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Introduction (1)

the engineer‘s endeavor

realistic structural analysis and safety assessment

prerequisites:

suitably matched computational models
geometrically and physically nonlinear algorithms
for numerical simulation of structural behavior

appropriate description of structural parameters
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Introduction

uncertainty has to be accounted for in its natural form
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1 Introduction
Introduction (2)
modeling structural parameters
geometry ?
material ?
loading ?
foundation ?

Department of Mechanical Engineering and Materials Science, Rice University, Houston, TX




1 Introduction

Introduction (3)

deterministic variable random variable
A A
F(x)
f(x)
X X
LA, >

! very few information

! changing reproduction conditions alternative uncertainty models
! uncertain measured values ¢mm . fuzzy variable
! linguistic assessments fuzzy random variable

! experience, expert knowledge
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2 Uncertainty models

Fuzzy sets
o-level set o-discretization
Xo ={xeX|px(®2a | X ={(Xq: (X))}
x(X) A X, X Va0 o 20
1.0 +——————— ' ) o, oy €(0;1]

membership function
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Fuzzy random variables (1)

fuzzy random variable X

fuzzy result of the uncertain mapping QQ - F(R")
Q.. space of the random elementary events ®

F(R") ... set of all fuzzy numbers X in R"

X is the fuzzy set of HX) 4
all possible originals X. 1.0 -

L
“a,

original Xj 0.0 = Tt y

real valued random variable X
that is completely enclosed in X
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x €X

—R!




2 Uncertainty models

Fuzzy random variables (2)

fuzzy probability distribution function F’(g)

F(x) = bunch of the F;(x)
of the originals X, of X

Fo—0 (%)

ﬁ(Xi)

F(x) = {(F, (x); p(Fy (x)))}

Fa=Ol(Xi) :
_ . . < . |
FOL ()_() = [Fa 1 ()_()9 FOL r ()—()]9 w(F(x)) 1.0 0.0 X; X
WF,(x)=aVae(0;1] A f(X)
- =0
x,teX=R" f(x) \ M=1
Fo1(x)=1-maxP| X, , =t "
i ’ ElthXk;ISkSn
X

e —
F ( ) pl x ¢ )_(,EEX=RH
X) = max i
ar= j B tk <Xk;k:1,...,n
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2 Uncertainty models

Fuzzy random variables (3)

special case fuzzy random variable X special case

real random

variable X
A n(F(x))

fuzzy variable x

F(x)

1\

c\l

0
F(x) ) 3
P i e,
X
0 - 0 »X
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3 Quantification of uncertainty

Quantification of fuzzy variables (fuzzification)

objective and subjective information, expert knowledge

limited data linguistic assessment
HBp) , M\ Bp=<75;14.17; 575> HB0) A low  medium high
1.0 T4 1 0

051+ 21 [i- 05 +
1.33 1
0.0+ o+ = 0.0 : | —>
0 10 30  50B, [N/mm’] 0 10 30 50 B, [N/mm?]

single uncertain measurement expert experience
= x)
.- HX) A crisp kernel set
E 1.0 { v
EE fuzzy interval
d x

: > 0.0 >

I |
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3 Quantification of uncertainty

Quantification of fuzzy random variables

statistical information comprising partially non-stochastic uncertainty

small sample size
fuzzification of the uncertainty of statistical estimations and tests

non-constant reproduction conditions that are known in detail
separation of fuzziness and randomness by constructing groups

non-constant, unknown reproduction conditions; uncertain measure values
fuzzification of the sample elements followed by statistical evaluation

ﬁ(g) with fuzzy parameters and fuzzy functional type

1.0 | :
/ \ o
So=1 T— R ———— — pn =0, interaction E(X)
\\ : without interaction
|

X

|
T i > 0.0 —=
X(x=0 1 Xa=1 Xa=0 r
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4 Fuzzy structural analysis

Basic numerical solution procedure

X1 £ N . N X2
fuzzy _ A X = (...; Xi; ooo) - Z = (ooo; Zj; uo) A fuzzy N
input variable X, = X input variable X, = X,
X X
______ 3( l,ar Xl € Xl’a mapping XZ € Xz’a )2(,0L r_- N
______ e operator E Iza_ ——
| X1,al X2,al |
(x;) : ¢ : H(X,)
<« z; € ZJ',OC —>
1.0 a 0.0
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Xy
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4 Fuzzy structural analysis

Modified evolution strategy

X2A

or

,al |

crisp input subspace X,

——— e
o : ——— lower distance bound
q_j £' | ——— upper distance bound
O ® lee ¢ 9 for generating offspring points
o [ o [ starting point
o improvement of z,
|® g . no improvement of z,
)74 '\ [ optimum point X, ,
A ®
@ ® j
- \ e
L
i
@
1
- * .

