; LIVERPO OL Institute for Risk 12/35

and Uncertainty



Exact inference

Computation of posterior distribution of a query node given (or not) evidence.
Exact inference methods:
A Variable elimination (Marginalization).
A Junction tree algorithm (Clique tree).

O——
[

T

Posterior
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Inference with intervals

Computation of posterior distribution of a query node given (or not) evidence.

Exact inference methods:
A Variable elimination (Marginalization).

A Junction tree algorithm (Clique tree).

. |
Real interval |

. . X 1
Approximate inference. 0 LW Pk v®
A Inner and outer approximation.

Outer approx} - | | = ] I

0 0 o P(X) 0 ® 1

0o 0o
T ] ]
Inner approx. T 1 1 !

0
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Inference with intervals

It is based on the joint credal set definition to calculate the bounds of the marginal
probability as:

Plxzg) := min P(xg) = min P(x;|m;

P(ao):=  min Plao)=  min 3 ]:[ (2s|ms)
T4 EQH,{J:D,---,H L1,L24..43Tm 1=0

P(xg) := max  P(xg) = max Pl(x;|m;

( 0) P(X)EK(X) ( D) P(.Xilﬂz)EK(XilﬂZ) . I;.1In 1:]1} ( I )

™ €0, ,2=0,...,n

This represents a ndmear optimization problem with a multilinear objective function.
(The head ache of CN inference).
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Method 1: Exact inference*

A Take the joint probability distribution function of upper bounds of all the variables in the
net. Artificial JPDs are created (each containing a case of the query node).

o(Fr. 57 A7) (B 5. i) Artificia! .Joint_ o
P(F.S.K) - p(Fy. 51, A1) p(Fa. 5. A1) Probability Distribution
' N [P(i-i Az) p(F1, 52, 4)
p( 2, _?1 142) ])(FQ.SQ ‘12)

A Outer approximation is obtained by computing inference in the artificial JPD containing
all-upper and allower bounds.

WFB6{P ¢2f2> 9 tIFOGSEtftAS YR a® .SSNE 4!y Ly AS/REWVSBAaSGIK2R
UNCERTAINTIES conference proceedingspril, 2018.
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Method 1: Exact inference

A Take the joint probability distribution function of upper bounds of all the variables in the
net. Artificial JPDs are created (each containing a case of the query node).

lp@zzj p(F1, 52, A7) Artificial Joint
P(F,S.A) = p(£2.51. A1) p(F2, 52, 41) ] Probability Distribution
| |p(F1, 51, Ag) p(Fi, Sa, As)
[p(? S1,Ag) p(Fa, S5, Ay)|

A Inner approximation is obtained by finding the artificial JPD that maximizes and minimizes
the posterior probability of queried variable.

. ])(Fl Sl '-11) IJ(F_,S_FZJ‘-ll) Ir-llfl "ﬁ] —h:l l.'JIIJrl "1. -1]I

P(F1.S,A) p(F5. S0, A7) p(Fs. S5 A7) o wnal P(F1.S.A) (F5. 51, A;) p(Fa. Sz, A4,

ar | ——2 22— g | PAE2: 21 A1) PAE2. 02, A (oF: RSt thschuinta) IR B0} 3! 1> A1) Pl !

mat [PF S.A)] mar p(F1.S1, Ag) p(F1.52. Ag) . P(F5. S, A) G plF1, L"1 Az) p(F1, 52, 42)

p(F2.S1, As) p(Fz, 53, Ag) p(F2,S1. A2) p(Fa, Sa2. A2)
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Case study 1: Oscillating water column

A Powergeneratorthat convertsthe energyprovidedby
rise and fall of water inside the column due to sea

wavesclosethe shoreline Oscillating water column

Generator
A Experimentakcaled(1:20) modelof an OWCwasbuilt ~ Tubine  « j ~ Arout  Airin

: e £
In the laboratory s i ﬂ il
crest ,*M Wave -
: .. .- trough &
A To study the hydrodynamicefficiencyby the addition =
of harbourwallsto the OWC ek Faling
water column

