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Abstract

Hybrid Genetic Algorithms for Reliability Assessment of Structural Systems
By

Jian Wang

Advisor: Professor Michel Ghosn

Although the theory of structural system reliability has greatly matured over the last
decades, widespread implementation of reliability methods in engineering practice has not
yet taken place. One main reason for the lag between the theoretical developments and
implementation is attributed to the limitations of most available reliability analytical
techniques in their ablity to account for one or more of these factors: 1) Accurately model the
behavior of structural systems at high loads; 2) Consider different performance criteria; 3)
Identify multiple equally important failure modes; 4) Account for load combinations; 5)
Solve time dependent problems; and 6) Provide accurate solutions in a computationaly
efficient manner. To help resolve some of these preceived deficiencies, this Ph.D dissertation
develops flexible yet efficient simulation-based methods that can be easily adapted for
routine application when solving various types of structural reliability problems that are

encountered in engineering practice.

Two hybrid Genetic Search Algorithms are developed to efficiently determine the
probabilistically dominant failure modes of complex structural systems and determine their

reliability index values. One of the proposed hybrid methods combines the benefits of the

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Gene Expression Messy Genetic Algorithm (GEMGA) and the Shredding Genetic (SGA)
operator to improve the efficiency of the search for failure modes through their linkage
learning processes. The other proposed algorithm takes advantage of the pattern
identification ability of Data Mining (DM) techniques to supplement the capacity of GA
operators to explore new significant search domains. New data analysis schemes including an
exploitation process based on the Tabu local search procedure are introduced in the
algorithms to obtain accurate reliability index values and quantify the contributions of

various random variables to the dominant failure modes.

The efficiency and accuracy of the proposed GA methods are verified by applying them
to solve a range of benchmark reliability problems. By linking the proposed Genetic
Algorithms to general-purpose finite element programs, the reliability of any structural
system with any type of material behavior can be solved. This dissertation demonstrates the
applicability of the proposed methods for solving realistic structural problems by performing
the reliability analysis of cable stayed and suspension bridges subjected to combinations of
loads and accounting for the geometric nonlinearity and the time-dependent deterioration of

structural members.
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CHAPTER ONE

INTRODUCTION

1.1 PROBLEM STATEMENT

qurent structural analysis and safety assessment methods focus on the behavior of
new facilities using what are believed to be conservative estimates of the capacity of
structural systems. These methods have evolved over decades of practice leading to the
current generation of structural design specifications. The main concern of these
specifications is to secure individual member safety although long-term member
deterioration, the presence of system reserve strength, and the high uncertainties associated
with predicting future loading conditions and other random factors are implicitly considered
through the application of safety factors including load and resistance factors as well as
system factors. However, the general dissatisfaction with the deteriorating state of the
existing civil engineering infrastructure due to its exposure to harsh environmental
conditions, unforeseen loads, and deferred maintenance, as well as recent interest in utilizing

innovative materials with unknown long term performance, have led many researchers to

explore the possibility of using new safety assessment tools based on performance-based
engineering concepts. As stated by Ellingwood (2000), for performance based engineering

to achieve its full potential, the following ingredients must be available:
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e Computational tools to evaluate the performance of integrated systems;

e Relations that define performance in terms of structural response quantities that
engineers can compute using available methods;

. Databaées to measure uncertainties in the engineering parameters of interest;

e System reliability anélysis procedures to provide the framework for managing

these uncertainties and quantitative risk targets.

Because the theory of structural system reliability addresses many of the issues
related to the ingredients listed above, the use of system reliability methods has recently
gained considerable momentum. However, many of the available reliability analytical

techniques have one or more limitations in their ablity to:

e Accurately model the behavior of structural systems at high loads;
o Consider different performance criteria,

o Identify multiple equally important failure modes;

e Account for load combinations;

e Solve time dependent problems.

The application of simulation techniques in conjunction with general purpose finite
element packages provides methods with a strong potential for resolving many of these
outstanding issues [see for example the work of Maymon (1993), Borri & Speranzini (1997),
Liu & Der Kiurghian (1991), Imai & Frangopol (2000), Guan & Melchers (1999), Grandhi

& Lipping (1998), and many others]. In order to perform a simulation-based reliability
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analysis, a systematic search algorithm that will identify the probabilistically dominant
failure modes accounting for the time dependent randomness in applied loading and material
properties is required. If all the failure modes (or at least the dominant ones) are known, the
system reliability or at least bounds on the reliability can be obtained [Ditlevsen (1979),
Thoft-Christensen, P., Murotsu, Y. (1986)]. Typical methods for identifying dominant

failure modes can be broadly divided into three categories:

e Enumeration techniques;

e Plasticity-based procedures;

e Simulation-based methods.
[see for example Thoft-Christensen & Murotsu 1986; Moses 1982; Karamchandani 1987;
Xiao and Mahadevan 1994; Ditlevsen (1982), Ditlevsen & Bjerager (1984, 1989),
Karamchandani & Cornell (1992), Der Kiureghian (1996), Dey & Mahadevan (1998),
Engelund & Rackwitz (1993), Frangopol (1985), Guan & Melchers (1999, 1993),
Hohenbichler & Rackwitz (1983), Katsuki & Frangopol (1994), Rajashekhar & Ellingwood
(1993), and many more].

But these techniques have various limitations. For example, it has been observed
that:

e Searching for dominant failure modes of a large structure on a probabilistic basis

is inefficient and requires too much computational time;

e Deterministic search strategies may miss important failure paths;
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e Many methods rely on simplified representations of the structural response and
may not be capable of modeling actual material behavior particularly at high

loads or for defining different performance criteria.

Hence, more efficient and accurate methods need to be developed if reliability theory
is to be applied on a regular basis for the practical safety evaluation of structural systems
and as a tool for performance based design. The objective of this Ph.D thesis is then to
develop an efficient simulation-based method for the reliability assessement of complex
structural systems, which would realistically model their ultimate capacity, be
implementable in practical situations, and provide accurate solutions using computationally
efficient algorithms. The method should be sufficiently general to include ductile and brittle
structural behavior and solve time-dependent problems. The next section describle current

methods and discuss their advantages and drawbacks.

1.2 REVIEW OF METHODS OF STRUCTURAL RELIABILITY

Structural reliability deals with the uncertainties and variabilities associated with
evaluating the safety of structural systems. These uncertainties that affect the loads and the
structural resistances of a member may be modeled as random variables. The most important
characteristic of a random variable is its probability distribution function which very often

can be calculated based on its mean (or average) value and its standard deviation. The

standard deviation of a random variable R with a mean or average value R, is defined as Og.
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A dimensionless measure of the uncertainty is the coefficient of variation (COV) that is

defined as the ratio of the standard deviation divided by the mean value. For example the

COV of the random variable R is defined as Vg such that:
o
V, = —_ER- (Eq.1.1)

In structural reliability, safety may be described as the situation where capacity
(strength, resistance, fatigue life, etc.) exceeds demand (load, moment, stress ranges, etc.).
Probability of failure, i.e., probability that capacity is less than applied load effects, may be
formally calculated; however, its accuracy depends upon detailed data on the probability
distributions of load and resistance variables. Since such data are often not available,

approximate models are often used for calculation.

Let the margin of safety of a structure be defined as, Z, such that:

Z=R-S (Eq.1.2)
Where R is the resistance capacity, S is the total load effect. Probability of failure, Ps is the

probability that the resistance R is less than or equal to the total applied load effect S or the

probability that Z is less or equal to zero. This is symbolized by the equation:

Pi=Pr[R<S] ’ (Eq.1.3)
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Where Pr is the probability. If R and S follow independent normal distributions, then:

Pf:d{o_zj:q) S (Eq.1.4)
o, or+0;

where ® is the cumulative function of standard normal distribution. Z is the mean of the

safety margin and o, is the standard deviation of the safety margin. Thus, Equation 1.4

gives the probability that Z is less than 0. The reliability index, B, is defined such that:

P, =0(-p) (Eq.1.5)

f==—20 (Eq.1.6)

The reliability index [} defined in Equations 1.5 and 1.6 provides an exact evaluation
of risk (failure probability) if R and S follow normal (Gaussian) probability distributions.
Although 8 was originally developed for normal distributions, similar calculations can be

made if R and S follow other distributions.
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When the failure function is nonlinear, the reliability assessment of a structural
system can be evaluated through different available methods. Some of the most common
methods include the First Order Reliability Method (FORM) which are also called First
Order Second Moment methods known as FOSM and the Second Order Reliability Methods
known as SORM. The traditional Monte Carlo Simulation (MCS) and its various variance
reduction techniques are also often used in practice. A very popular simulation technique is
the Adaptive Importance Sampling (AIS) method. Other methods are based on the Response
Surface Method (RSM), neural network, and evolutionary algorithms. Hybrid methods that
include various aspects of the abovementioned techniques are also used to improve the
efficiency and accuracy. All these techniques are easily applied when the failure function of
EQuation 1.2 is known as a closed-form equation. For practical structural reliability
applications, the failure function is not exactly known and one needs to rely on various
analysis techniques such as the finite element method to evaluate the relationship between
the loads and resistances and verify whether a particular structure is safe for various sample
points of the pertinent random variables. Performing a nonlinear finite element analysis
requires a large computational effort. Since all the reliability techniques mentioned above
‘require a large number of structural analyses, the methods most likely to be utilized in
practical applications are those that reduce the number of structural evaluations to a
minimum. In the discussion below, we assume that the total computational cost is
dominated by the cost of the structural analysis and all other costs such as generating the
random variables and forming the necessary matrices are negligible. Below is a discussion

of the most common methods used in practice along with their advantages and drawbacks.
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FORM/ SORM

The objeciive of structural reliability methods is to calculate the probability of an
occurrence of a structural failure (or safety) event. The event of interest is typically defined
by an analytical function, Z(x), where X is a vector of continuous random variables with
continuous joint density function f(x). The set of random variables may be correlated and/or
conditionally dependent. The probability of failure is defined as PyZ(x)<0)and can be

represented by:

Po= | fi(xdx (Eq.1.7)

Z(x)<0

The task of the structural reliability analysis is then to evaluate the multidimensional
integral of the joint density function of x over the failure domain. We may evaluate the
integral very efficiently by asymptotic first-order or second-order reliability methods

(FORM/SORM). FORM and SORM map the joint distribution f, (x) into a standard

normal space in which the failure function separates the overall space into a failure and safe
domains. FORM and SORM would then find the location of the closest point on the failure
surface to the mean value to define the “design point” or the most likely failure point. Since
the reliability index is the minimum distance between the origin to the failure function, the

reliability problem reduces to an optimization problem.
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To represent the failure surface in the standardized normal space, we assume that a

probability preserving transformation x =7'(u) exists where u is an independent standard

normal vector that transforms the probability integral into

P, = j o (x)dx = j @, ()dn (Eq.1.8)

Z(x)=0 Z(T (u))=<0

where ¢, (1) is the n-dimensional standard normal density with independent components.

An approximate transformations x=7(u) has been proposed by Rosenblatt. The

probability of failure is obtained from:

P, =®(-f) (Eq.1.5")

where B =|u” |is the reliability index which gives the shortest distance between the failure

point and the center of the normalized space which corresponds to the mean of the vector x.,
@ is the cumulative probability function of the standard normal distribution and u" is found

from

u =min|u| for {u: Z(u)<0) (Eq.1.9)

The main computational task is to find the location of the u"-point (or B-point) by a

suitable search algorithm. The failure function is replaced by its tangent hyperplane at u* to
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facilitate the search process. This first order expansion led to designating this algorithm as

the First Order Reliability Method (FORM).

A natural extension is to attempt second-order expansions of the limit state surfaces
based on the presumption that a second-order expansion would lead to better estimates of

the failure domain. This idea led to the development of Second Order Reliability Methods

(SORM).

The main drawback of FORM/SORM is that the limit state function has to be
expressed in closed form. But, for the reliability analysis of complex structures, this is not an
easy thing. Additionally, there are some cases where FORM/SORM can’t solve problems
even when the limit state function is explicitly expressed. Rackwitz (2001) gives an example
where FORM/SORM fail to converge when the limit state function is given by an equation

of the form:

Z(x)==xC mzn: X, ' (Eq.1.10)

i=1

where x;, i=1,2,...,n are independent and exponentially distributed with the parameter A .

The limit state function becomes highly non-linear in the U space.

Z(U):iCmiln(CD(—Ui))//l (Eq.1.11)

i=1
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11

where U; are independent and normally distributed. Although the exact probability of

failure for the problem of Equation 1.11 is known to be F, (C;n;A), where Fj, denotes the

Gamma distribution, FORM/SORM can only give a very crude approximation of .

Importance Sampling

With few exceptions, FORM/SORM can perform well when the limit state function
can be explicitly expressed. However, for many cases, the limit state function can only be
implicitly expressed. In these cases, FORM/SORM cannot be directly applied and

simulations techniques may be used.

A simulation calculates multiple scenarios of a model by repeatedly sampling values
from the probability distributions for the random variables and using these as input. By
counting the number of failures, unbiased estimates of the probability of failure are obtained.
Simulation methods offer a feasible means to compute the probability of failure. In
particular, Monte Carlo Simulation (MCS) is well known to be robust independent of the
probability distribution types of the random variables and the dimension of the problem. Its
main drawback, however, is that it is not suitable for finding small probabilities because the
number of samples, and hence the number of system analyses, required to achieve a given

accuracy is proportional to 1/P, . Essentially, finding small probabilities requires

information from rare samples corresponding to failure, and on average it would require

many samples before a failure occurs. Besides the computational effort that this would
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require for very low probability of failures, common random number generators can also fail

to produce truly independent samples.

Variance reduction techniques have been developed to improve the efficiency of the
crude Monte Carlo method. In particular, the Importance Sampling technique has been used
to shift the underlying distribution towards the failure region so as to gain information from
rare failure events more efficiently. If an indicator function I[Z;i(x)<0,i=1,...,m] is defined

such that I[]=1 if x is in failure domain D and zero otherwise, Equation 1.7 can be rewritten

as:

P, =j...jfx(x)dx=j...j1[]fx (x)dx (Eq.1.12)

Evidently, for low values of P few of the sample vectors x; will contribute to
Equation 1.12 and as a result, very large sample sizes are required. If in addition the
evaluation of Zi(x) is at all complicated the computational effort required to obtain a

reasonable estimate of Pybecomes excessive. But, Equation 1.12 can be rewritten as:
f.(v)
P =\.. | I[}==—=h (v)dv . Eq.1.13
! jjnhv(v)m (Eq.1.13)

where A, (v)is the “Importance Sampling Density” function define as ISD as on next page,

then Py is estimated by the unbiased estimator of Equation 1.14:
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1< fP) -
P =—>» {I[Z(V,)<0]——— Eq.1.14

where V. is a vector of sample values taken from the importance sampling function #,() .

h,() should be selected such that most information is extracted from the sample

points V,. This means that the samples should be taken in the vicinity of points of maximum

likelihood of f, () and lying within Zj(x)<0,i =1,...,m.

The efficiency of the method depends on the sampling density function. A “good”
sampling density can be very efficient. On the other hand, a “poor” sampling denéity can be
very inefficient and may even result in incorrect estimates of the failure probability with
deceptively low estimated COV of the failure probability. Hence the success of the method
relies on a prudent choice of the Importance Sampling Density (ISD), which undoubtedly

requires knowledge of the system in the failure region.