post-computation =) recheck of all results for optimality




5 Fuzzy probabilistic safety assessment

Fuzzy First Order Reliability Method (1)

original space of the basic variables

fuzzy randomness = ?(g)
fuzziness = g(x)=0

joint fuzzy

A X2 o . . T
probability density function f(x)
__, pu=1 fuzzy
"/v n=0 limit state
"“ % surface g(x) =0
fuzzy ~
survival region p=0 ]
X . ~ > 0 u = 1 lllzy
it 8 failure region
Xt g(x) <0 X,
>
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5 Fuzzy probabilistic safety assessment

Fuzzy First Order Reliability Method (1)

g(X)g1 >0 A2 8(8)g-1 =0 g(X)g-1 =0 8(x),_; < 0

ux,) A
1.0 - fuzzy failure region
X;: 8x) < 0
0.0 >
fuzzy survival region Xy X1

X,: g(x)>0
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5 Fuzzy probabilistic safety assessment
Fuzzy First Order Reliability Method (1)
original space of the basic variables

fuzzy randomness = ?(g) fuzzy design point %,

fuzziness = g(x)=0
A X joint fuzzy _
1—; i _[ j ’f (X) dx probability density function f(x)
f — XYy} £
xe X ;xeX, p=1 fuzzy
n=0 limit state
; W(xg) surface g(x)=0

S

Fuzzy

First fuzzy P Xg t

Order survival region H= "

L Y X : g(x)>0 n=1 uzzy
Reliability X 2 failure region
Method X;: 8(x)<0 X,

>
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5 Fuzzy probabilistic safety assessment

Fuzzy First Order Reliability Method (2)

standard normal space

complete fuzziness in TI(X) =0 fuzzy design point y,
‘ fuzzy reliability index E
Y2 NN(X) ‘ E&) =

\‘I’z\ \\ N {5t(ii);ﬁj}_) B

[ b

\\\ / u = 0
fuzzy p=1
survival region
hw>0 —7, RIS
design point yg

|

fuzzy failure region
h(y) <0
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5 Fuzzy probabilistic safety assessment

Fuzzy First Order Reliability Method (3)

numerical solution - a-level optimization

selection of an a-level

» © determination of an original
of each basic variable

determination of _
one trajectory of f(x)

computation of one
element 3 of 3,

number of o-levels sufficient ?

comparison of 3, with B_, and B,

determination of a single point in the
space of the fuzzy structural parameters

determination of
one element of g(x) =0

n(p) A B,
1.0 — ® b
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6 Structural design based on clustering

Structural design based on clustering - concept

fuzzy structural analysis and fuzzy probabilistic safety assessment

set M(x) of discrete points X, in the input subspace,
set M(z) of the assigned discrete points z in the result subspace

design constraints CT,
subdividing M(z) into permissible and non-permissible points

assigned permissible and non-permissible points within M(x)
separate clustering of the permissible and non-permissible points from M(x)

elimination of all non-permissible clusters
including intersections with permissible clusters

permissible clusters of design parameters
representing alternative design variants
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6 Structural design based on clustering

Design constraint

fuzzy result variable z

_——— - = =

fuzzy input variables O points from a-level optimization

il and §2 ® permissible points

@® non-permissible points

permissible structural design variants, assessment of alternatives
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6 Structural design based on clustering

Cluster analysis

k-medoid method fuzzy cluster method

crisp

C2 0l > 0.25
0.0

objects
(0]
=P ey
- sennmun” }
Xy
determination of representative objects minimization of the functional
assignment o.f r.emaining objects > i n: ) o ujrv d(i )
to the most similar C= Z )
i I _ n r
representative objects v=1 2 Z i Wiy
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6 Structural design based on clustering

Design variants — modified fuzzy input variables

mOdellng u(x) 4
selection of a cluster 17
or cluster combination

definition of the support of the
fuzzy input variable
based on the cluster boundaries

0.5 -

definition of the mean
value x with p(x) =1

0.0

construction of the ,
membership function prototype

SN~
oriented to the primary fuzzy input variable

based on o -levels from fuzzy clustering o, =0.5,

representative object or prototype as mean value

geometrical cluster center as mean value
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6 Structural design based on clustering

