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Abstract

The objective of blasting operations is to shatter a bugdmsuch a way that the remaining debris can be removed
easily. When blasting operations are carried out in urbeasarthe surrounding properties should not be affected
by debris or accompanying ground vibrations. To obtain ialé prediction of the collapse process and its effects,
a realistic simulation is necessary. In the stochasticesezech blasting is an individual event that is characterize
generally by limited data and distinctive data uncertaifitye mathematical description of data uncertainty is zedli

on the basis ofuzzy randomness (Mdller and Beer, 2004). Fuzzy randomness is a generalizedrtainty model that
includes fuzziness and randomness as special castgzyrstochastic structural analysis (Mdller and Beer, 2004)
the uncertain input parameters modeled by fuzzy randommesmapped to fuzzy random results. The mapping
is carried out by a so-called mapping model. In the case dftibg a multi body system algorithm is applied as
mapping model. The structure is subdivided into rigid anxlilfle parts. Flexible parts represent potential failure
zones that are subject to the major damages or destructioimgydhe collapse of the structure. This mechanical
behavior is modeled by nonlinear load-displacementimgiatthat describe crack development, articulation, and
failure. The fuzzy stochastic analysis of blasting is destiaied by way of an example.

1 Introduction

The controlled demolition of buildings that reached the ehtheir physical or economical lifetime is
at present of increasing importance. On one hand, thereaigya humber of buildings that are derelict
or which no longer meet the present requirements. On the btrel, the resources of building land are
limited, in particular, in densely populated areas. Basethis situation, the demolition of existing struc-
tures often represents an economical and sometimes thevaglyo allow new building. For removing
reinforced concrete structures, demolition by blasting b@come a common practice for technical and
economical reasons.

The collapse of the building is modeled with a multi body systlgorithm. The structure is subdivided
into rigid and flexible parts, see Figure 1. Flexible parfgesent potential failure zones that are subject to
the major damages or destructions during the collapse afttheture. They are modeled by 6 dof spring
beam elements. The load-displacement behavior of the Gudisigsbeams elements is represented by 6
independent nonlinear load-displacement-relationst&msituations between parts during the structure
collapse are taken into account by the chosen simulatioreimod

Bringing down a building basically involves removing vedi supports — the columns and shear walls
as highlighted in Figure 1 — in a controlled sequential wagt then as a result of the action of gravity

the collapse of structure occurs. The basic idea is to wetideentructure on one side of the building’s

lower floors, starting at the bottom and working upward oveedain period of time. Each charge

will cut through the concrete of a column and the weight ofdtracture above will induce the collapse.

Shattered parts of the structure are removed in the comgaghsimulation model to initiate the collapse

process.
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The goal of the simulations is a reliable prediction of btagresults in respect to uncertainty (random-
ness as special case included) of the mapping model’s irgpatpeters. Errors in the design of a blasting
operation can be rather embarrassing, especially if thietstre comes down where it isn’t supposed to.
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Figure 1: Multi body system of a simple two story building

2 Data Models Describing Uncertainty

Input parameters of a collapse simulation like materiargith, the demolition effect of the explosives,
and loadings are afflicted with uncertainty. In the stodbastnse, each blasting process is an individual
event that is generally characterized by limited data. Tagsical modeling of these data using random
variables is problematic. If a random event is uncertain tive uncertainty may be described by fuzzy
randomness. Definitions and basic terms concerning fuzzgomness have been introduced and en-
hanced in (Kwakernaak, 1978; Kwakernaak, 1979; Viertl,6)9Based onx-level discretization and
with the aid of the fuzzy probability distribution functis@ representation of fuzzy randomness suitable
for numerical simulations an basis of (Méller and Beer, 2084resented.

In the probability spac® a fuzzy realization of the form(%v) = (X1, ..., %n) C X is assigned to each
eventw € Q. The n-tuple Xw) is constituted from the fuzzy numbers X, ..., X, on the fundamental
setX € R". Each fuzzy number is defined as a convex, normalized fuzzy se

)?i = {Xa Hx; (X) | X e X} . (1)
A fuzzy random vector X is the result of the uncertain mapping
X: Q = FX), )

in which F(X) characterizes the set of all fuzzy numbersih

The fuzzy probability distribution functioﬁ(x) of the fuzzy random vectoi$ is defined as set of fuzzy
probability distribution functions jx) of all originals X of X with the membership valugs(F;(x)). In
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bunch parameter representation wittdiscretization applieé(x) is defined by