Adaptive methods have been developed to focus the search on the failure points as
more information is gathered. When the dimension n of the uncertain parameter space is not
too large and the failure region D is relatively simple to describe, the method works well.
When the dimension n is large and the complexity of the problem increases, it may be
difficult to gain sufficient knowledge to improve the search focus and the adaptive method
may fail to converge. Although, the Importance Sampling method can be used to identify the

corrdinates of the failure point, the failure modes can’t be determined when the failure
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functions are not known. Without a closed form expression, a finite element analysis is the

only means available to determine whether failure has occurred.

Response Surface Methods

The limit state function of complex nonlinear structures can seldom be expressed in
closed form and typically it needs to be evaluated implicitly through a numerical algorithm,
such as a finite element method. Although the reliability analysis can be carried out using
Monte Carlo Simulation (MCS), a large number of FE executions can make the
computational cost prohibitively high. This is especially true for large and complex
structures with high reliability (low probability of failure). In order to reduce the
computational effort to an acceptable level, Response Surface Methods (RSM) have been
developed. In RSM, the FE analysis is used to evaluate the actual limit at a grid of
experimental points in the region where the design point is expected to be located on the
actual (but implicit) limit state function. The actual limit state function is approximated by a
polynomial function through a regression fit of the results at these pre-selected grid points.
The resulting approximately fitted surface can then be used in a FORM or SORM algorithm

to calculate the reliability index and estimate the corresponding probability of failure.

In practice, the actual limit state function Z(x) is replaced by a polynomial. Typically

a quadratic function is used without mixed terms of the form:
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Z(x)=a+ y bx,+ Y cx’
ZI Z‘ (Eq.1.15)

(x; = l; + k,0,)

Guan and Melchers (2001) showed that the estimated failure probability was very

much influenced by the selected value of k,, and the accuracy depended on the shape of the

actual limit state function and the selection of the grid points that cannot be known a priori.

Adaptive RSM are often used but convergence cannot be guaranteed.

Complex Structural Systems

For the reliability analysis of complex structures, the traditional approach includes
three steps: Firstly, identify all possible failure modes for the structure. There are so many
failure modes in complex structures with a high degree of redundancy that is impossible to
identify all of them a priori. Hence, several methods, one of which is called the “truncated
enumeration” method have been developed to identify the pertinent failure modes. The
second step is to obtain the limit state equations for the structural failure condition. Node
Replacement (Artificial Load) Technique and Incremental Load Technique are two major
approaches that have been used to obtain the limit state equations. The third step is to
estimate the probability of failure of the structural system. There are several approaches
available for the estimation of probability of failure if the limit state equations have been
obtained. Simulation methods (such as Monte Carlo Simulation Method) and upper and

lower bound methods are often used. There are two more analysis approaches: Branch-and-
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Bound method and B-unzipping method. Using the Branch-and-Bound method, the
reliability of a structural system is evaluated by selecting the probabilisticalfy dominant
failure paths. The B-unzipping method is a method by which the reliability of structures can
be estimated at a number of different levels. All the above methods require the engineer to
identify the important failure modes or the dominant failure paths by structural elastic or
plastic analysis, but they all have their limitations. Some of these methods may miss
probabilistically important failure modes. Others are limited to plastic material and are
unable to handle brittle behavior. For this reason general- purpose search methods that are
applicable to any material type must be devised. Simulation techniques have been used for
that purpose in conjunction with general-purpose F.E programs. However, these simulation
methods such as Importance Sampling do not provide full information about the failure
functions. Evolutionary type algorithms may on the other hand provide solutions to

reliability problems while overcoming many of the deficiencies in current methods.

Evolutionary Algorithms

Evolutionary algorithms have been recently used for solving structural optimization
problems. Nikolaos & Lagaros (2002) investigated the efficiency of various Evolutionary
Algorithms (EA), such as Genetic Algorithms(GA) and Evolution Strategies(ES). Both
types of algorithms imitate biological evolution in nature and combine the concept of
artificial survival of the fittest with evolutionary operators to form a robust search

mechanism. Both GA and ES have three characteristics that differ from other conventional
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optimization algorithms: 1) In place of the usual deterministic operators, they use
randomized operators: mutation, selection and recombination; 2) Instead of a single design
point, they work simultaneously with a population of design points in the space of design
variables; 3) They can handle, with minor modifications, continuous, discrete or mixed
optimization problems (Papadrakakis 1998). The second characteristic allows for natural
implementation of GA in the identification of multiple equally important failure modes in
structural reliability. Modified versions of both Genetic Algorithms and Evolution Strategies
have proved to be particularly promising to solve general optimization problems (Nikolaos
& Lagaros. 2002). Since as mentioned earlier, reliability analysis reduces to an optimization
problem consisting of a search for the minimum distance in the normalized U space, then
GA seems to be a promising method for solving structural reliability problems as will be

discussed in the next section.

1.3 APPLICATION OF GENETIC ALGORITHM IN STRUCTURAL RELIABILITY ANALYSIS

Recent developments in the field of artificial life provide several new computational
techniques that are applicable for solving structural reliability problems involving large
structural systems (Kaisheng et. al. 1996). For example, Genetic Algorithms, GA, have been
developed following the principles of genetics and the natural selection process to guide a
search into the regions of a domain that have the highest potential (or fitness) for improving
the objective of the search (Goldberg. 1989). Shao & Murotsu (1999) and Deng. (2000)
demonstrated the applicability of GA algorithms to the reliability analysis of structural

systems. They showed that a genetic algorithm can be used to generate search directions in
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the random variable space of the parameters related to structural loading and materials. A
finite element program then performs a nonlinear structural analysis to follow the failure
path in each search direction and find the corresponding system capacity. The safety level
associated with the system’s capacity is measured by the reliability index, 8. Through
evolution, GA finds the most critical combinations of loads and material properties that
would produce the lowest value of the reliability index. Because of their random nature, GA
can easily find alternative optima in repeated runs. Thus, the most critical structural failure
paths (and modes) are identified. Although GA'’s ability to provide a versatile, robust, and
simple technique for the reliability analysis of structural systems with multiple failure modes
has been demonstrated, the shotgun search strategy that GA is based upon proved to be
rather inefficient. In fact, GA requires that several searches be initiated_ simultaneously in
several directions. Knowing that each step requires a nonlinear analysis of a complex
structural system modeled by thousands of degrees of freedom, any improvements that can
be made in narrowing down the search domain without missing out on important search

directions are critical for future implementations of GA based reliability simulations in

practical applications.

To ameliorate the GA search’s efficiency, researchers have devised various forms of
improved genetic algorithms depending on the particular application of interest. For
example, improved GA algorithms have been used to solve various structural optimization
problems including the topology of truss structures, transmission towers, and composite
laminates (Goldberg & Samtani (1987) and Katsuki, et. al. (2001). Many of these improved

techniques center around reducing the dimensionality of the problem through the
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introduction of linkages. The linkage process essentially weeds out less fit individuals by
tightly binding together two or more closely correlated genes allowing them to travel as one
unit under the action of GA operators (Harik, & Goldberg, 1996). Such linkages have been
shown to overcome many of the limitations associated with GA such as building block
disruption, inadequate exploration, spurious correlation, and many other perceived
stumbling blocks to the widespread implementation of GA in structural applications.
Similar improvements are sorely needed to help speed up the convergence of GA when

solving reliability problems.

In addition to the theoretical advances made on GA, the last few years have witnessed the
development of new techniques to speed up the process of decoding the human gene through
the support of the National Institute of Health (NIH) and through private funding. In fact,
researchers involved in the human gene decoding project realized that traditional methods
for identifying genes in a genome constitute agonizingly slow processes forcing scientists to
typically spend years locating and decoding a single one (Lemonick & Thompson1999;
Thompson 1999). By using a technique called shot-gunning, Dr. Venter and his team were
able to find genes in a much easier and more efficient manner than traditional techniques
(Lemonick & Thompson 1999). The procéss involves shredding a chromosome into pieces;
identifying the properties of the genes in each segment; then replacing the segments back
into their original location in the string. Because of the success of this gene shredding
process, and the successful implementation of the linkaged GA search methods, it may seem
reasonable to adopt into the GA based reliability algorithm some of the ideas developed

during the human genome project and the recent theoretical developments in gene grouping
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methods.

1.4 RESEARCH OBJECTIVES AND APPROACH

Based on the observations made in the previous paragraph, it seems reasonable to
expect that an efficient reliability method can be developed using a modified GA that would
be adapted to search for the minimum reliability index in a domain bounded by a set of
failure functions associated with each of the modes that may cause the failure of the
structure. To improve the efficiency of GA, the objective of this study is to introducé into
GA new operators that simulate the process followed by Venter (1999) and his colleagues
and take advantage of some aspects of the linkage algorithm developed by Harik &
Goldberg (1996). The shredding algorithm first proposed by Deng (2000) has been found to
have features closely related to those of the linkage operator as proposed by Harik and
Goldberg (1996). Hence, it is natural to develop a new GA method that will combine the
édvantages of both the shredding and linkage methods. This dissertation will show that
indeed such a combined algorithm will provide dramatic improvements in the search
efficiency. Furthermore, the application of GA to solving structural reliability problems was
based on executing the search in a discrete set of pre-determined directions. Such an
approach, however, would only produce rough estimates of the reliability index and the
corresponding probability of failure. To improve the estimates of the reliability, this thesis
proposes an exploitation of the search so that the original GA-produced solution is further
refined to provide accurate estimates of the global and local minima. The GA search as

proposed by Shao (1999) and Deng (2000) was shown to be compatible with any F.E
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analysis package so that the GA determines a direction and the F.E analysis is subsequently
used to find the failure point in this particular search direction. In this fnanner, the GA will
be able to solve any problem that is solvable by F.E for a variety of element types including
ductile and brittle materials. This research will further improve the GA to solve time-
dependent problems that might arise from member degradation and/or load combination
problems. It is expected that additional improvements to the search method can also be
made by using recently developed Data Mining (DM) techniques as part of a hybrid Genetic

Algorithm.

Data Mining is a fast growing field that deals with the research and practice of
detecting patterns from data. Using machine learning, statistics, and other techniques, Data
Mining represents the process of detecting relations among the data. The relations are
typically captured in terms of rules, similarity based subsets, and associations among the
search space dimensions. Therefore, a Data Mining algorithm can also be viewed as a search
for appropriate association rules. The core idea behind the introduction of a linkage learning
process in GA algorithms is to detect the relations of the variables among the chromosomes.
Hence, from a structural reliability point of view, it should be possible to use Data Mining
techniques to detect linkages between the random variables. These linkages will contribute

to efficiently identifying the variables that are most likely to control the dominant failure

modes.

Since GA works with a coding of variables, not the variables themselves, the search

is restricted to some discrete directions. When dealing with continuous variables, the
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traditional GA can only find the relative minimum not the exact global or local minimum.
Adding the number of coding of variables can only significantly increase the computation
effort not the accuracy of the search. So, a new process called exploitation is introduced to
resolve the problem between the accuracy and efficiehcy of GA algorithms and solve

optimization problems involving continuous variables.

In summary, this research study will develop hybrid GA techniques for solving

structural reliability problems. The proposed GA’s will have two important benefits in

efficiency and design, namely:

Efficiency: The linkage-learning process will play a very important role in improving the
efficiency of GA. Linkage in the context of GAs represents the ability of building blocks to
bind tightly together and thus travel as one under the action of the crossover operator. The
application of linkage-learning has been intricately tied with defeating many.of the
limitations of GAs. These limitations encountered when using traditional GA techniques
include: building block disruption, inadequate exploration, and spurious correlation. By
reducing the dimensionality of the problem through linkage learning, the number of
generations needed to reach convergence are greatly reduced. The linkage-based GAs
generally include two operators known as transcription and recombination. The application
of the transcription and recombination operators is to evaluate whether a new chromosome
will have improved fitness through small changes in its gene structure. The shredding
operator previously introduced by Deng (2000) has demonstrated that an assessment of the

fitness of a chromosome can be achieved from the information contained in the fitness
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matrix that evaluate the fitness of strings of genes that describe the chromosome. Thus, by
combining the linkage-learning process with the shredding algorithm, large improvements in
computational time efficiency can be introduced. The shredding operator is essentially an
expert system that helps estimate the fitness without requiring the time consuming full-
fledged structural analysis. By shredding a chromosome, the fitness of each segment can be
estimated from the genes encountered in this segment and when replaced in the original
chromosome these segment fitnesses are combined to provide reasonable estimates of the
reliability of the failure mode represented by the chromosome. This shredding process has

been found to improve the efficiency of GA significantly.

Design: In engineering practice, engineers can use the information about linkages to design
systems with adequate reliability levels and minimum cost, or to choose the optimum
method to modify the reliability of existing structures. Most importantly, a@ed with the
linkage information, engineers will be able to identify which variables have most control on
a system’s reliability and which of these variables are strongly linked to each other. Hence,
the linkage information is extremely useful for both improving the efficiency and for the

practical application of the results.

Time-Dependent Reliability using Genetic Algorithms

When solving time-dependent reliability problems, the traditional approach used in

the past consisted of discretizing the service life of structures into several time intervals and
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taking the sum of the failure probabilities of the different time intervals as an estimate of the
total probability of failure. This method simplified the time-dependent problem by assuming
that the resistance and loads are all independent at different time intervals. This assumption
obviously neglects the fact that the member and system resistances of a structure cannot be
independent within the structure’s service life. The proposed GA methods can be used to
solve time dependent problems without the need to assume independence between the
elements affecting the reliability of a structure over the discretized time intervals. Thus,
better estimates of the probability of failure of time-dependent problems can be obtained

with high efficiency.

1.5 SUMMARY

In summary, the purpose of this study is to develop an efficient simulation-based
method for the reliability assessement of complex structural systems based on artificial
intelligent techniques. The method should be sufficiently general to include ductile and
brittle structural behavior and solve time-dependent problems. An improved genetic
algorithm, GA, will be developed to include a filtration operator based on the principle of
genetic elitism. Data Mining techniques will also be included to further improve the
efficiency of the search. The proposed improved GA will be applied in time increments so
that the time dependent random nature of the problem can be solved. The improved
efficiency, robustness, and stability of the proposed simulation-based structural reliability

method will be demonstrated through benchmark tests and demonstrations of its
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applicability for the solution of large scale structural systems. The main contributions of

this study will be:

The application of the linkage-learning process in the solution of structural

reliability problems.

e The application of a newly proposed shredding operator for estimating the
reliability index to improve the efficiency of GA algorithm during the linkage
learning and recombination processes.

e The GA algorithm will be extended so that it will help identify the most likely
failure modes and identify the variables that contribute the most to the failure of
structural systems.

e It will be shown that the proposed GA will converge faster than the standard GA
without losing its effectiveness and will have comparable efficiency to that
observed when using the Importance Sampling technique.

e Data Mining will be applied in the linkage learning process to improve the
efficiency of this process that accounts for more than' half the computaﬁonal
effort of GA.

e The GA procedure will be generalized to solve time dependent reliability
problems including deteriorating structural systems as well as load combinations.

e The algorithm will be applicable for the reliability analysis of any structural

linear or nonlinear system that can be analyzed using any available finite element

“analysis package.
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1.6 DISSERTATION OUTLINE

This document provides a dissertation for a Ph.D. study that was conducted in the
Department of Civil Engineering of the City College and the Graduate Center of CUNY.
The aim of the study is to develop improved simulation routines for the reliability
assessment of structural systems. The proposed routines are based on the latest advances in
artificial intelligence methods including Genetic Algorithms and Data mining Techniques.
To achieve the goals of the study, this dissertation is divided into the following Chapters:
Chapter 1 gave the introduction and the problem statement for the dissertation. Chapter 2
develops an improved hybrid linkage-shredding algorithm for the reliability analysis of
structural systems. Chapter 3 describes the application of the proposed GA to solve time-
dependent problems. Chapter 4 develops an improved hybrid Data Mining-Shredding
Algorithm. Chapter 5 provides sensitivity analyses and describes the application of the
proposed Data Mining-Shredding Algorithm for the reliability assessment of nonlinear

structural systems. Chapter 6 gives the conclusions and suggested future research.
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CHAPTER TWO

LINKAGE-SHREDDING GENETIC ALGORITHM

ABSTRACT

The identification of the probabilistically dominant failure modes of complex
structures and the estimation of their reliability can be reduced to the solution of an
optimization problem in the standardized normal space of the variables that control the
random loads applied on the structure and the random strengths of its members. Hence, the
ability of Genetic Algorithms to identify local and globai optima makes them especially
suitable for solving structural reliability problems. To reduce the known inefficiencies of
traditional Genetic algorithms, this chapter proposes the use of a hybrid genetic search
algorithm that is capable of efficiently identifying the dominant failure modes of a structural
system and estimating their reliability index values.

