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Motivation
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Design to failure to not fail to design
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Are the two design acceptabler?

Do they guarantee the same safety level?
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Review Classical Structural Reliability
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Classical concepts |
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Classical concepts
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Classical concepts
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Classical concepts

fx(x)
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Classical concepts

Pr= [ IGENe@IE A= [ 16 -pel@is

z* = argmin || z|||G(z) = 0] 2 4

|
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Beyond Design point, Tail-Dependent Design (/Failure) Point
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Tail-Dependent Design (/Failure) Point

B Separate the design point from the probability of failure

B Which point in the failure domain shall we choose?

- 'Think beyond the limit state and look into the failure domain

- 'The failure point (among all the failure points) that minimize
mean square error
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| Tail-Dependent Design (/Failure) Point

(Y — )|y <0

a

LYY <0l=y <0
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Tail-Dependent Design (/Failure) Point

(Y — )|y <0

LYY <0l=y <0
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Tail-Dependent Design (/Failure) Point

o =E([X|g@) =y] =" =E[2[G(z) =y

F el F F 22 F
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Tail-Dependent Design (/Failure) Point
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| Tail-Dependent Design (/Failure) Point |

2" =E[Z | G(z) = y] = argmin ||| z]||G(z) = y]

z
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| Tail-Dependent Design (/Failure) Point |

2" =E[Z | G(z) = y] = argmin ||| z]||G(z) = y]

z
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| Linear Gaussian case |

2" =E[Z | G(z) = y| = argmin [[|2]||G(2) = y]

=<
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| Linear Gaussian case |

2" =E[Z | G(z) = y| = argmin [[|2]||G(2) = y]
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294 F
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Beyond Reliability index, Tail-Dependent Reliability Index
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Tail-dependent Reliability Assessment

B Separate the tail-dependent reliability index from prob. of failure
B Structures with “more dangerous” failure point m.h. lower rel.
B Use the same principle of conditional expectation

- consider the conditional expectation as the failure event
- compute the threshold associated with this cond. expectation

- define a tail dependent reliability index
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Tail-dependent Reliability Assessment

LYY <y| =0« min

Yy

(Y —y)*lY <g] =0

' Br = Fy (y)
Pr = Fy(0)

Rockafellar & Royset, On buffered failure probability in design and optimization of structures, RESS, 2010

marco-broccardo.com


http://marco-brocardo.com

Tail-dependent Reliability Assessment
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Tail-dependent Reliability Assessment
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Tail-dependent Reliability Assessment

z* = T(z") 2" = argmin [||2][|G(2) = 7]

marco-broccardo.com


http://marco-brocardo.com

Tail-dependent reliability index
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Tail-dependent reliability index
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| Linear Gaussian case |

bo — Y Y
| — _5_ Y G(z) —
L TR T =)=y
Z*:bO_g b :(5_i>a :
=7 ol ol o] o(2)
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| Linear Gaussian case |
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| Linear case, Gaussian case |
B=A"1(B) < B <AB)
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~ Structural Reliability problem (Py, 2™, 5) |

Z = T(X)——
Y=9(X)/

Probability of failure or classical reliability index
Py B=-0"'(Ps) (= fur)

- measure “how likely” a failure occurs

Tail-dependent design (/failure) point

- understand how failure occurs (minimize the MSE among all failure events)

Tail-dependent reliability index
O~ Py

- measure reliability taking account on how failure occurs
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Example 1
0.14
- — - . S| Frechet
g(r7 Sz) i/ SZ 012! S; Lofgcnc?rmal
' R Resistance
0.1}
Sl e GEV(/”‘)Ua ‘E) o~
T 0.08
Sy~ N (o) Zoo
0.04
R ~ lnN(/J’a (7) 0.02]
0 | | |
0 20 40 60 80 100
r,Ss
mean C.0.V L4 o 'S

R 60.000 0.15 4.083 0.149 —
S1  15.000 0.30 12.932 2.878 0.125
Sy 19.656 0.30 2.935 0.293 -
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Example 1

g(r,s;) =1 —8; P(g(r,s1) < 0) = 2.4501e — 04
S1 ~ GEV(u,0,¢) P(g(r, s2) < 0) = 2.4501e — 04
So ~ InN(u, o) B = 3.4862
R ~InN(p,0)

mean C.0.V L o ¢

R 60.000 0.15 4.083 0.149 —
S1  15.000 0.30 12.932 2.878 0.125
Sy 19.656 0.30 2.935 0.293 —
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Example 1

£ = 3.4862 5 = 3.4862
R~IN(u,0) Sy ~GEV(u,o,§) R~IN(u,0) So~InN(u,o)
100 ¢ N 100 ¢
g(r,s1) <0 o = [rsi(r,s1) g(r,s2) <0 < frs, (1, 52)
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Example 1
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Example 1 |
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Example 1
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Example 1 |

SQ i lnN(u, U)

B = ||z"|| = 3.2083

5 = 3.4862
2™ || = 3.7463
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Example 1 |

SQ NIIIN(,M,O') i

5 = ||z*|| = 3.2083

3 = 3.4862
|2**|| = 3.7463 N
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Example 2, nonlinear function with Nataf distt.

g(x) = /x1 — 22 — 6

X1 ~InN(tog, 010g) X2 ~ Gamma(k,0)

fxi(#1)  [fx,(22)

fx1.x, (21, 22) = OR, (21, Z2) - 0(Z1)  9(Z2)

Zl = (I)_l(FXl (xl)) ZZ : (I)_l(FXQ (xQ))
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Example 2, nonlinear function with Nataf distr.
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Example 2, nonlinear function with Nataf distr.
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- Example 2, nonlinear function with Nataf distr.

B8 = ||z*|| = 2.70561

3 = 3.0185
z**|| = 3.3067
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Conclusion |
—

- (P I z", é )
B Basel I1I, connection with Expected Shortfall, Super-quantiles

B Computational developments (to be studied)
B Partial safety factors (to be studied)

B Sensitivity analysis (to be studied)

B Much more....
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B cnd
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Buffered failure probability

O
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Buffered failure probability

EY|Y < 0] = Fyl(O) /_oo xfy(x)dr = Fyl(()) [Fy(w)w]goo—Fyl(O) /_OO Fy (x)dx
BIYIY <) = gy | oh@de = s el [ P

YY <yl =y Fy)  E[l(y—Y)
$ - E[ReL(-Y)] LI(-Y)Y]
[Y]Y <0] = F(0) S[I(—Y)]
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Buffered failure probability

; _ EReL(Y —y)] _E[(Y )Y’
J[Y‘Y > y] — Y G(y) — 43[]I(Y — y)]
Y]Y <y =y — Cielly — V)] Ellly — Y)Y]

N F(y) I(y —Y)]

LYY < 0] = /_ T fy (x)dx = [Fy (z)z]2, — /_ Fy (x)dx
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| Classical concepts
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| Example 1

—— 51 Frechet ]
—— S5 Lognormal |-
—— R Resistance |

10
g(r,s;) =r—s;
S1 ~ GEV(u,0,8) 102
2
Sz = ln./\/'(u, 0') f;.g :
1074
R ~InN(u,o)
1079
0
mean C.0.V L4 o 'S
R 60.000 0.15 4.083 0.149 —
S1 15.000 0.30 12932 2878 0.125
So  19.656 0.30  2.935 0.293 -
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