Aln a real model, harbour walls would increase

probabilitiesof floodingand stationdamage |
Conventional OWC structlite

[*] K. SoleimaniM. JKetabdarj and FKhorasali & CSIF aA0Af A& &addzReé 2y GARFE YR 61+ @S SySNHE& O2yOSNHEHA?2
77¢86, Sep. 2015.
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A Powergeneratorthat convertsthe energyprovidedby
rise and fall of water inside the column due to sea A\
wavesclosethe shoreline g\ TN}

A Experimentakcaled(1:20) model of an OWCwasbuilt |

In the laboratory

A To study the hydrodynamicefficiencyby the addition ‘ e
of harbourwallsto the OWC 3’

Aln a real model, harbour walls would increase ;f :

probabilitiesof floodingand stationdamage
A Experimentalayoutof OWQwith harbourwallg?.

[*] [D. Raj David, Sallam and SSannashnnamalaisan®y ¢ 9 THRSAR (i (2(Fa 2y (G KS 9 F FA OA Sy O&lWaterw Poyt, Coastd),’Otebrt Bieply 3 2 |
144, no. 2, p. 04017043, 2017.
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Case study:

Addition of harbour walls to an OWC*

Water_level Wall_Inclination Wall_length ..
- Water_level Wall_Inclination Wall_length
N . 1 ' /‘//
b , S
Wave_raising
- | s
Crest_period Wave_raising
v :
Crest_period Wave_amplification
\.\\_\ M |
Overtopping

Credal network after reduction using System
Reliability Methods.
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Case of study 1: OWC & LIVERPOOL | st

Results

Harbourwall inclinationtop view

— Harbourwalltop view
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Wave overtopping
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Method 1: Exact inference

V This method is computationally cheap.
V Reliable whemxtreme scenariosre of the interest.
V Uncertainty attached to the bounds provided.

0 Boolean variables.

o Overestimation of upper bounds.

o Underestimation of lower bounds.

0 Not suitable for large networks, number of inference computations increade as 2
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Method 2: Approximate inference

A Approximate inference with Linear programming. Optimization task.
A Reduce credal sets to singletons called Extreme P5{x;|m) ¢ ext[K(Xi|m)]
different from the Free variable. X

So the constrained queriediriable () lower bound is:

!" . H 3 Pﬂ" Y .-J .. .r-r . - PJ" ':1'_' } - P : o HTJI .
—P (TD) T P(thrj)lElJIF}(thrj) Z [ (J’D‘Ij ! j) ( lj) (le J)
75 €80 T3T3 N S
N\

Linear combination of local probabilities.

A.Antonuccj C. P. De Campos, D. Huber, an@falorE ¢! LILINREA Yl GS ONBRIFt ySG62N] dzLRIFGAY3I o6& It ABproNI LINE 3 NJ
Reason.vol. 58, pp. 2§38, 2015.
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Method 2: Approximate inference

o) e i P(xo|xj, ;) - P -}-Pt.-.«-
P (xg) := P(thrjI)Hel%(Xﬂwj) Z [ (zol|zj, ;) - P(m;) (@5]m;)
ﬂ-jggnj TjTj

A lterations over Xj are done to perform a local search.

A Once an approximation (extreme point) to the optimal solution is calculated. The X;
variable released and a new Xj is used as the free variable.

A The programme stops iterating when no further improved approximation is found.

A.Antonuccj C. P. De Campos, D. Huber, an@falorE ¢! LILINREA Yl GS ONBRIFt ySG62N] dzLRIFGAY3I o6& It ABproNI LINE 3 NJ
Reason.vol. 58, pp. 2§38, 2015.
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Method 2: Approximate inference

FP'(x9) upper approximation of lower probability bo P’ () of the CN.
A IS lower approximation of the upper bound of the CN.
P! (g
Inner approx.| [ [_ - ] ] l
0 P(x) 1
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