The proposed algorithm combines the benefits and the efficiency of the linkage
learning process of the Gene Expression Messy Genetic Algorithm (GEMGA) to the ability
of the Shredding Genetic operator to explore new significant search domains. By reducing
the dimensionality of the problem through linkage learning, the number of generations
needed to reach convergence is greatly reduced. To further ameliorate the GA search’s
efficiency, fhe Shredding operator is used to estimate the value of the reliability index in a
given search direction by building and updating a 'fitness value matrix based on an
evolutionary learning process. This will drastically reduce the number of structural analyses
that are usually required during the reliability assessment of structural systems.

Furthermore, an exploitation process is implemented during the search for the local optima
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to obtain accurate reliability indexes and quantify the contributions of various variables to
the structural failure modes identified during the search process. Thus, the proposed
algorithm provides detailed information about a structure’s failure modes that would be
helpful for optimizing the design and improving the structure’s safety against local and
global failures. Examples are provided to demonstrate the high efficiency .and accuracy of

the proposed hybrid Genetic Algorithm.

Keywords: Gene Expression Messy Genetic Algorithm, Shredding operator, Tabu local

~ search, Linkage learning, Structural failure modes, Structural Reliability, Time-dependent

reliability.

2.1 INTRODUCTION

Recent developments in the field of artificial life provide several new computational
techniques that are applicable for solving structural reliability problems involving large
structural systems (Kaisheng et. al. 1996). For example, Genetic Algorithms, GA, have been
developed following the principles of genetics and the natural selection process to guide a
search into the regions of a domain that have the highest “fitness” or potential for improving
the objective of the search (Goldberg, 1989). Recent studies by Shao & Murotsu (1999) and
Deng et. al. (2000,2003), demonstrated the applicability of GA algorithms to the reliability
analysis of structural systems. They showed that a genetic algorithm can be used to generate
search directions in the random variable space of the parameters related to structural loading
and member strengths. A finite element program then performs a nonlinear structural

analysis to follow the failure path in each search direction and find the corresponding system
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capacity. The safety level associated with the system’s capacity is measured by the
reliability index, . Through evolution, GA finds the most critical combinations of loads
and material properties that would produce the lowest value of the reliability index. Because
of their random nature, GA can easily produce alternative optima in repeated runs. Thus, the
most critical structural failure paths (and modes) are identified.

Although GA’s ability to provide a versatile, robust, and simple technique for the
reliability analysis of structural systems with multiple failure modes has been demonstrated,
the shotgun search strategy that GA is based upon proved to be rather inefficient. In fact,
GA requires that several searches be initiated simultaneously in several directions. Knowing
that each step requires a nonlinear analysis of a complex structural system modeled by a
large number of degrees of freedom, any improvements that can be made in narrowing down
the search domain without missing out on important search directions are critical for future
implementations of GA based reliability simulations in practical applications.

To improve a GA search’s efficiency, researchers have devised various forms of
improved genetic algorithms depending on the particular application of interest. For
example, improved GA algorithms have been used to solve various structural optimization
problems including the topology of truss structures, transmission towers, and composite
laminates (e.g. Goldberg & Samtani (1986) and Katsuki, et. al. 2001). Many of these
improved techniques éenter around reducing the dimensionality of the problem through the
introduction of linkages.

The linkage process essentially weeds out less fit individuals by tightly binding
together two or more closely correlated genes allowing them to travel as one unit under the

action of GA operators (Harik, & Goldberg, 2000). Such linkages have been shown to
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overcome many of the limitations associated with GA such as building block disruption,
inadequate exploration, spurious correlation, and many other perceived stumbling blocks to
the widespread implementation of GA in structural applications. Similar improvements are
sorely needed to help speed up the convergence of GA when solving reliability problems.
The shredding Genetic algorithm developed by Deng et. al. (2000,2003) goes one step in
this direction. The process is based on shredding the genetic chromosomes that model a
given search direction in the standardized random variable space. The application of the
shredding operator was found to improve the convergence of Genetic algorithms to the
global optimum reliability. In addition, the process helps further improve the efficiency by
reducing the number of structural analyses required during the search process using a self-
learning algorithm that would eliminate the need to perform an incremental structural
analysis for each generated search direction.

This chapter builds on the operators proposed by Deng et. al. (2000,2003) and
creates a hybrid method that combines the benefits of the shredding and learning operators
of Deng et. al. (2000,2003) to the linkage process developed by Harik & Goldberg (1996).
The object is to develop a structural reliability algorithm that is capable of efficiently
determining the probabilistically dominant failure modes of a structural system. The
proposed algorithm will also include an exploitation process to refine the search for the local

optima and thus obtain an accurate estimate of the reliability index for each of the identified

failure modes.

2.2 STRUCTURAL RELIABILITY ANALYSIS USING GENETIC ALGORITHMS
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The identification of the probabilistically dominant failure modes of complex
structures and the estimation of their reliability can be reduced to the solution of an
optimization problem in the standardized normal space of the variables that control the
random loads applied on the structure and the random strengths of its members (see for
example Thoft-Christensen & Morutsu (1986)). The ability of Genetic algorithms to identify
local and global optima makes them suitable for solving structural reliability problems as
demonstrated by Shao & Morutsu (1999).

The approach proposed by Shao & Morutsu (1999) is based on the observation that
the failure modes gi, g2 ...g,. of a structural system in the independent standard normal U-
space can be reached by following the failure paths in directions I; as illustrated in Figure
2.1. If the search is restricted to the paths at 45° angle intervals, the unit vectors may then be
expressed by a three-digit system where each of the digits belongs to the set (-1, 0, 1). Thus,
each search direction may be described by a set of variables each of which can have a value
equal to —1, O or 1. By digitizing a search vector using the three-digit system proposed by
Shao & Morutsu (1999), the rectangular coordinates of a direction vector would constitute a
string of digits known as a chromosome in GA parlance where each digit (having the values
-1, 0 or 1) may be labeled as a gene. Other coding schemes can be easily developed to
produce narrower search sweeps since any vector cqmponent can be represented in a binary
system. In structural reliability applications, the fitness of a chromosome is defined in terms
of how fast it would lead to reaching a failure point. Hence, the most fit chromosomes are

those associated with a low reliability index.
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Figure 2.1 Search directions and their corresponding codes in 2-D

The classical Genetic search algorithm proposed by Shao and Murotsu (1999) has
been successfully applied to solve structural reliability problems but was found to be rather
inefficient. To improve the efficiency of the GA search, Deng (2000) proposed a modified
genetic algorithm, referred to as the Shredding Genetic Algorithm (SGA). In summary, the
process proposed by Deng (2000) consists of shredding the string of digits (the
chromosome) and identifying the strong pairs of genes that have been observed to occur
simultaneously in the strongest (most fit) chromosomes. In addition, Deng (2000) observed
that a reasonably good approximation to the overall fitness (reliability index) of a
chromosome can be obtained based on information assembled from the fitness of previously
studied chromosomes having similar genes or pairs of genes. This observation was found to
lead to large improvements in the efficiency of the algorithm as the actual calculation of the
fitness (reliability index) would require extensive computational effort when the structural

system is nonlinear and involves a large number of variables. The shredding and pairing of
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the genes as developed by Deng (2000) could be extended for groups involving more than
two genes. Other researchers who had previously made similar observations to those of
Deng (2000) have developed a linkage learning operator encompassing many of the features
included in Deng’s algorithm. The linkage learning process was subsequently included in
an algorithm known as Gene Expression Messy Genetic Algorithm (GEMGA), which will

be discussed in the next section.

2.3 GENE EXPRESSION MESSY GENETIC ALGORITHM (GEMGA)

The Gene Expression Messy Genetic Algorithm (GEMGA) is a method developed to
improve the GA search process based on a linkage identifying process. The linkage process
improves the efficiency of a search by tightly binding together two or more closely
correlated genes allowing them to travel as one unit. Kargupta (1998) demonstrated that
linkage learning brings back the GA to the domain of linear sample complexity without
sacrificing its performance. This is achieved by having the algorithm look for relations that
capture similarities in the fitness landscape. In GEMGA, the problem of associating
similarities based on the chromosomes’ fitness values is posed as a problem of detecting
approximate symmetry. Symmetry can be defined as invariance in the fitness when some
variation is applied to the chromosome. The GEMGA exploits the ability of detecting
relations among the search space members and uses these to guide the future search
directions (Kargupta et. al. 1998,1995, 1999)

To execute the principles stated above, GEMGA relies on two primary operators.
(Bandyopadhyay, 1998), namely: (1) transcription, and (2) Recombination-Expression, as

described below.
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Transcription:  The purpose of the transcription operator is to initialize the linkage list.
Given a chromosome formed by a number of genes, the transcription operator applies a
random change in the value of every gene one at a time. The value of the gene is flipped and
the corresponding change in the fitness value is noted. Since each gené can have three
possible values, the flipping is done from one value to one of the other two values randomly
with a 50% chance. The objective is to spot "local" symmetry of the fitness landscape in a
statistical sense. If a change in a gene value causes an improvement in the fitness of the
chromosome, then the original instance of the gene certainly does not belong to the best
schema. Transcription sets the corresponding “Capacity” of the gene to one indicating that
the gene has the capacity to improve. On the other hand if the fitness worsens, then the
original gene may belong to a good class (or at least that observation does not say it is
otherwise). The corresponding “Capacity” of the gene is set to zero, indicating that the value
at that gene position cannot be improved in a statistical sense. After executing the changes
and determining the capacity of a gene to improv_e, the value of that gene is set back to its
original value and the fitness of the chromosome is set back to the original fitness.

All the genes whose capacities are reduced to zeroes are collected in one list, called
“the initial linkage list”, which is stored as the first element of the linkage set associated
with the chromosome. Thus, the transcription operator does not change anything in a
chromosome. But, it evaluates the capacities of the genes to improve and initiates the
formation of the linkage lists. The same process is continued deterministically for all the

genes in every chromosome of the population (Kargupta, 1998).
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Recombination-Expression: This operator primarily consists of two phases: the Pre-
Recombinétion—Expression phase and the Recombination phase. The Pre-Recombination-
Expression phase determines the clusters of genes encountered in the linkages of any two
chromosomes of a generation. During the first generation, a pair of chromosomes is selected
and one of the two is marked. Of the genes present in the initial linkage lists of both the
marked chromosome and its pair, only those that have the same gene value in both the
marked and its pair are extracted and grouped as a separate cluster of linked genes. The
process is repeated to check all possible pairs of chromosomes existing in the first
generation.

Based on the set of all linkage clusters assembled above, an n x n Conditional
Probability Matrix (CPM) is formed such as n is the number of genes in one chromosome.
The entry CPM,;; indicates the probability of the occurrence of gene i, when gene j is present
in a linkage set. This matrix will be used to determine the final linkage sets using the Get-
Final-Linkage operator.

For each row i of CPM, the maximum value in the row (other than i) is identified. If
the maximum probability is above a threshold value, then the genes that have their
probability values within € of the maximum are grouped in one linkage list connected to
gene i. This list will be known as L;, with i varying between 1 to n. The list will be
associated with a weight which is calculated as the average of the probabilities CPM;; for all
the j’s included in the list L.

Comparing the initial linkage list of each chromosome with L;, the genes that appear
in the initial linkage and also in L; are extracted and grouped in a new list called the final

linkage list of gene i, known as FLjx where k is the number of the chromosome studied with
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k varying between 1 and the number of chromosomes in one generation. Because the order
in which the genes are listed in a linkage is not important, the final set of lists may appear to
contain several FL; lists associated with the same gene i for the same chromosome k.

Each final linkage list will be associated with two chéracteristics. The first is the
weight of the linkage as calculated above. The other property of the final linkage is its
goodness. The goodness value indicates how good the linkage of the genes is in terms of its
contribution to the fitness. For the kfirst generation, the goodness values of all linkages are
set to zero. The goodness value is changed during the recombination process if it improves
the fitness of a chromosome as will be explained further below.

After selecting the set of final linkage lists for each chromosome in the first

generation, the initial linkage list is deleted and never used again.

Recombination: Following the Pre-Recombination-Expression phase, the GEMGA
Recombination operator is applied iteratively on randomly selected pairs of chromosomes.
First, copies of each pair are made. An element (one list) of the linkage set of the first
chromosome is selected based on a linear combination of its weight and goodness value (for
the first generation, the goodness of all linkages are 0). The process is repeated for the
second chromosome. The best of the two selected linkage lists is identified as the linkage
list that will be used to execute the cross over operation. The chromosome that was
associated with the identified linkage list is marked. All the genes of the marked

chromosome that appear in the identified linkage list are swapped in-group with those of its

pair.
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After the cross-over, the fitnesses of the new chromosomes are calculated. The
fitness of the new chromosome containing the identified linkage list is compared to that of
the original unmarked chromosome’s fitness. If the new chromosome shows an
improvement in the fitness, then the goodness of the identified linkage list is improved by
increasing its value by 0.5. Otherwise, its goodness is decreased by 0.5.

Finally, the fitnesses of all four chromosomes (the original two and the new
chromosomes) are éompared and only the two with the best fitnesses are retained in the new

generation.

SumMMARy: The performance of GEMGA was compared by Kargupta and Bandyopadhyay
(1998), to a large number of different optimization algorithms. The comparison executed for
large problems with millions of local optima and bounded variable interactions,

demonstrated the superior performance of the Algorithm.

EXPLOITATION OPERATOR

The GEMGA operator has been successfully applied to solving local and global
optimization problems, and Deng (2000) has shown that the shredding algorithm reduces the
required number of operations required to reach a global optimum for structural reliability
problems. However, as shown in Figure 2.1, when using GA algorithms to solve reliability
problems, the search is executed along previously defined angles. For example, Deng (2000)
following the suggestion of Shao (1999) performed the searches along 45° angles in the
normalized random space. Restricting the search to specific angles gives very rough results.