E(x) =EG 1) = {(E.(X); n(Ex (X)) | Fo(X) = [Emin, o (X); Emaxa(X)];
(Eoc(X)) =&, Voae (07 1]} (3)

p=

Figure 2: Fuzzy bunch parameter representation

A fuzzy random functiorX (t) is a function whose functional values are fuzzy random wsct@hese
functional values may depend on the spatial coordinateg01, 62, 63) and the timer from the pa-
rameter spac& C R™. With the crisp parameter vectoet(t, 0) | t € T is the functional argument of
a fuzzy random function defined on the spdce Q . X(I) is defined as fuzzy result of the uncertain
mapping

X®): ITxQ = F(X). 4)
For each specified pointa T a fuzzy random function represents a fuzzy random ve&{orA Fuzzy
random function may also be defined as set of fuzzy randonokseoh the parameter spate

X(t)={X;=X(t)Vt|teT}. (5)

3 Data Uncertainty in Blasting Processes

To control the falling direction supports are taken out twéothe building to fall in a specific direction.
While this sounds simple, planning a successful drop iseqoitmplicated. The 6 dof spring beam
elements in the multi body system representing the stiffreéthe structure play an important roll for
a effective simulation. The load-displacement-relatibthe 6 dof spring beam elements are computed
by an FEM algorithm and depend e.g. on configuration of thefeetements, concrete strength, and
failure behavior. These parameters are characterizedwiértainty. The FEM algorithm describing the
mapping operator is affected by fuzziness, randomnesaaag fandomness of the input parameter. The
result of the mapping is a fuzzy random load-displacemelattion. A fuzzy random load-displacement-
relationF(M(¢)) for M(¢) is examplarily shown in Figure 3.

Moller, Hoffmann, and Liebscher 3



9t ASCE Specialty Conference on Probabilistic Mechanics and Structural Reliability (PMC2004)

yield strength

A\
>

fuzzy probability
distribution F(x)

deformation d

2" crack

1" crack

AN
>
loading |

Figure 3: Fuzzy random force-displacement-relation

4 Fuzzy Stochastic Structural Analysis

4.1 General Procedure

If the uncertainty of the input parameters of a structuralysis is described with the aid of fuzzy random
functions, the following problem is then to be solved for Bsgmapping model

F:X(1) — 2(1). (6)

Applying Eq. (6) the fuzzy random functions (structurallilnnnarametersX(t) are mapped onto the
fuzzy random functions (structural responség). As fuzzy vectors and real random vectors are special
cases of fuzzy random functions, these uncertainty modelsilgao accounted for with Eq. (6). The
mapping according to Eq. (6) is the symbolic representaif@fuzzy stochastic structural analysis, that
is here a fuzzy stochastic multi body dynamic problem.

A multi body dynamic algorithm may be described on the bakik@nonlinear differential equations

m-F

SE. (7)

Mg+ (F xF). (8)

js'és

4.2 Numerical Realization

It is now intended to compute the structural respor&gsaccording to Egs. (7) and (8) as fuzzy ran-
dom vectorZ, = Z(t,) | r=1,...,q with the fuzzy probability distribution functior’, (z) = F(z,t,)
=F(G,,ztr) at g pointst, in the parameter spade For this purpose gfuzzy bunch parameter vectors
G, are to be determined, which comprise a total gfoanch parametek, ..., 6m,. The m fuzzy bunch
parameters are combined in the fuzzy ve@oi he fuzzy stochastic structural analysis characterized b
Eq. (6) has thus been transformed into the mapping

F:

I
lo

—

(9)
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fuzzy variables s, = X

R(s) = p(x)

fuzzy bunch parameters s;

u(s,,)

S Sl’,txk
_ o
0.0
@ S, @ S, = X,
S1J € S1’0Lk S m,jE S n1, e STJ € SWK
mapping operator
input subspace of the Fy; (x) € Fy,, (X) , ..., Fy; (X) € Fp 0. (X)
F.(x) X
a-function set F, ()
1.0 1.0
trajectory Fy; (x)
: K trajectory F_ (x)
/ ~ a-function set F, , (x)
0.0 = _—
X X
Fi; (@), ... B, (2)=9(F1; (x), ..., F,; (X))
multi body system algorithm as
deterministic fundamental solution
F4(2) .
a-function set F, ,(z)
1.0 1.0 \( 7
- Eanm /
trajectory F, () d trajectory F, ;(2)
/ o-function set F; , (z)
z z
result subspace of the Fy; (z) € Fie ), .. Fo (z) e ka (2)