Assessment of alternative design variants (1)

defuzzification
JAIN-algorithm CHEN-algorithm
1(z) 1‘ k=2\ k=|1 | nz 4
AN 1
H(2) |~~~ R k=1
L /
M(2) |- == = = 7= =~ k=0.5 L
| | | |
| | | |
| | \ |
0.0 | [ > 0.0 'y ! )
z, zZ, Z, y/ Z, 7, Z, Z
maximizing set Z __ with: minimizing set Z ., with:
Kk k
z—inf[z] ) sup[z]-z
Z — YAy 4 Zmin — YAy 4 -
H(Znac) sup[z]-inf[z] - sup[z]-inf{z]

U, (2) = Sup Min [L(2);H(Z s, )] additional methods:

level rank method

Zg :“s‘zr_zl‘+zl

centroid method
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6 Structural design based on clustering

Assessment of alternative design variants (2)

constraint distance robustness

u(z) & modified SHANNON'‘s entropy

H(Z) =-k- I [1(2) - In(k(z)) + L - u(2)) - In(L - p(2)) joz

ze7

ZO perm Z Z [J o o [
relative sensitivity measure

uncertainty of the fuzzy result variables
d — max in relation to the
uncertainty of the fuzzy input variables

H(Z.
B(zj)zzHg(‘; — min
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Deterministic computational model

7 Examples

geometrically and physically nonlinear numerical analysis of

plane (prestressed) reinforced concrete bar structures

imperfect straight bars with layered cross sections

numerical integration of a system of 1st order ODE for the bars

interaction between internal forces

incremental-iterative solution technique
to take account of complex loading processes

consideration of all essential geometrical and physical nonlinearities:

- large displacements and moderate rotations
- realistic material description of reinforced concrete
including cyclic and damage effects
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Reinforced concrete frame

7 Examples

. 6000 mm v-Py, VP v-Py
e a 4 il 2 v
o™ 1016 |, " oo
| 2016 | v — load factor
| |
concrete: - 4216 |;
C 20/25 | ¢ | 2 M| p, = 10N |3
: stirrups: o8 : % Py, = 100 kN
reinforcement i s =200 | P = 10KkN/m
steel: i| concrete cover: |;
BSt 420 - —50 |:
| ¢ |
77777 | I 7777 k 0) k(p
1 - Hl- - 1 3, il o)
7 4
TTT777¥ 7777 d

loading process: 1) dead load
2) horizontal load Py
3) vertical loads v-Py,, and v-p,
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7 Examples

Fuzzy structural analysis (1)

fuzziness
fuzzy rotational spring stiffness fuzzy load factor
k,=<5;9; 13> MNm/rad V =<5.5;5.9;6.7>
n(ky) A deterministic Hv) A
1.0 - values 1.0 +—————
0.0 > 0.0 J\/ | —>
5 9 13 5.5 5.9 6.7 v

Kk, [MNm/rad]
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7 Examples

Fuzzy structural analysis (2)

fuzzy structural response

fuzzy load-displacement fuzzy displacement
dependency
(left-hand frame corner, horizontal)
VA u(vu3)) o deterministic
solution
8.0 + 1.00 +— —
6.7 f————————————— — — — — — -
5.9 4 0.75 +— —
5.5 :
4.0 1 0.50 +— — 4
n=0.0 T
u=1.0 |
2.0 1 025 +— —H+—+
0.144 +— -4 - | |
0.0 . : : > 0.00 — I i >
0.0 1.57 2.16 4.0 6.0 8.0 vg(3) [cm] 0.0 1.57 12.63 4.06 7.21 10.69
2.16 vg(3) [em]
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7 Examples

Fuzzy structural analysis (3)

fuzzy failure load influence of the
deterministic fundamental solution

nonlinearities considered:
g + p = geometrical and physical

p = only physical
g = only geometrical
n(v) A
10+ - - —————— = e ———
I |
| |
I |
| Vp |
05 T | I
I |
| |
| |
I |
0.0 J\/ 1 T I )
6.43 7.24 7.63 8.11 v 2715 32,70 37.60 v
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7 Examples

FFORM - analysis I (1)

fuzzy randomness

load factor v: 5(1 rotational spring stiffness k iz
extreme value distribution logarithmic normal distribution
Ex-Max Type I (GUMBEL)
my =<5.7;5.9; 6.0 > Xy, =0 MNm/rad
Gy, =<0.08;0.11;0.12 > my, =<8.5;9.0; 10.0 > MNm/rad
6, =<1.00;1.35;1.50 > MNm/rad
f(x;) A nu=0 f(x;) A nu=0
— = 1 I w= 1
4.0 T i -\ 03 1 1
| | 0 ¥
20 1 | | 27T I
TR 0.1 1 it
0.0 S —> 0.0 1N _
5.7 5.9 6.0 X, 8.5| 10.0 X, [MNm/rad]