One way to improve the accuracy of the reliability analysis is to decrease the angle between
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two search directions. But, the total possible search directions will increase sharply
rendering the search extremely inefficient. To solve the efficiency it is proposed to use a
local search algorithm based on the concept of a bi-population scheme developed by Tsutsui
(1997). The concept is based on a two-phased search involving an explorer sub-GA and an
exploiter sub-GA to solve highly multimodal problems involving real-valued genes. The
explorer sub-GA mainly performs global exploration of the search space. The exploiter sub-
GA exploits the fit local areas of the search space around the neighborhood of the best-so-far
solution (Tsutsui, 1997).

Unlike the approach proposed by Tsutsui (1997) that executes the exploration and
the exploitation operators at every generation, which would drastically increase the
computational effort, it is herein proposed to use the exploiter operator only after the search
has converged to the optimum explorers. In this proposed scheme, the exploration process
uses a combination of the GEMGA and Shredding operators and the exploiter process is
used to give an accurate solution of the search outside the 45° angle restrictions that have
been utilized during the exploration process.

In this chapter, it is proposed to use the Tabu Search algorithm to exploit the search
around the previously determined approximate local optima. The Tabu Search (TS)
algorithm has been extensively used and described in the literature and has been found to be
one of the most appropriate tool for finding local optima (Battiti, 1994). The main concept
behind TS is to avoid entrainment in cycles by forbidding or penalizing moves that take the
next generation search to points in the solution space previously visited (hence "tabu"),
(Glover 1986). To avoid retracing the steps used during the search for a local minimum, TS

records recent moves in one or more Tabu lists. The application of TS for solving structural
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reliability problems is illustrated in the example provided in this chapter. Further

information about TS can be found in the literature. For example one can refer to the text by

Glover and Laguna (1997).

2.4 PROPOSED HYBRID GENETIC ALGORITHM.

The high efficiency of GEMGA in detecting multiple local optima and important
linkages has been proven (Kargupta and Bandyopadhyay, 1998). This is especially important
when solving complex structural reliability problems because of the large number of
possible failure modes that may significantly contribute to the probability of system failure.
However, when large numbers of random variables dominate the problem, the number of
operations in the GEMGA transcription and recombination operators would still require
intensive computational effort. The Shredding Genetic Algorithm (SGA) has been found to
improve the efficiency in detecting the global optimum by focusing the search around the
most important genes. Another advantage of SGA is its reasonable accuracy in predicting
the fitness value of a new chromosome without necessarily executing a complete structural
analysis. This is done through the learning process associated with SGA. By focusing on
improving the convergence toward the global optimum, SGA has been found to miss out on
local optima (Deng et. al. 2000) which, as mentioned above, may be very important for the
reliability analysis of structural systems.

Observing the strengths and weakness in both GEMGA and SGA, it is quickly
noticed that these two methods would greatly complement each other. Hence, it is herein
proposed to use a hybrid algorithm that would combine the benefits of GEMGA in detecting

multiple failure modes and the ability of SGA to minimize the structural analysis effort by
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predicting the fitness of new chromosomes. This chapter will demonstrate that the new
hybrid algorithm will show high efficiency in detecting multiple important failure modes in
a computationally efficient manner. The proposed hybrid GA can be summarized using the

' following steps:

1. Explorer Process

a) Create randomly the first generation of chromosomes in the standard
normal space. The chromosomes define the direction of a search for the
modes of failure.

b) Establish the fitness index matrix where fitness is the inverse of the
reliability index (1/B) or the inverse of the distance between the origin
and the point on the failure surface along the pre-set search direction.

c) Execute the transcription operator to detect schemata that capture local
fitness symmetry, and predict the fitness value of each new chromosome.

d) Execute Pre-Recombination-Expression operator to determine the
linkages.

e) GEMGA recombination: use a recombination operator that combines the
effects of selection and crossover. Reconstruct modified schema linkage
sets and their parameters. At the same time, use the fitness index matrix
or structural analysis to estimate the fitness value. If a structural analysis
is performed, update the fitness matrix to improve the accuracy of future
predictions of fitness values.

2. Exploiter Process
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a) Determine the important failure modes.

b) Use Tabu Search to exploit fit local areas of the search space to improve
estimates of the reliability indices and obtain approximate expressions of
the failure mode equations.

c) Determine the approximate expression of the failure mode equations and

the probability of system failure.

The proposed search algorithm, as shown in the flowchart of Figure 2.2, is illustrated

in the next section through a simple detailed example.
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Figure 2.2 Flowchart of proposed algorithm
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2.5 DETAILED ILLUSTRATIVE EXAMPLE

A simple example is presented to illustrate the proposed method. The example shown

in Figure 2.3, consists of the same three-bar truss analyzed by Deng (2000).

90 cm

|

120 cm »‘

Figure 2.3 Three-member truss example.

The input data for the loads and member strengths are listed in Table 2.1. The mean and
the COV of the random variables identified as the loads L;, L, and L3 and the yielding
strengths for members 1, 2 and 3 respectively identified as R;, R, and R3. The potential
member failure modes are labeled Z,*, Zi", Zy+, Zy-, Z3+ and Z3-, where the subscript
indicates which member fails. The “+” sign denotes failure in tension, while the “-” sign
denotes failure in compression. It is assumed that the yielding strengths for tension and
compression are independent random variables with the same mean and standard deviations.

The reliability indexes for all the failure modes can be calculated using FOSM and the
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results are listed in Table 2.2. From the table, we observe that the first two failure modes are

the dominant failure modes. Table 2.1 Input data for three-member truss example.

Table 2.1 Input data for three-member truss example

Random Distribution

Variables Mean cov type
L, 35 KN 10% Normal
L, 24 KN 10% Normal
L 15 KN 10% Normal
R 63.48 KN 5% Normal
R2 63.48 KN 5% Normal
R; 63.48 KN 5% Normal

Table 2.2 Reliability indices of failure modes

Mode B
Z1+ 2.719
Zr+ 2.775
Zs3- 3.670
73+ 19.94
Z1- 22.93
Z,- 23.86

The objective of this section is to verify the ability of the proposed hybrid Genetic
Algorithm to identify the most dominant modes of the above problem. In the proposed
hybrid GA, the search for the failure modes is executed by following the failure paths that
represent the directions o, of, 03, 04, Oi5, 0s, Which correspond to the sequence of random
variablesL, L, L3 and R, R,, R5 in that order.

A rule of thumb that was established based on experience consists of using a

population size that is double to triple the number of random variables. For this example,
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the population size is chosen to be 20. The first generation of chromosomes (representing
possible search directions) is created randomly. An example of a set of first generation
chromosomes and their reliability indices (distance from the origin to the failure point along

a search direction) are listed in Table 2.3.

Table 2.3 Chromosomes of the first generation

Index Chromosome B
17 10 0 -1 0 -1 3498
2 11 1 1 0 0 5266
3 0 -1 1 -1 1 1 6449
4 11 0 -1 0 -1 4.040
5 01 1 1 0 1 11.025
6 0 -1 -1 1 1 -1 13.900
7 1 1 1 -1 1 -1 4.040
8 1 0 -1 1 -1 0 4563
9 00 -1 1 -1 0 722
10 0 0 1 0 -1 0 5895
117 1.0 1 0 0 1 4670
2 11 1 1 -1 0 3608
13 01 -1 1 -1 0 4747
14 0 0 -1 1 -1 1 8336
5 1.1 1 0 -1 0 3227
16 1 0 0 1 -1 1 4563
17 0 1 1 -1 0 0 4995
18 0 -1 -1 -1 0 0 13.947
19 0 -1 -1 -1 1 -1 13.900
e e
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Transcription: The binary value of each gene of a chromosome is randomly changed and

the new reliability index of the whole chromosome is evaluated.

Chromosome 1

0f-1]0]-1]B=3.50

g
5
o,
o)
g
=
<
[¢]
=
=)
=1
]
[¢]
-
=
o
<
=+
=N
£
&
o
e,
aq
[¢]
=
®
[

B'=6.01

No i=i+l

8
P
v
Add gene i to the initial linkage list

Figure 2.4 Transcription operation

For example in Figure 2.4, for the chromosome (1 0 0 -1 0 -1) with a =3.50, the
value of the first gene is 1. This number is randomly changed to 0 or —1. If the value 0 is
selected, then we evaluate the reliability index of the transformed chromosome (00 0 -1 0 -
1) to be B=6.01. Since the change caused no improvement in the fitness (new B=6.01
>3.50), then the original géne may belong to a good class. The corresponding capacity of
that first gene is set to zero because this gene is not a good candidate for change. The value

of that gene is set back to its original value (i.e. 1) and the fitness of the chromosome is set
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to the original fitness (f=3.50). All the genes whose capacities are reduced to zero are
collected in one list called the initial linkage list. This list is stored as the first element of the
linkage set associated with the chromosome. The transcription operator does not change
anything in a chromosome except the capacities and initiates the formation of the linkage

set. The initial linkage lists for all the chromosomes of Table 2.3 are given in Table 2.4.
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Table 2.4 Initial linkage set of the first generation

Chromosome |Initial Linkage List
1 1,2,3,4,5
2 1,2,5,6
3 1,3,4
4 1,3,4
5 2
6 6
7 1,34
8 1,5,6
9 5,6

10 1,4,5,6
11 1,2,34,5
12 1,2,5,6
13 25,6
14 1,2,5
15 1,2,4,5,6
16 1,3,5
17 1,3,4,6
18 4,5
19 6

20 1,2,3,5

Pre-Recombination-Expression: This operator determines the clusters of genes defining the
linkages within the chromosomes of the first generation. First, a pair of chromosomes is

randomly selected and one of them is marked. Of the genes present in the initial linkage list
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of the marked chromosome, only the genes that have the same values and capacities (0) in

both the marked and unmarked chromosomes are extracted and grouped as a separate set.

Initial linkage list

Chromosome 1 (Marked)

Chromosome 2
1 1]1]1]o] o(p=s27

Establish relation for genes
appearing in both list and having
same gene value

Conditional Probability
Matrix (CPM)

Clusters of linked genes in
marked Chromosome

Y

Determine final linkage list

Figure 2.5. Pre-recombination-expression operation

For example, in Figure 2.5, chromosome 1 is marked. From Table 2.3 we observe
that the genes have the values (100 -1 0 -1). Genes 1,2, 3, 4 and 5 form the initial linkage
list as given in Table 2.4. Chromosome 2 has the gene values (1 1 -1 1 0 0) and genes 1, 2,
5, and 6 form its initial linkage list. Comparing chromosomes 1 and 2, we find that genes 1
and 5 have the same values and capacities. Consequently we designate this group of genes

(1,5) as a new cluster of linked genes. Other linked genes are obtained by comparing
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chromosome 1 with all the other chromosomes of the generation. The process is repeated

with all the chromosomes checked in pairs. This produces a cluster of linked genes such as

the one shown in Table 2.5.

Table 2.5 Clusters of linked genes

Index Linkage Set
No.1 | No.2 [ No.J3 No.4 No.5 No.6
1 1,5 1,4 1,2,5 1.3 4,5 2,3
2 1,5 1,6 1,2,6
3 34 1,34
4 1.4
5
6
7 1,4 34 1,3
8 1,6 5,6 1,5,6
9 5,6
10 5,6 L5 4,5,6 1,6
11 1,2,5 1,3 1.4
12 1,2,6 1,3 1,4
13 1,26 | 1,56 | 2,56 1,2,5,6
14 1,5 1,2,5
15 126 | 1,56 | 45,6 1,4 1,2,5,6
16 1,3 L5 3.5
17 1,34 1,6
18 4,5
19
20 23 1,5 1,2,5 3,5
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The number of gene occurrences in Tables 2.4 and 2.5 are assembled in a matrix as
shown in Table 2.6. The entries in (i,j) provide the number of times that genes i and j appear
together in any of the linkage clusters provided in Tables 2.5 and 2.6. At this point, the

matrix is symmetric.

Table 2.6 Number of times that genes conditionally appear

Gene 1 2 3 4 5 6
1 47 | 16 | 13 | 15 25 18

2 16 | 23 | 5 3 16 12

3 13 5 |19 9 6 1

4 15 3 9 22 9 5

5

6

25 | 16 | 6 9 40 20
18 | 12 | 1 5 20 31

By dividing each term of every row of Table 2.6 by the diagonal term of that row, a
n x n conditional probability matrix is formed (Table 2.7). The entries i,j of Table 2.7
indicate the probability of the occurrence of gene i, when gene j is present in a linkage list.

Notice that the matrix shown is no longer symmetric.
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Table 2.7 Conditional probability matrix.

Gene 1 2 3 4 5 6

1 1.000 | 0340 | 0.277 | 0.319 0.532 0.383
0.696 { 1.000 | 0.217 | 0.130 0.696 0.522
0.684 | 0.263 | 1.000 | 0.474 0.316 0.053
0.682 | 0.136 | 0.409 1.000 0.409 0.227
0.625 | 0.400 | 0.150 | 0.225 1.000 0.500
0.581 | 0.387 | 0.032 | 0.161 0.645 1.000

AN ] KN W] o

The final linkage lists of each chromosome are computed using the Get-Final-
Linkage operator. The average value of all the non-diagonal terms of the conditional
probability matrix is obtained as 0.381 and 80% of this average value (0.305 in the case of
Table 2.7) 1s used as a threshold to determine which of the linkages should be kept.

The maximum value from each row of the conditional probability matrix is selected,
and the genes that have their probability values within 0.30 of the maximum a—re included in
the linkage list for gene i. The weight factor for this particular linkage list is set to the
average value of the conditional probabilities of every gene in the list.

To get the final linkage list we will use the list of Table 2.4 along with the CPM
matrix of Table 2.7. Thus, for chromosome 1, the initial linkage list will consist of genes No.
1,2,3.4, and 5. For the row i = 1, the maximum value in the conditional probability matrix is
= 0.532. The average probability for this row for the appropriate genes is 0.367 =
(0.340+0.277+0.319+0.532)/4. The average row value 0.367 is above the first threshold
0.305 (80% of average value from the whole matrix). Hence the linkage set should be kept

for gene 1 of chromosome | of the first generation. Also, the individual probabilities of the
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entries (position indexes No.2, No.3, No.4 and No. 5) are all greater than 0.532 - 0.300 =
0.232. Hence, the final linkage list for gene 1 of chromosome No.1 is (1,2,3,4,5) indicating
that genes 1, 2, 3, 4 and 5 are strongly linked. For the case when the first test is passed but

not the second, the list is kept but the genes that fail the second are dropped from the list.

Recombination: The recombination operator is the combination of crossover and selection
operators. Two chromosomes are randomly selected and their genes are exchanged without
disrupting, in a probability sense, the strongest linkages previously identified. Continuing
with our example, assume that chromosomes 1 and 2 are randomly selected. Referring to
Figure 2.6, we find that the linkage set (2,1,5) in chromosome No.! has the maximum value
of combination of goodness and weight for all the lists of chromosomes 1 and 2 (for the first
generation, the initial goodness of each final linkage is always 0.0). Hence, chromosome
No.1 is marked. The cross over is executed to keep the integrity of the elements found in

the linkage list consisting of genes 2,1,5. The chromosomes with their initial fitness are

listed as:

Chromosome No.1: gene sequence:(100-10-1) 87, =3.50

Chromosome No.2: gene sequence:(11-110 0) B =5.27
Where the superscript m indicates marked chromosome, wum indicate unmarked

chromosome. The bolded numbers indicate that these genes belong to the “best” linkage set

of these 2 chromosomes.
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Figure 2.6 Recombination operation
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The recombination process proceeds as follows:
1. Clone two chromosomes C; and C, that originally have the same features and

fitness values of chromosomes 1 and 2.