@ 01j € Oy, mnm @ O mii € O
| a-level optimization |

.o,
O1,a Ot aur

Figure 4: Numerical Realization of the fuzzy stochastic analysis

An «-discretization of the fuzzy bunch parameters belongirf§ ta.,$,, fuzzy probability distribution
functions R§, x,tr) yields thex-level sets $,, .. ., Sy« fOr the leveloy (Figure 4). These-level sets

Moller, Hoffmann, and Liebscher 5



9t ASCE Specialty Conference on Probabilistic Mechanics and Structural Reliability (PMC2004)

together with thex-level sets §«, | h=m+1,...,n form the n-dimensional crisp subspagge Sif one
element is selected from eaahlevel set, one crisp point s is then obtained in the subsBace

With each set of crisp elementgjsc Sy «;,---,Sn,j € Sny, o CONStituting the vector ss Sy k precisely
one trajectory Fj(x) € Fy o (X) | i=1,...,p1 with the membership valug(F; j(X)) = u(s) > ax is
simultaneously selected from each of thefpzzy probability distribution functions (Figure 4). The
trajectories are f5(x) real-valued probability distribution functions. Eagkunction set k 4, (X) com-
prises all trajectories of the fuzzy probability distrihmrtfunctionf:ti (x) at the pointit € T for the level
XK.

Having selected one crisp pointfsom the subspace Sone real probability distribution function (tra-
jectory) is known for each fuzzy random vec®y = X(t). Moreover, one element from the respec-
tive a-level set (for the same levely) of each bunch parameter belonging to the fuzzy vectorzyfuz
fields, real random vectors, and fuzzy covariances is to leetegl. Based on a multi body system al-
gorithm one stochastic structural analysis may now beeguaut for the crisp bunch parameter vector
§ € Sy, defined.

The trajectories of the fuzzy probability distribution fitions K&, z,t,) of the result vectoritr = Z(E)

| r=1,...,0: are designated byf(z) | r=1,...,0:. For each defined-level xy these are elements
of the assignedx-function sets Fj(z) € F «(z). For determining thex-function sets F «,(z) the
following functional relationship concerning the trajgges may then be stated:

(Fti,j(z) | r:]-v"'apl) :g(FtiJ(x) | r:]-a"'vpl) (10)

The solution of Eq. (10) is obtained with the aid of the MongIG Simulation (MCS), see (Sickertetal.,
2003). Based on the trajectoriegjFx) sample vectors are thereby generated one after anothen. Eac
sample vector comprises exactly one realization of eadinai X, ;, respectively, and thus represents a
crisp input vector for one deterministic structural anely§ he application of MCS results in a sample
of result values for each trajectory, fz) of the fuzzy random result vectolar = Z(E). Statistical
evaluation of these samples yields the trajectories inlvpacameter representation. For eaelkevel o

the obtained bunch parameters are elements of the assigiesdl set1j € 01,6,;---,0mj € Omy,a Of

the fuzzy bunch parameteds, ..., om, constituting the fuzzy vecta¥. Once the smallest and largest
elements of thex-level setsoy ,, ..., 0m,« have been determined for eagHevel o, the fuzzy bunch
parameter vector8y, ..., 6q, and hence the fuzzy probability distribution functid?(s_z,;r) =F(G,zt,)

are then known. The search for the smallest and largest atsroéthe bunch parameters is realized by
applyingx-level optimization (Figure 4).

5 Example

The blasting simulation of the multi body system as shownigufe 1 is presented. The stiffness repre-
sented by force-displacement-relations (Figure 3) isiciemsd to be logarithmic normal distributed with
the fuzzy expected value § (Figure 5). The surroundinggmgpnust not be affected due to the blasting
operation — this is fulfilled if the dashed border in Figure &0t exceeded by the debris. A fuzzy failure
probability for exceeding the border by given fuzzy stotitaimput parameters has to be determined.
Results are shown in Figure 6.
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Figure 5: Fuzzy expected value and fuzzy probability density function
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(a) collapse process
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(b) collapsed building, top view (c) collapsed building, side view (d) fuzzy failure probability

Figure 6: Result of collapse process simulation
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