9.0
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FFORM - analysis I (2)

original space of the fuzzy probabilistic basic variables

joint fuzzy probability density function
crisp limit state surface
fuzzy design point

X, [MNm/rad] A

12 1
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7 Examples

FFORM - analysis I (3)

standard normal space

crisp standard joint probability density function
fuzzy limit state surface

fuzzy design point
fuzzy reliability index

PN (ys3 yz) S hsy) =0 safety verification

> 3“\ ///?1 oo

Y2

FORM-solution

%_ E Yg
_!}(yls y2) >0 0.5+ ———-
e h(y;; y») <0

=00 0.0 J\/ | >
—_— =05 3851 | 4.662 5609 6.684 P

— =10 4.255
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7 Examples

FFORM - analysis 11 (1)

f(x,)

4.0

2.0 -

0.0

fuzziness and fuzzy randomness

tfuzzy probabilistic fuzzy structural parameter:
basic variable X,: load factor v rotational spring stiffness k
extreme value distribution fuzzy triangular number
Ex-Max Type I (GUMBEL)
my, =<5.7;5.9; 6.0 > E(p =<5;9; 13> MNm/rad
Gy, =<0.08;0.11; 0.12 >
A u=20
L —, =l |

| 1\ |

| | |
, | | |

| AN |

| | |

_I_I‘ _) . i I )
5.7 5.9 6.0 Xy S 9 13 Kk, [MNm/rad]
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7 Examples

FFORM - analysis 11 (2)

original space of the fuzzy probabilistic basic variables

fuzzy probability density function

fuzzy limit state surface

§(X1)=?"X1>0 g(x)=v-x,=0 g(x) =Vv-x,<0
survival failure
V., (from fuzzy
gtp Hwv)
f(x;) A ~ structural analysis)
f(x,) T 1.0

_~ fuzzy integration limit

- 0.5

0.0 X

5.7 5.9 6.0 6.43 7.
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7 Examples

FFORM - analysis 11 (3)

fuzzy reliability index, safety verification

(5 - ~
o _A o _rEq__B 3.8 By

R<ageets

0.0

2.534 3.935 S5.214 6.592 7.557

p
comparison with the result from FFORM-analysis I

H(B) A ;

1.0+—-———- modified SHANNON s entropy
I
| H, () = 1.41-k < 2.48k = H,(B,)
I
I
I

0.0 . : >

Jx 3.851 4.662 6.684 P
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7 Examples

Structural design based on clustering (1)

o d

load factor v: X,

extreme value distribution
Ex-Max Type I (GUMBEL)

my =<5.7;5.9; 6.0 >
Sy, =<0.08;0.11; 0.12 >

f(x;) A m

rotational spring stiffness Kk )N(Z

logarithmic normal distribution

X9, =0 MNm/rad
my, =<8.5;9.0; 10.0 > MNm/rad
0. =<1.00;1.35; 1.50 > MNm/rad

X,

f(x;) A m=10
N
I m=1
14
Ll
I
I
NS
8.5 | 10.0 X, [MNm/rad]
9.0
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7 Examples

Structural design based on clustering (2)

fuzzy reliability index design constraint
wB) A req p=3.8
1.0 t—————— -

0.4

0.0

2.49 4.7 6.69 P

fuzzy cluster analysis — modified fuzzy probabilistic basic variables

design load factor v rotational spring stiffness k, [MNm/rad]
variant fmy, Gy, my, Gy,

1 <5.85;5.90;6.0> | <0.08;0.10; 0.12> | <8.5;9.0; 9.6 > <1.30;1.40; 1.50>

2 <5.70;5.85;6.0> | <0.08;0.10; 0.11> | <8.9;9.5;10.0> | <1.02;1.14;1.26 >
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7 Examples

Structural design based on clustering (3)

FFORM-analysis with the modified fuzzy probabilistic basic variables

design variant 1 design variant 2
u(B,)A n(B,) A
1.0 1.0

0.0

defuzzification Zy, = 4.60 Zy, = S.12
after CHEN
relative sensitivity B, =92.67 B, =77.48
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8 Conclusions

Conclusions

consideration of non-stochastic uncertainty in
structural analysis, design, and safety assessment

enhanced quality of prognoses
regarding structural behavior and safety

direct design of structures by means of nonlinear analysis
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Advertisement

A detailed explanation of all concepts presented
and much more may be found in the book:

Bernd Moller
Michael Beer

Fuzzy Randomness

Uncertainty Models in Civil Engineering
and Computational Mechanics

Springer-Verlag, 2004
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