2. Replace the linkage list of the unmarked chromosome with the strongest list
of the marked chromosome.
3. Crossover by exchanging the values of the genes that are not linked and

estimate the new fitness.

New chromosome No.1 (110 -10-1)=>/4" =7.81,

New chromosome No.2: (10-1100)=> 8" =4.04

new

4. If g < Bui - that means the fitness of the unmarked chromosome has

new

improved indicating that the selected linkage list (2,1,5) is good. The goodness
value of the linkage list (2,1,5) in Chromosome C1 and the new chromosome

No.2 is increased by 0.5. Then, we include the improved cloned chromosome C1

um
new

and new chromosome No.2 in the next generation. If g7 > f.7 , that means

that the marked linkage list is not good, so we decrease its goodness value and
we keep C2 and the marked chromosome that has the lower reliability index for
the next generation. In summary, we always select for the next generation the

best 2 chromosomes of the four original or transformed four chromosomes.

The explorer search process is continued until:
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1. The average reliability index of the current generation does not show significant

(k+1) generation k generation

improvement over the former generation: f,,,... > Wuerage » Y Can be set to

0.95; and
2. The first three different minimum reliability indexes of the current generation remain
the same as those of previous generation.

Two dominant failure modes are identified by the proposed algorithm as shown in Table 2.8.

Table 2.8 Dominant failure modes

Failure
Gene value B
Mode
1 1 1 0 0 |-1] 0 |2795
2 1 0 1 -1 10 0 | 2.856

Exploiter Process

The purpose of the exploiter process is to refine the estimate of the reliability index
after it converges within the directions set by the original GA coding. See for example
Figure 2.7. This process is executed for the dominant modes of failure. The process that

uses Tabu Search algorithm is executed for the truss example as described in this section.
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Step 1:if B,>B,, then Ay is Tabu

Step 2: if B,<B,, then - Avvzis Tabu
and set 3=,

Step 3: Repeat the operation until
convergence criteria met

1t perturbed test
Failure Domain

2nd peffurbed test

) Pre-set search direction
i perturbed test e-se d

Figure 2.7 Tabu local search

The chromosomes of mode 2 are (1,0,1,-1,0,0) these indicate that the unit vector for

the search direction for failure mode No. 2 is \}0 = (0.577,0, 0.577, -0.577, 0, 0) with

B=2.856. The first step consists of randomly perturbing the search direction to get a new

v
search direction V.
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V.=V, +AV, (Eq. 2.1)

V. = (0.577+0.035, 0.000, 0.577+0.076, -0.577+0.056, 0.000, 0.000) (Eq. 2.2)

Normalizing, Vv] becomes Vvl= (0.591, 0, 0.630, -0.503, 0, 0) with f=2.892. Since the new
search doesn’t result in a lower reliability index, the incremental search direction AVV] is not
a good candidate for further search. Therefore, the normalized search direction AVV'I is added
to the list of Tabu directions. Any subsequent searches along AX}I should be prohibited. The
same logic is repeated until the normalized local search direction AVV,( results in an

improvement in the reliability index. In this case the negative of the corresponding -AV!,( is
added to the Tabu list to prevent the search from going back.

The Tabu local search process is continued until no improvement in the reliability
index is observed after a certain number of structural analysis iterations. In this case, the
threshold is set to be 10 iterations. The reliability indices after the Tabu local search for the
two most important failure modes are listed in Table 2.9. The difference in B between the

exact values and those obtained from the proposed algorithm is less than 0.001.
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Table 2.9 Final search results

Failure mode Unit vector of design point B
0.549 | 0.509 0 0 -0.662 0 2.776
I (0.551) | (0.504) [ (0) 0) | (-0.669) | ©) | (2.775)
0.701 0 0.318 {-0.638 0 0 2.720
2 (0.706) | (0) [ (0.303) ((-0.640)f (O0) 0) | (2.719)

(Note: the value inside parenthesis is the exact solution)

59

Identification of failure equations: Once the Tabu search converges to the final failure

modes, the approximate failure equations can be obtained based on the FORM or SORM,

the two failure equations are obtained as follows,

Z,=R;-0.996*L, - 1.055*L3; + 0.740

Z;=R,-0.765*%L, - 1.034*L, + 1.425

(Eq. 2.3)

(Eq. 2.4)

Which are compared to the exact failure equations of failure modes No.1 and No.2 given as:

Zl=R1-—L1-L3

Z,=R;-0.75*L; - L,

(Eq.2.5)

(Eq. 2.6)

Comparing Equations 2.3, 2.4 with Equations 2.5, 2.6, it can be seen that Equation

2.3 and Equation 2.4 give very good approximations to the exact failure Equations. A more

refined local search criterion associated with a large number of structural analysis iterations

would lead to ever more accurate results.
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Identification of probability of system failure: Once the final failure modes are determined
by the Tabu local search, the correlation coefficient between each pair of modes is
calculated. In this case, only two modes are obtained resulting in a correlation coefficient p;;

=0.385. The system’s probability of failure is then obtained by:

P.(zUZ,)=P(Z)+P.(Z,)-P,(Z,1 Z,)
=3.26010" +2.750107 -1.35¢10™ (Eq.2.7)
= 5.88¢107

Resulting in a system reliability index, Bsys=2.519
Using a crude Monte Carlo Simulation (MCS) with one million cycles, the value
Bsys=2.515 is obtained along with a probability of failure P;=5.95*10" proving the accuracy

of the proposed algorithm. Other tests of accuracy are provided in the next Section.

2.6 BENCHMARK TESTS FOR EVALUATING THE PERFORMANCE OF PROPOSED HYBRID GA

Engelund and Rackwitz (1993) gave several examples that can be used as standard
tests for evaluating the performance of reliability analysis methods. Originally, these
benchmark tests were used to verify the applicability of alternate Importance Sampling
algorithms. In this chapter, these same examples are used to verify the adequacy of the

genetic algorithm to converge in an efficient manner to the exact solution.
Benchmark test No. 1: Number of variables and probability level

The failure function, Z,, is given as a function of the number of random variables, n,

and the reliability index B by:
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Z = ﬁﬁ—iu , U ~N(0,1) (Eq.2.8)

where U; designates the variable i in the standard normal space with mean 0 and standard

deviation 1.

For n=10, using the hybrid algorithm proposed herein, convergence was reached
after 255 function evaluation times. The exact § = 5.0 was obtained on the oth generation.

The second problem uses the same equation with 50 random variables n=50. The
hybrid GA required a total of 754 function evaluations. The reliability index obtained was
3 = 10.646. When the number of evaluations is increased to 858, B = 10.475 is obtained.
These are deemed as acceptable solutions given the very high value of the exact reliability

index B=10.0 corresponding to a probability of failure Ps= 8.15%10,

Benchmark test No. 2: multiple [ -points

In this case the limit state function is a hyperbola having the following properties:

Z=XX,-PL (Eq. 2.9)
P=14.614,1=10.0 (Eq. 2.10)
X~ N(78064.4,11709.7) (Eq. 2.11)
X3~ N(0.0104,1.56%10) (Eq. 2.12)

Using a MCS, the probability of failure is obtained as Pr=1.84*10" with a reliability
index $=5.18. The Proposed Algorithm produces a reliability index $=5.21, which for this

highly nonlinear problem is only slightly different than the value obtained from the MCS.
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Benchmark test No. 3:Parallel System

Four parallel failure modes are used in this example:
Z, =2677-U, U,
Z,=2500-U,-U,
Z,=2323-U,-U,

(Eq. 2.13)
Z,=2250-U,-U;
U,~N(,)]). i=1,..,5
The correct reliability indices are
B, =1.893
B, =1.768
Eq. 2.14
B, =1.643 (Eg. 2.19)
B, =1.591

resulting in a system reliability index Pg=3.529. The hybrid algorithm produced a

Bsys=3.527. Convergence was achieved after 213 function evaluations.

Benchmark test No. 4: noisy limit state function

The noisy function with six random variables is given as:

6
Z,=X,+2X, +2X,+ X, ~5X;-5X +0.001> sin(100X,)
i=1

X, =X,=X,=X, ~N(120,12) (Eq. 2.15)
X, ~ N(50,15). X, ~ N(40,12)

The Monte Carlo simulation produced a reliability index P=2.614. The hybrid algorithm

converged to =2.615 after 97 iterations.
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Benchmark test No. 5: series system

Two failure modes in series with 6 random variables are given as:

Z =X +2X,+X,+X,-5X,

Z, =X,+2X.+X,-5X

2ot P e (Eq. 2.16)
X, =X,=X,=X, ~ LN(60,6)

X ~ Gumbel(20,6) X ~ Gumbel(25,7.5)

250 function evaluation times were needed to converge to the following reliability

index values and direction cosines values for each mode:

B, =2476 =(-0.050, -0.122, 0.009, -0.060, -0.013, 0.989) (Eq. 2.17)
B, =2.240 a=(-0.008, -0.076, -0.138, -0.070, -0.040, 0.984) 4=

For the series system the hybrid algorithm resulted in a final reliability index is
B=2.238 whereas the “exact” value is $=2.235. Comparison of the results from different

reliability methods for the five benchmark problems is provided in Table 2.10.
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P B Evaluation times
Benchmark Importance Importance Importance
No. Problem Exact Sampling GEMGA | Exact Sampling GEMGA Sampling GEMGA
#of
1 | variables | 2.92%107 | 2.89*%107 | 2.92%107 | 5.0 5.0 5.0 500 255
10 DL
# of
1 variables N/A 10 NA 10.65 NA 754
(50) '
2 m‘;g;ﬁlzﬁ 18.4%10°® efti‘r’r‘l’a‘te 9.65%10° | 5.085| NA | 5.206 500 40
3 giﬁg‘;‘ 2.087+10%|2.024*10* | 2.103%10*| 3529 | 3537 | 3527 500 213
Noisy limit Good
4 state 4.47%10° . 4.46*10° | 2.614 NA 2.615 500 97
function. estimate
Series %1072 ) %102
5 system 1.27%107 | 1.28%107 | 1.26%102 | 2.235 | 2.232 2.238 500 250
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2.7 FURTHER TEST FOR EVALUATING THE PERFORMANCE OF PROPOSED HYBRID GA

In order to compare the pexformaﬁce of the proposed hybrid genetic algorithm
with that of gradient-based and other commonly used structural reliability methods, such
as FORM, Response Surface Method (RSM), Importance Sampling Method (ISM), and
different Neural Network techniques, one more example is analyzed in this paper. The
selected simple example is that of a uniaxial bar with plastic behavior that is subjected to
an axial load. The problem was solved by Gomes & Awruch (2004) for different
techniques and a comparison between the efficiency of their solutions and the solution
obtained using the hybrid genetic algorithm is compared. The failure function is given by

the equation:

Z = Af,-P (Eq.2.18)

where A is the cross sectional area of the bar, f, is the yielding stress, and P is the applied

load. The input data for the ransom variables are listed in Table 2.11.
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Table 2.11. Input data for uniaxial bar example.

Random Distribution
Mean Ccov
Variables type
A 0.004 m* 12.5% Normal
fy 5.0 Mpa 5% Normal
P 10,000 N 20% Normal

Using the hybrid algorithm proposed herein, convergence was reached after a
total 30 function evaluation times. The “exact” = 3.049 was obtained. Comparison of
the results from different reliability methods for this problem is provided in Table 2.12.
When compared to the results of Gomes & Awruch (2004), it is observed that the hybrid
genetic algorithm is as efficient as the Neural Network technique that they used and is
more efficient than the Response Surface Method or the Importance Sampling technique.
The FORM algorithm obviously converged after only 7 iterations in this problem where
the limit state function is known. However, as explained earlier, the advantage of the
FORM algorithm quickly dissipates for problems involving multiple failure modes and
for problems where the limit state function is not explicitly known and the search
gradients have to be numerically evaluated using finite element analysis programs. On
the other hand, the ability of the proposed algorithm to solve multiple failure mode
problems has been clearly demonstrated in this paper. This example helps to further

demonstrate the high accuracy and efficiency of the proposed algorithm.
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Table 2.12 Comparison of different reliability methods for bar example.

N o Average
Technique Reliability Probg bility of Evaluation Reference
Index B Failure P¢ .
: Times
Analytical solution 3.049 0.001148 -- (Ang & Tang, 1984)
Direct MCS 3.075 0.001050 100,000 | Gomes & Awruch (2004)

MCS with Importance
3.050 0.001131 14,000 | Gomes & Awruch (2004)

Sampling
FORM (explicit limit
3.049 0.001147 7 Gomes & Awruch (2004)
function)
Response Surface
3.049 0.001147 50 Gomes & Awruch (2004)
Method
Neural Network 3.046 0.001141 30 Gomes & Awruch (2004)
Proposed Hybrid
3.049 0.001148 30 This dissertation
Algorithm

2.8 CONCLUSIONS

This chapter utilizes a hybrid genetic algorithm to solve structural reliability
problems. The algorithm, that is a modification of the genetic shredding algorithm (Deng
et. al. 2003), includes linkage-learning operators to improve the convergence to the local
optima as well as the global optimum. An exploiter process is added to refine the local
search process and accurately determine solutions that may not necessarily lie in the

directions that were pre-set during the original genetic coding.

The accuracy and efficiency of the algorithm was tested using a three-bar truss
system that was described in detail. In addition, five benchmark tests previously proposed

by Engelund & Rackwitz (1993) for testing the efficiency of importance sampling
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methods have been used to verify the accuracy and efficiency of the proposed algorithm.
The algorithm has been found to have the following benefits:

e It is able to find the reliability indexes and identify multiple equally important
failure modes as well as the variables and sub-mechanisms that contribute the
most to the failure of structural systems

e It is able to refine the local search to obtain accurate estimates of the
reliability indexes in directions other than those of the originally discretized
search directions.

e Its efficiency is shown to be of the same order and often better than that of

Importance Sampling Techniques.
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CHAPTER THREE

TIME DEPENDENT STRUCTURAL RELIABILITY

ABSTRACT

This Chapter develops a hybrid genetic seargh algorithm for evaluating the time-
dependent reliability of structural systems subjected to stochastic loads. Structural
deterioration is also taken into account. This chapter offers a new outlook on time-dependent
problems aﬁd an approximate method for their solution. Examples show that the proposed
hybrid Genetic Algorithm can solve time-dependent and load combination problems very

efficiently with high accuracy.
3.1 INTRODUCTION TO TIME-DEPENDENT RELIABILITY.

Structural loads and strengths vary in time due to the nature of the loading process
and the possible degradation and environmental changes that affect structural member
capacities. A general model to describe the effect of time on structural reliability can
represented as shown in Figure 3.1. In the figure, a structural system is subjected to a
sequence of discrete stochastic load events. Three different load types are represented. The

first load type is the permanent load represented by the dashed rectangle in the lower part of

*
-

the figure. The second load type represented by the pointed rectangles with varying

intensities over different period of time that cover the whole service life of the structure.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



70

The third type of loads is represented by spikes that may occur randomly with random

intensities during the service life.

Figure.3.1 Schematic representation of load process and resistance degradation.

The strength of a structure may deteriorate with time due to environmental factors

such as corrosion, sulfate, or other chemical attacks. The resistance can then be modeled as:

R(t)=R,G(1) (Eq.3.1)

in which R, is the capacity in the undegraded (original) state, and G(¢) is the time-

dependent degradation function defining the fraction of the initial strength remaining at time

t. Both R,and G(f) are random. It is also often assumed that G(¢) is independent of the

load history (i.e. fatigue problems cannot be represented using this model).
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The safety margin is also a function of time that can be represented by:

Z(t)=R@®)-S() (Eq.3.2)

where S(t) is the total load effect on the structural component under investigation.

To establish the probability that Z(z)is less than or equal to zero within the lifetime
t, of the structure we need to solve the so-called “crossing” problem. The time, t¢, at which
Z(t)becomes less than zero for the first time is called the ‘time to failure’ and is a random
variable. The probability that Z(#) <0 within ¢, is called the “first-passage” probability. In

time-variant reliability one is rarely interested in the instantaneous failure probability. It is
rather the distribution of the time of first passage of the time-dependent failure function Z(t)
into the failure domain that is of interest. But such distributions are known only for a few

very special problems. For this reason, the out-crossing approach is usually used. The

conditional out-crossing rate is defined by

(Eq.3.3)

. . PUZ(@)>0)] {Z(z+V)<0))
v (r)=$}g%) Vi

where v'(1) is the instantaneous rate at which the load exceeds the resistance.
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The out-crossing rate can be defined only if the point process of crossings is a
regular process, i.e. if the probability of having more than one out-crossing in a small time

interval is negligibly small.

Let N* (1,,t,) be the number of crossings in the time interval [t;, t], the mean

number of regular crossings N7 (z,,t,) in the time interval [ty t2] can be determined from
E[N'*(t.1,) ] = [v"(2)dr (Eq.3.4)
Ul

It has been shown that the failure probability can be approximated as:(Cramer,

Leadbetter, 1967)
P,(1,,1,) =1-exp| ~E[ N' (5,,1,) (Eq.3.5)

Several researchers (Rackwitz, 2001, Veneziano 1977, Breitung and Rackwitz 1992)
have found it computationally very difficult to determine the out-crossing rate from equation
3.3. In fact the traditional out-crossing calculation approach can only provide upper and
lower reliability bounds. Furthermore, the class of random processes that can be handled is

very limited. Alternatively, some researchers have chosen to estimate the outcrossing rate

directly from the geometry of the failure surface.
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The method proposed in this Chapter to estimate the outcrossing rate is based on the
work by Kiureghian (2000) who has used the geometry of the failure function to solve
random vibration problems. In a series of papers by Kiureghian and Li (1996, 2000) on the
subject, problem was modeled as a discrete representation of input process in terms of a
vector of standard normal random variables rather than random processes. In this case,
many statistical quantities of interest in classical random vibration theory can be given
geometric interpretations in the standard normal space. These include the distribution of the
process and its envelope, correlation functions and statistics of crossing rates. Exact
solutions can be found when the response is linear and the excitation is Gaussian. For
nonlinear and non-Gaussian problems only approximate solutions can be obtained.
Nevertheleés, these geometric interpretations provide a new outlook to random vibration
problems and potentially offer new alternatives for their approximate solution by the use of
FORM and SORM. In fact, Kiuerhghian (2000) showed that these FORM and SORM
methods that are well developed for time-invariant reliability problems could also be

efficiently used to solve classical problems of random vibrations.

3.2 TIME-DEPENDENT RELIABILITY USING GENETIC ALGORITHMS

Consider an m-vector of time dependent random variables x = x(t). These x(t) may
represent the time dependent load or resistance variables of a structural component or

system. The failure domain D is represented by D ={X :Z(x) <0}, where Z(x) is a limit-

state function. The failure domain is crossed at time t+At if the failure function is greater
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than zero at time t but then becomes less than zero at time t+At. Hence, the crossing rate as

a function of time t is can be given as:

P{Z()>0}] PUZ(X(t+Vr)) <0}

Eq.3.6
v (Eq.3.6)

v0=ln

In the standard normal space U, the numerator in the above equation can be seen as a

parallel-system reliability problem involving the two limit-state functions:

Z, =-Z(x())<0

Z,=Z(x(t+V1))<0 (Eq.3.7)

Approximations for the intersection of Z; and Z, can be developed by fitting the

limit-state surfaces Z (x) =0 and Z,(x)=0 using FORM or SORM. The event of interest

then has the form of a wedge (the shaded part in Figure 3.2).

For the general limit-state function Z = R(¢)—S(¢), we consider two realizations of
Z at two different points in time ¢, and ¢,. Figure 3.2 shows the corresponding limit-state

surface (hyper-planes), unit normal, reliability indices and design points. The failure

probability of the structure in both time ¢, and ¢,
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Figure 3.2. Geometric representations of mean up-crossing rate

P(Z)YUZ,)) =P (Z#)) + P (Z(t,)) - P (Z(t)]1 Z(1,))

(Eq.3.8)
= Q(-B)+P(-5,) = P(-L,:-B,.p)

where ®(-f,,-8,.0) denotes the bivariate standard normal cumulative distribution function.
Bi is the reliability index at time t, S =/f() . The correlation coefficient

P = Py (1,,1,) gives the correlation between the reliability at different times.

3.3 Loap COMBINATIONS

Structural loads vary in space and in time. When second loads act on a structure, the

expected maximum value of the combined effects needs to be considered to verify whether
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the structure will be safe or unsafe within its intended service life. The problem can be
modelcc as shown in Figure 3.3. Several methods of varying degrees of accuracy and
simplicity have been developed in the past to address this load combination problem.
Among these methods are Turkstra’s rule, Ferry-Borges model and Wen’s Load

Coincidence method. Below is a brief discussion on each of these methods.

Turkstra's rule

Turkstra’s rule for the combination of two loads can be expressed as (Turkstra & Madsen,

1980):

max,T =

ax{[max(xl )+ X ]} (Eq.3.9)

[)71 + max(x, )]

Where Xpaxt is the maximum value for the combined load effects in a period of time T,

max(x,) is the maximum of all possible x; values, max(xz) is the maximum of all possible x;

values, x, is the mean value of x;and x, is the mean value of x;.

Turkstra's rule is often used because of its simplicity. However, Turkstra's rule is
generally found to provide inconsistent results and is often unconservative (Melchers, 1999).
The approximation is unconservative because it ignores the possibility that the maximum
combined effect may occur when neither of the load processes is at its maximum value but

rather when one of the processes is at "near-maximum" value.
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Wen’s Load Coincidence Method

The Wen Load Coincidence model can be represented by the equation (Wen, 1981):

P(E,T):l—{exp{ {vaﬁzz Dy + ]H . (Eq.3.10)

Where P(E,T) is the probability of reaching limit state E (e.g. probability of failure or the
probability of exceeding a response level denoted by E) in a time period T, n is the total
number of load types each designated by the subscripts 1 and j, v; is the rate of occurrence of
load type i, p; is the probability of failure given the occurrence of load type i only, Aj; is the
rate of occurrence of load types i and j simultaneously, p; is the probability of failure given
the occurrence of load types i and j simultaneously. The process can be extended for three

or more loads.

In Wen’s load coincidence method, the exceedence probability of the combination is
estimated based on the empirically determined incidence ratio of load combination. Wen’s
model is valid when the load intensities are pulse like functions of time that last for very

short durations.
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Ferry Borges-Castanhetta Model

The Ferry-Borges model assumes that each load effect is formed by a sequence of
independent load events each with an equal duration. The service life of the structure is then
divided into equal intervals of time, each interval being equal to the time duration of load 1,
t;. The probability of load 1 occurring in an arbitrary time interval can be calculated from
the occurrence rate of the load. Simultaneously, the probability distribution of the intensity
of load 1 given that the load has occurred can be calculated from statistical information on
load intensities. The probability of load 2 occurring in the same time interval as load 1 is
calculated from the rate of occurrence of load 2 and the time duration of loads 1 and 2.
After calculating the probability density for load 2 given that it has occurred, the probability
of the intensity of the combined loads can be easily calculated (Turkstra & Madsen, 1980;

Thoft-Christensen & Baker, 1982).

The load combination problem consists of predicting the maximum value of the
combined load effect X, namely Xmax1, that is likely to occur in the lifetime of the structure,
T. In the lifetime of the structure there will be n; independent occurrences of the combined

load, X. The maximum value of the n; possible outcomes is represent by:

= max[x] - (Eq.3.11)

m

X

max,T
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The maximum value of x; that is likely to occur within a time period t; (i.e. when load 1 is
on) is defined as X 3 max,11.  Since load 2 occurs a total of n; times within the time period t,

Xamax t1 18 Tepresented by:

X2 maxel = rnnax[xz] (Eq312)

Xmax,T can then be expressed as;

X = max[x, + X, ] (Eq.3.13)

max,T
Or:

X = max[x, + max(x,]] (Eq.3.14)

max,T

The problem reduces then to finding the maximum of n; occurrences of load 2, adding the
effect of this maximum to the effect of load 1, then taking the maximum of n; occurrences
of the combined effect of x, and the n, maximum of load 2. This approach assumes that x,
and x; have constant intensities during the duration of one of their occurrences. Notice that
X| or X, could possibly have magnitudes equal to zero. If the intensities of x; and x; are
random variables with known probability distribution functions, then the probability
distribution functions of the maximum of several events can be calculated using Equation

3.14.
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The cumulative distribution of a single load event, Y, can be represented as Fy(Y*). Fy(Y*)
gives the probability that the variable Y takes a value less than or equal to Y*. Most load
combination studies assume that the load intensities are independent from one occurrence to
the other. In this case, the cumulative distribution of the maximum of m events that occur in

a time period T can be calculated from the probability distribution of one event by:

F, .(Y*)=F,(r*" (Eq.3.15)

Where m is the number of times the load Y occurs in the time period T. The Ferry-Borges

model is illustrated as shown in Figure 3.3 (Ghosn, Moses and Wang. 2002).
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Figure 3.3 Illustration of combination of two load effects

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



82

This study uses the Ferry-Borges model as it provides a more intuitive approach to
the load combination problem than the mathematical formulation of Wen’s Load
coincidence method. The Ferry-Borges method is directly implementable into FORM as
demonstrated by Turkstra & Madsen (1980) and can be modified to account for the
correlation from the modeling uncertainties using conditional probability distribution
functions. Similarly, simulation-based GA can be easily applied to use the Ferry-Borges

model including the consideration of correlation of load effects from different time intervals.

As shown in the Equation 3.14, the combination of two loads can be implemented in

the proposed GA through the following steps:

e Let x5= max[x,].
ny

o Find the equivalent normal distribution function of x3 ~ N(#y ,07y )

o Jetxs;=X1+X3

e Find the equivalent normal distribution  function of x4
~ Ny, + ty,14[0%, +(04))

o Let xs= max[x,]

m
e Find the equivalent normal distribution function of xs ~ N (i ,0 )

All approximations are made at the design point in the normalized coordinate

system. Once the approximations are made, the search for the reliability index can be
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executed using GA following the same steps outlined in Chapter 2. The method can be

easily extended to the combination of more than two loads.

3.4 ILLUSTRATIVE EXAMPLE

To illustrate how the GEMGA-shredding algorithm can be used to solve the time-
dependent reliability problem including strength degradation and load combination, a simple
example is presentedvherein. In this example, the time-dependent failure Z(t) is given in

terms of the resistance R (t) and two loads L;(t) and La(t)

Z(6)= R() - L, () - L,()=R GO ~ L, (1)~ L, (¢) (Eq.3.16)

L, : N(@25.2.5), L,: N10,1)
R,=Ao, A=23, o: N(27.6,1.38) (Eq.3.17)

G@t)=1-wt , v: N(0.03,0.006)

The number of repetitions for load 1 L, is assumed to be 1/15yr . Similarly, the
number of repetitions of L, is 1/yr. The service life of the structure is 75 years. Hence, the

limit-state function is:

Z(1) = Ao (1=vt) ~ max(L, + max (L)) (Eq.3.18)

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



84

Using a Crude Monte Carlo Simulation with a 1,000,000 simulations, the following

results are obtained:

P, =5.05¢107
p=-0"(P,)=1.640

(Eq.3.19)
When using the proposed algorithm, the 75-year service life of the structure is

discretized into five intervals At=15 years. The reliability and its direction cosine are showed

as Table 3.1. This dscretization process is illustrated as shown in Figure 3.4. The results for

each time increment are provided in Table 3.1 including the direction cosines o for the

minimum P in each time interval.

Approximation of Degradation
1.0
N
0.8 . [
\\
N
[
06 B L e e e e e
exact
~— approximation
0.4 .
0 15 30 45 60 75
Time (year)

Figure 3.4. Representation of strength degradation process
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Table 3.1 Reliability indexes and direction cosines for time interval At=15 years

a, Q, 27 a, Jé]
1% lSYr -0.730 | 0.310 0.576 0.196 | 4.523
2" 15Yr -0.676 | 0.483 0.532 0.164 | 3.555
3 15Yr -0.613 | 0.599 0.498 0.127 | 2.793
4™ 15Yr -0.583 | 0.648 0.472 0.131 2.168
5" 15Yr -0.526 | 0.735 0.396 0.162 | 1.646

We assume the event of structural failure in the first 15 years is Fj, the second 15
years’ is Fy, etc. The probability of failure in 75 years is the union of the failure events of all

five intervals and can be calculated from:

P(EUEUFUFUF,) = P(F)+ P(F,)+ P(F,)+ P(F,)+ P(F,)
-P(F,1 F,)-P(F,1 F,)-P(F.1 F,)-P(F1 F,)
-P(F,1 F,)-P(F,1 F,)-P(F,1 F,)-P(F,1 F,) (Eq.3.20)
-P(F,1 F,)-P(F,1 F)
+P(F1 F,1 F,)+..

Since the intersection of three events is very small, it can be ignored when we
calculate the probability of failure. By plugging in the values from Table 3.1 into Equation

3.21, the final probability of failure and reliability index is obtained as:
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P, =5.00107

p=-0" (Pf): 1.645 (Eq.3.21)

The results when the time increment is reduced to At = 5 years are given in Table

3.2.

By plugging in the values from Table 3.2 into Equation 3.21, the final probability of

failure and reliability index is obtained as:

P, =4.8950107

B=-0"(P,)=1655 (Eq.3.22)

Comparing the results from different time intervals, we can find that the both of two
different time intervals can result in good estimation of probability of failure. Considering
the efficiency of the algorithm, the bigger time interval (At=15 years) is more efficient. In
this case, the chromosome size of each generation is 10, the generation size is 5, then the

evaluation times of rough search step is 93. In the refine search step, for each time interval,

evaluation times are limited to 10, so the total evaluation times is 93+10*5=143.
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Table 3.2 Reliability indexes and direction cosines for time interval At=5 years

a, a, @, &, B
15Yr | o781 | 0150 | 0580 | 0.178 5.543
2" 5Yr -0.758 | 0239 | 0579 | 0.183 5.058
35Yr | 0720 | 0300 | 0582 | 0185 | 4.666
4" 5Yr 0706 | 0377 | 0567 | 0.191 4.321
5"5Yr | 0673 | 0441 | 0570 | 0.166 4.008
6"5Yr | 0653 | 0461 | 0560 | 0.163 3.721
7" 5Yr 0638 | 0515 | 0547 | 0.159 3.451
8" 5Yr 0620 | 0555 | 0536 | 0.140 3.200
9"5Yr | o606 | 0600 | 0502 | 0.146 | 2.966
10" 5Yr 0586 | 0617 | 0502 | 0.150 2.747
1" 5Yr -0.550 | 0.651 0.502 | 0.148 2.539
12%5Yr | o540 | 0661 | 0501 | 0.143 2.346
13" 5Yr -0.529 0.668 | 0.504 | 0.138 2.165
14%5Yr | os25 | o707 | 0459 | 0.117 1.992
15%5Yr | o511 | 0713 | 0469 | 0.103 1.831
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3.5 ENGINEERING EXAMPLE

Consider the reinforced concrete T-beam highway bridge adopted by Enright and
Frangopol (1998). The bridge consists of three 30ft simply supported spans . each span has
five girders equally spaced 8.25 ft. more details about the bridge can be found in the
reference of Enright and Frangopol (1998). Simplified mode is applied as shown in Figure

3.5.

Lane2 Lanet

~—12.0’ 120" ——=

P P P P

6.0 1‘6'0/.1
- 825" 825'j1885'i885’j

Figure 3.5. Simplified highway bridge model

T

The nominal value, bias, COV and distribution type of the initial resistance and load

effects are indicated in Table 3.3.
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Table 3.3. Initial Resistance, load and load effects

Nominal

Variable value Bias COV Distribution Type
Initial Bending Resistance (kip-ft) 1086.75 1.12  0.12 Lognormal
Initial Shear Resistance (kip) 136.82 1.28  0.10 Lognormal
Dead Moment (kip-1t) 237.81 1.05 0.10 Normal
Dead Shear (kip) 63.40 1.05 0.10 Normal
Live load (one Truck) for Moment (kip) 72 090 0.19 Normal
Live load (one Truck) for Shear (kip) 72 090 023 Normal

The failure of bridge is defined as any one of girder failure due to moment or shear.
Following the advise of Enright and Frangopol (1998). Two modified resistance degradation

cases are considered as follows

0.005

For moment: g(t)=1- t, E(T,=5.0yrs) (Eq.3.23)

0.0075

For Shear: g(t)=1- t, E(T,=4.0 yrs) (Eq.3.24)

The “exact” value of system probability of failure and reliability index based on one

million crude Monte Carlo Simulation are:

Pr=4.611x107 (Eq.3.25)

p=10684 (Eq.3.26)

The 75-year service life of the highway bridge is discretized into five intervals At=15

years. From the reliability analysis, the shear failure mode is the critical failure mode which
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dominate the probability of system failure. The system probability of failure and reliability

index are:
Pr=4.515x10" (Eq.3.27)
B =1.694 (Eq.3.28)

If the 75-year service life is discretized into fifteen intervals At = 5 years. More

accurate result obtains as follows:

P = 4.622x107 (Eq.3.29)

B =1683 (Eq.3.30)

Comparing Equation 3.27, 3.28 with Equation 3.29, 3.30, the proposed GA

algorithm provided accurate result.

3.6 CONCLUSIONS

In this chapter a method to analyze the reliability of time dependent problem has been
presented by application of the algorithm proposed in Chapter 2 to discretize time intervals.
The method is applicable to solving deteriorating structural problem under the effects of

combinations of loads. Major features of the method include:
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1. Through discretizing the service life of the structure into several time intervals, the
failure probability of time—dependent problem can be estimated with high accuracy.
While traditional approximation methods depend on the assumption that the failure

events at different time intervals are independent.

2. Using the Ferry-Borges model, the load combination problem can be easily solved

by the proposed GA.

3. The illustrative example shows that the proposed GA is very efficient in dealing

with the time-dependent problem.
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CHAPTER FOUR
HYBRID DATA MINING/GENETIC SHREDDING ALGORITHM
PART I: METHODOLOGY

ABSTRACT

Recent studies have successfully introduced Genetic Algorithms (GA) to identify the
important failure modes of complex structures and quantify their contributions to the
reduction of the reliability of structural systems. In these studies, the efficiency of traditional
GA techniques was substantially improved by incorporating linkage-learning operators that
were used to explore relations among the random variables controlling the safety of a
structural system. However, the currently used linkage learning methods, such as the
Shredding Genetic Algorithm (SGA) and Gene Expression Messy Genetic Algorithm
(GEMGA) were found to be either too complex for easy implementation in routine
reliability analyses or too narrowly focused on finding the global optimal solution and thus
reduced the capacity of GA to identify local optima. Other techniques especially suitable for
exploring relations and linkages among data are known as Data Mining (DM) algorithms.
Several types of DM algorithms are available in the Computer Science literature. For
example, one of the most popular and successful DM tools is the Apriori algorithm.
However, when used on their own DM algorithms may fail in some instances when the

. original database is skewed, biased, or too narrow. Hence, the purpose of this chapter is to
propose a hybrid algorithm that would combine the benefits of the pattern identification

ability of Data Mining techniques to the capacity of GA operators to explore new significant
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search domains. The implementation of the shredding operator and its ability to reduce the
computational effort through its self-learning process will further lead to the development of
an efficient and robust reliability algorithm_. This chapter will demonstrate that the proposed
algorithm will significantly reduce the computational effort associated with determining the
probabilistically dominant failure modes of structural systems without missing important
failure modes. Furthermore, a new failure mode pruning criterion and a refined Tabu local
search algorithm are also implemented to improve the efficiency and accuracy of the
reliability analysis. Examples are provided in this chapter and the accompanying chapter to
demonstrate the high efficiency and accuracy of the proposed hybrid Data Mining-Genetic

Shredding Algorithm for failure mode exploration, identification, and exploitation.

4.1 INTRODUCTION

The identification of the probabilistically dominant failure modes of a complex
structure and the estimation of its system reliability can be reduced to the solution of an
optimization problem in the standardized normal space of the variables that control the
random loads applied on the structure and the random strengths of its members (see for
example Thoft-Christensen & Murotsu (1986)). Hence, many optimization algorithms can
potentially be applied to solve structural reliability problems. For example, various types of
modified Genetic Algorithms (GA) have been recently applied by Shao & Murotsu (1999),
Deng et. al. (2000), and Wang & Ghosn (2003) for .the reliability analysis of structural
sy’stgms. These studies showed that a génetic algorithm can be used to generate search
directions in the random variable space composed of the pz;rameters that control structural

loading and member strengths. A finite element program is used to follow the failure path in

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



94

each search direction and find the corresponding structural capacity. The safety level
associated with the structural capacity is measured by the reliability index, . Through
evolution, GA finds the most critical combinations of loads and material properties that
would produce the lowest value of the reliability index. Because of their random nature, GA

can easily produce alternative optima in repeated runs. Thus, the most critical structural

failure paths and modes are identified.

Through initiating multiple searches simultaneously in different directions, GA
provides a robust technique for the reliability analysis of structural systems with multiple
failure modes. However, the shotgun search strategy that GA is based upon proved to be
rather inefficient for solving large-scale problems because each search direction requires a
nonlinear analysis of a complex structural system modeled by a large number of degrees of
freedom. To improve a GA search’s efficiency, many techniques were proposed. These are
centered on reducing the dimensionality of the problem through the introduction of linkages.
The GA linkage learning process essentially weeds out less fit individuals by tightly binding
together two or more closely correlated genes allowing them to travel as one unit under the

action of GA operators (Harik & Goldberg; 2000).

Recent research by Deng et. al. (2003) proposed the use of a GA shredding operator
which has been shown to help further improve the search’s efficiency by reducing the
number of structural analyses required during the search process. The most important
feature of the shredding operator is its use of a self-learning algorithm that would eliminate

the need to perform a structural analysis for each generated search direction. Based on these
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observations, Wang and Ghosn (2003) used a hybrid Geﬁe Expression Messy Genetic
Algorithm (GEMGA) and demonstrated that combining the linkage learning process with
the shredding operator will greatly improve the performance of Genetic Algorithms and
their ability to solve structural reliability problems. However, when large numbers of
random variables dominate the problem, the number of operations in GEMGA would still
require intensive computational effort. Furthermore, investigations of the modified
GEMGA (Wang & Ghosn; 2003) have shown that the maximum number of failure modes
that can be identified cannot exceed the number of random variables. For example, for a
ten-bar truss with one degree of redundancy, having 45 possible rigid-plastic collapse

modes, the hybrid GEMGA can only identify at most 10 of the total failure modes.

Since the main idea behind the improved GA algorithm is to introduce the process
of linkage exploration and identification, then any improvement in the ability of the
algorithm to explore and identify linkages among the variables will be helpful to further
speedup the search process. Data Mining is a tool that has been developed in the field of
computer science to detect relations among data sets. Since, the problem of determining the
failure modes of a structural system also involves the detection of patterns from large sets of
data, the principles of Data Mining should also be applicable for determining the important
failure modes of a structure accounting for the uncertainties in load intensities and structural
response. This chapter explores the possibility of utilizing Data Mining techniques during
the linkage learning process when a GEMGA algorithm is used to solve structural reliability
problems. The chapter will demonstrate that the application of Data Mining will help

improve the efficacy of the search for multiple failure modes of structural systems and help
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overcome many of the deficiencies of GEMGA including the limits on the number of failure

modes that can be identified.

4.2 DATA MINING BACKGROUND

Data Mining is a fast growing field in Computer Science that deals with the research
and practice of detecting patterns from data. In practice, the field has been regularly applied
to the decision support problem faced by most large retail organizations like supermarkets.
Supermarkets collect and store massive amounts of sales data referred to as baskets. These
are carefully analyzed to produce important pieces of the marketing infrastructure. Frequent
item-sets play an essential role in many Data Mining routines that try to find interesting
patterns from databases. These important patterns may include association rules, correlations,
sequences, classifiers and clusters. The original motivation for searching for association
rules came from the need to analyze so called supermarket transaction data. In the
supermarket problem, association rules describe how often items are purchased together. For
example, an association rule “diaper -> beer (80%)” states that four out of five customers
that bought diapers also bought beer. Such rules can be useful for decisions concemning
product pricing, promotions, store layout and many others. In a similar manner, the
association rules for structural systems would involve the identification of the elements that
fail in a given mode under the pertinent applied loading conditions. Thus, the Data Mining
tools that have been found to be so valuable in detecting association rules in all sorts of
applications promise to be as useful in structural reliability applications.

-~

The main problem with association rule inductions is that there are immense
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numbers of possible rules, which would require an efficient algorithm to prune them and
identify the most valuable ones (Borgelt and Kruse 2002). For example, for the product
range of a supermarket, which may consist of several thousand different products, there are
billions of possible association rules. In a similar manner, a complex structural system is
composed by thousands of elements that may interact in billions of ways to form possible
failure mechanisms and collapse modes. It is obvious that such a vast amount of rules
cannot be processed by inspecting each one in turn. Therefore, efficient algorithms are
needed that restrict the search space and check only a subset of all the rules, if possible,
without missing the important ones. One such algorithm that has been successfully applied

is the well-known Apriori algorithm originally developed by Agrawal and Srikant (1994).

The Apriori algorithm is founded on the observation that if any given set of attributes,
S, is not adequately supported, any superset containing S will not be adequately supported
either. Consequently any effort to calculate the support for such a superset is wasted. The
principle of Apriori Algorithm is that “Every subset of a frequent item set has to be at least
as frequent as the set itself” (Agrawal and Srikant 1994). For example, if we know that { A,
B} is not adequately supported, it follows that {A, B, C} and {A, B, D, etc.} will not be
adequately supported either. The Apriori algorithm is a powerful candidate-set-pruning
technique, and it reduces the list of important candidates dramatically in a few operations.

For the supermarket problem, the Apriori algorithm works as follows:

1. Assume that there are n supermarket baskets. Each of the baskets is filled by a

different number of items. However, the number of times an item occurs in a
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single basket is not important. Hence, the database consists of the number of
baskets, n, and the list of the items that could appear.

Define a linkage set to be the set of items that have close bonding. i.e. that are
very likely to appear together in a basket.

Define k as the number of items in a linkage set.

Set k=1. In other words, start by identifying the individual (single) items that
appear in the database.

Define a set Cy that will contain the list of all the possible groups of k items that
appear together in any basket of the database along with the number of baskets
in which each group is encountered.

Define L to be a pruned subset of Cy. Ly will include a list of the group of k
items whose count number in step 5 exceeds a pre-set threshold value.

Set k =k+1;

Form Cy only from the elements that are encountered in Ly ;.

Repeat steps 5-8 until Cy is empty;

10. The complete sets L through Ly provide the list of frequent sets of elements.

As discussed below this algorithm can be easily adapted to finding linkages between

random variables during a structural reliability analysis.

4.3 APPLICATION OF DATA MINING TO RELIABILITY ANALYSIS OF STRUTCURAL SYSTEMS

Following the general principle of the Apriori algorithm, an appropriate equivalent

principle for the structural reliability problem can be stated as follows: “if a partial failure
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mechanism has a high probability of occurrence, then any subset of elements (sub-
mechanism) from that partial mechanism must also have a high probability of occurrence”.
In this context, a partial mechanism is formed by a combination of several elements that

contribute to the partial or full failure of a structure.

To solve the structural reliability problem, we use the genetic algorithm formulation
described by Shao & Morutsu (1999) and Deng et. al. (2000 & 2003) where each gene
represents a random variable and each gene can take the values 1, O or ~1 indicating that the
direction cosine of the search vector under investigation lies along the positive direction, is
invariant, or lies along the negative direction of the random variable, respectively. In this
context, the Linkage Candidate set, C;, will consist of the total number of genes in a
chromosome times 2; 2 being the number of possible nonzero values that a single gene can
take (i.e. 1 or —1). Remember that each gene represents a random variable and the number
of genes is equal to the number of independent random variables. In our nomenclature, the
combination of gene value and position will be referred to as a gene item. Figure 4.1 gives a

representation of the search process along with gene coding.
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Figure 4.1 Genetic coding system

Unlike the supermarket problem where every item has equal weight during the
counting process, it is herein proposed to put weighting factors for each parameter as a
function of its contribution to the failure probability. Specifically, the fitness function
defined by Shao & Morutsu (1999) and Deng et. al (2000 & 2003)as I/B2 is used as the
weighting function. Hence, when an item, j, (formed by k genes) is encountered in n;

chromosomes, its count in Ly is obtained by:

BB, B B, (Eq. 4.1)
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Where, Fy;, is the weighted count number of item j in Ly, f; is the reliability index of
chromosome i and i varies between 1 and n;. n; being the number of times an item j is

encountered within a group of chromosomes.

In the proposed approach, the exploitation part of the search can be further refined
using a Tabu Search (TS) algorithm to focus the search on the exact failure point rather than
simply follow the pre-determined (-1, 0, 1) directions. Additionally, a failure mode
enumeration filtering procedure is used to remove repeated modes from the count as

described below.

The Genetic Algorithm often results in a listing of chromosomes (search directions)
having similar genes except for minor differences in one or two genes. A thorough
investigation of these cases shows that the similarities between these search directions are
indicating that the true search direction is somewhere between the directions indicated by
the by the pre-set directions. To filter out such cases and avoid repeated local searches, a
failure-mode filtering algorithm is used following the structural reliability principle
mentioned earlier as follows: If adding one or more variables into a search direction results
in a significant decrease in the reliability index, then, the old direction is not close to the
direction of the local minimum. Alternatively, if adding one or more variables into a search
direction results in a significantly higher reliability index, then, the old search direction is
close to the local minimum while the new one is not. The directions that are identified as
being close to local minima are subsequently used in an exploitation algorithm to determine

the actual value of the minimum.
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4.4 PROPOSED HYBRID DATA MINING/GENETIC ALGORITHM.

The Apriori algorithm is the core idea of frequent item-set mining, and is the subject
of much current research in the field of Data Mining. However, the Apriori algorithm may
fail in some instances when the original database is skewed, biased, or too narrow. In such
cases, the Aprioi algorithm may fail because it can only “detect and prune” linkages in a
given database but is not able to “generate” new search directions. The ability of exploring
new important search directions of the Shredding Genetic Algorithm (SGA) has been proven
(Deng et. al. 2000 & 2003)). Observing the strengths and weakness in both Data Mining
and SGA it is quickly noticed that these two methods would greatly complement each other.
By combining the shredding algorithm with the Apriori search it will be demonstrated that it
is possible to overcome the deficiencies of the Apriori algorithm by enriching the database
with new important information. The examples given in this chapter and the accompanying
chapter will demonstrate that the new hybrid algorithm will show high efficiency in
detecting multiple important failure modes in a computationally efficient manner.
Furthermore, the exploitation part of the search can be further refined using a Tabu
algorithm to focus the search on the exact failure point rather than simply follow the pre-
determined directions. Additionally, a failure mode enumeration filtering procedure is used
to remove repeated modes. The proposed hybrid data-mining/genetic algorithm can be

summarized using the following steps, which are also shown in the flow chart of Figure 4.2.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



103

Randomly create the first generation
of chromosomes (i=0)

’ Shredding Operator ,

Y

Next generation of chromosomes (i=i+1)

——» Create linkage candidate, C,

k=k+1
A
Yes No
A J
Prune C
mr; k Yes
Establish linkage set, L,
Group all L, and prune them to form final <

linkage of i generation of chromosomes, FL,

Y

Compare FL,, with FL_, (for i>1)

§ the difference between FL, and FL.~
greater than threshold?

No

v

Explore linkages

v

Filter linkages

v

Identify final linkages » Refine local search

Calculate P, and
failure equations

Figure 4.2 Flowchart of proposed algorithm
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1. Randomly generate the first population of chromosomes representing search
directions in the standardized random variable space.

2. Generate the next generation of chromosomes using the shredding operator. The
purpose is to improve the robustness of the population.

3. Set k=1; and determine the linkage candidate set (Cy) of all genes from the
database encountered in all the chromosomes of the current population.

4. Based on fitness, prune the “good” linkages and establish Ly as a subset of Cy.

5. Setk=k+l;

6. Form new Cy from Ly.;.

7. Repeat steps 4 through 6 until Cy is empty;

8. Repeat steps 2 through 7 until the convergence of linkage sets;

9. Use the mode enumeration filter to identify the important failure modes and
reduce the number of repeated modes;

10. Use the Tabu algorithm to refine the local search.

11. Obtain the failure mode expression for all the pertinent modes and calculate each

mode’s probability of failure and the system reliability.

Despite its simplicity, the proposed algorithm provides a powerful and robust tool for
solving structural reliability problems as demonstrated in the next two sections of this
chapter and the accompanying chapter that illustrates the application of the algorithm for

solving structural reliability problems and provides a thorough sensitivity analysis.
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4.5 ILLUSTRATIVE EXAMPLE

Problem statement

A éimple example is presented to illustrate the proposed method. The example
shown in Figure 4.3 consists of the same three-bar truss analyzed by Deng (2000). The input
data for the loads and member strengths are listed in Table 4.1. The mean and the COV of
the random variables are identified as the loads L;, L, and L3 and the yielding strengths for

members 1, 2 and 3 respectively are identified as Ry, R, and Rs.

90 cm

120 cm

Figure 4.3 Three-member truss example.
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Table 4.1 Input data for three-member truss example

Random variables| Mean (KN) COV | Distribution type
L, 35 10% Normal
L, 24 10% Normal
Ls 15 10% Normal
R, 63.48 5% Normal
R, 63.48 5% Normal
R; 63.48 5% Normal

The potential member failure modes are labeled Z,*, Z,", Zy+, Z3-, Z3+ and Zs-,
where the subscript indicates which member fails. The “+” sign denotes failure in tension,
while the “-” sign denotes failure in compression. It is assumed that the yielding strengths
for tension and compression are independent random variables with the same mean and
standard deviations. The reliability indexes for all the failure modes are listed in Table 4.2.

From the table, we observe that the first two failure modes are the dominant failure modes.
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Table 4.2 Reliability Indices of failure modes

Failure B

Mode
Z+ 2.719
Zo+ 2.775
Zs- 3.670
Zs+ 19.94
Z4- 22.93
Z,- 23.86

The objective of this section is to verify the ability and the efficiency of the proposed
hybrid Data Mining/Shredding Genetic Algorithm to identify the most dominant modes of
the above problem whose exact solution is known. The analysis process follows the steps

outlined in the previous section as well as Figure 4.4.
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Exploration process

The first step in the method is to set the problem using the genetic coding of Shao
and Morutsu (1999). The first randomly generated population is listed in Table 4.3. Before
the data-mining search is initiated, a second population is created using the genetic
shredding algorithm in order to refine the population toward more focused search directions
than those that were originally randomly created. The chromosomes of the second
generation are also listed in Table 4.3. Each population is formed by 10 chromosomes. A
sensitivity analysis is performed in the accompanying chapter to illustrate the effect of the

population size on the convergence of the algorithm.
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Table 4.3 The first and second generations of chromosomes

Generation/Chromosome Gene position and value B
no. no. 1 2 3 4 5 6

1 | 0 -1 1 -1 -1 5.101
2 0 -1 0 -1 1 1 8.494
3 1 1 -1 1 0 0 5.266
4 1 -1 -1 0 1 0 9.019

i 5 1 -1 1 0 1 16.507
6 1 1 1 1 -1 6.402
7 1 1 -1 -1 -1 1 3.953
8 0 -1 0 0 -1 -1 10.767
9 1 1 -1 -1 1 -1 6.382
10 0 -1 1 -1 1 1 6.449
11 | 1 1 1 -1 1 3.953
12 1 1 1 0 1 1 6.028
13 1 -1 -1 -1 1 5.101
14 1 -1 0 -1 -1 1 4.516
15 0 1 -1 -1 -1 -1 5.307

2 16 0 1 0 -1 1 0 7.356
17 1 1 -1 -1 1 1 6.382
18 1 | -1 -1 -1 0 3.608
19 1 1 0 0 -1 0 2.795
20 1 0 -1 1 -1 0 4.563

Using the shredding operator of Deng et. al. (2003), the average fitnesses (1/8%) for
all the gene items of populations 1 and 2 are obtained as listed in Table 4.4. The mean
fitness of all the gene items of Table 4 is 0.035. Hence, the threshold is set to be equal to
0.9*mean = 0.032. The next step is to prune the gene items whose average fitness is less

than the 0.032 threshold. The set of surviving genes L,is listed in Table 4.5. A sensitivity
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analysis is performed in the accompanying chapter to illustrate the effect of the threshold on

the speed of convergence.
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Table 4.4 Linkage candidate C, items

Item Gene position and value Fi
itness
no. 1 2 3 4 5 6
1 1 0.044
2 -1 0.000
3 1 0.048
4 -1 0.019
5 1 0.029
6 -1 0.040
7 1 0.036
8 -1 0.037
9 1 0.021
10 -1 0.055
11 1 0.034
12 1 | 0026
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Table 4.5 Linkage L, items

Item Gene position and value Fi
itness
no. 1 2 3 4 5
1 1 0.044
2 1 0.048
3 -1 0.040
4 1 0.036
5 -1 0.037
6 -1 0.055
7 0.034

113

The list of items containing 2 gene pairs, C,, is obtained as shown in Table 4.6. The

item sets no. 4 and 5 in Table 4.5 cannot be combined because they have the same gene, the

difference being only in the value of the gene. Using equation (1) and the method described

by Deng et. al. (2003), the fitness of each possible item is calculated as given in the last

column of Table 4.6..
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Table 4.6 Linkage candidate C; items

Item Gene position and value Fi
itness
no. 1 2 3 4 5 6
1 1 1 0.051
2 1 -1 0.040
3 1 1 0.035
4 1 -1 0.046
5 1 -1 0.063
6 1 1 | 0039
7 1 -1 0.044
8 1 1 0.041
9 1 -1 0.041
10 1 -1 0.074
11 1 1 0.045
12 -1 1 0.041
13 -1 -1 0.044
14 -1 -1 0.050
15 -1 1 0.042
16 1 -1 0.050
17 1 1 | 0034
18 -1 -1 0.053
19 -1 1 0.031
20 -1 1 0.054

The mean fitness of all gene items of Table 6 is 0.045. Hence, the threshold is set to
be equal to 0.9*mean = 0.040. The gene items whose average fitness is less than the 0.040

threshold are pruned and the set of surviving pairs of genes, L, is listed in Table 4.7.
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Table 4.7 Linkage L; items

Item Gene position and value Fi
itness

no. 1 2 3 4 5 6
1 1 | 0.051
2 1 -1 0.040
3 1 -1 0.046
4 1 -1 0.063
5 1 -1 0.044
6 1 1 0.041
7 1 -1 0.041
8 1 -1 0.074
9 1 1 0.045
10 -1 1 0.041
11 -1 -1 0.044
12 -1 -1 0.050
13 -1 1 0.042
14 1 -1 0.050
15 -1 -1 0.053
16 -1 1 0.054

Using the same logic, Cy4, L4, Cs, Ls, ... are obtained and the process continues until
C;is empty. At that point, L, Lo,... L; are combined in one global list that is pruned again to
obtain the final linkage set of the first and the second generations. These are assembled in a

final linkage list for the first population, FL;.

Subsequently, a new generation of chromosomes is assembled using the Genetic
Shredding operator.. The Apriori algorithm is applied again to obtain the second final linkage
list, FL,. FL, and FL, are compared to find how many of the listed items are repeated. The
comparison involves the “important” linked items that are defined to be the items with

fitnesses exceeding 0.9 times the average fitness. If the number of new important linkages is
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less than 5% of those detected in the previous set, then the process of detecting important
linkages is stopped. A sensitivity analysis is performed in the accompanying chapter to

illustrate the effect of the convergence criterion on the accuracy of the algorithm.

For the truss example of this section, the linkage detection process is stopped after 5 '
generations (where each generation is composed of 10 chromosomes). The final failure

modes identified are listed in Table 4.8. The process required a total of 67 structural

analysis iterations.
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Table 4.8 Final linkages after 5 generation of chromosomes

Linkage Gene position and value B

no. 1 2 3 4 5 6

1 1 1 -1 2.794

2 1 1 -1 2.856

3 1 -1 2.856

4 1 -1 3.226

5 1 1 -1 -1 3.227

6 1 1 -1 -1 3.298

7 1 -1 3.357

8 -1 -1 3.498

9 1 -1 -1 -1 3.608

10 1 1 -1 -1 -1 3.688

Mode Filtering

117

As previously mentioned, several of the final chromosomes are not independent but

are different representations of the same failure mode. To refine the failure mode list, the

enumeration filtering criterion previously described is applied. As an example, by

comparing the linkage set No.4, to that of No.1, it is observed that when the gene in position

2 with a value equal to 1 (the same value observed in chromosome 1 for gene no. 2) is added

into chromosome No.4, the reliability index is reduced. This strongly indicates that failure

mode No.4 is not independent from failure mode No.1. Using the same logic, failure modes

No. 9 and No.5 are not independent either. After the filtering operation is completed, the

remaining seemingly independent failure modes are listed in Table 4.9.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Table 4.9 Filtered failure modes

118

Failure Gene position and value B
mode no. 1 2 3 4 5
1 1 | -1 2.794
2 1 1 -1 2.856

Tabu local search

The chromosomes in Table 4.9 are along pre-determined search directions. To find

the actual direction for the minimum reliability indexes, the Tabu local search algorithm

previously described by Wang & Ghosn (2003) is used. The Tabu local search process is

continued until no improvement in the reliability index is obtained. This occurred of eleven

iterations. The reliability indices after the Tabu local search for the two most important

failure modes are listed in Table 4.10.

The difference between the exact values of the

reliability index shown in () of Table 4.10, and those obtained from the proposed Data

Mining/Genetic Shredding algorithm is less than 0.002. Table 10 also shows the direction

cosine for these two modes of failure and compares them to the exact values.
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Table 4.10 Reliability indices of failure modes (after tabu local search)

Failure Unit vector of design point
mode no. 1 2 3 4 5 6

0.535 0.484 | 0.000 0.000 | -0.693 | 0.000 27717
(0.551) [(0.504) | (0.000) | (0.000) |(-0.669) (0.000) | (2.775)

B

0.695 0.000 | 0.304 | -0.651 | 0.000 | 0.000 2.720
(0.706) |(0.000) | (0.303) | (-0.640) | (0.000) | (0.000) | (2.719)

Note: the value inside parenthesis is the exact solution

Determination of Failure Equations
From the failure modes listed in Table 4.10, the corresponding failure equations can
be obtained based on FORM. For example, for the failure mode No.2, The failure equation

is
Z,=R —0968L, —0.988L,-1.524 (Eq. 4.2)
Which is compared to the exact failure equation of failure mode No.2 given as:
Z,=R~-L -L, (Eq. 4.3)
Comparing Equation 4.2 and Equation 4.3, it can be seen that Equation 4.2 gives a
very good approximation to the exact failure Equation 4.3. A more refined local search

criterion associated with a large number of structural analysis iterations would lead to more

accurate results as listed in Table 4.11.
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Table 4.11 Accuracy of tabu search vs. structural evaluation times

No. Failure equation B E(V;:;iusogarcn;)e s
Exact Zr=R;-L;-1; 2.7192 --
1 Z,=R;-0.968L,-0.988L;~1.524 | 2.7200 11
2 Z,=R;-0.970L,-0.988L; -1.475 2.7198 20
3 Z,=R;-0.986L;-1.078L;-0.682 | 2.7197 35
4 Z> =Ry-0.990L,-1.050L;- 0.487 | 2.7195 52
5 Z, =R;-0.998L,-1.001L;- 0.060 | 2.7193 158
6 Z; =R;-1.003L;-0.999L;- 0.010 | 2.7193 220
7 7> = R;-1;-1.001L3- 0.010 2.7193 228

In summary, it is observed that the proposed algorithm provides accurate results in a
reasonably efficient manner. Further comparisons with structural analysis problems and

other benchmark problems are provided in the following section and the accompanying

chapter.

4.6 TESTS FOR EVALUATING THE PERFORMANCE OF PROPOSED ALGORITHM

To test the efficiency and accuracy of the proposed Data Mining/Shredding Genetic
Algorithm, the benchmark problems presented by Engelund & Rackwitz (1993) are solved
in this section and compared to the solutions obtained using Importance Sampling
Algorithms as provided by Engelund & Rackwitz (1993) an the GEMGA method described

by Wang and Ghosn (2003). The comparison is also summarized in Table 4.12.
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Table 4.12 Comparison of different reliability methods

Benchmark Py B Evaluation times
No. . %
problem | g, | Importance | ooy, | Data g (Importance | opy i | Data |Importance) ey pq s | Data
: Sampling Mining Sampling Mining| Sampling Mining
1 Number of |\, g5, 571 5 g0%107 |2.92%107|2.92%107( 5.000 |  5.000 5.000 | 5.000 500 |' 255 120
variables (10)
1 | Numberof | - ~ |lwoo0| - 10.650 |10.800] - 754 | 350
variables (50)
2 multiple §11¢ 1o1g8|  G00d g osv108]9 554103 5.085 - 5.206 | 5.200 500 40 30
points estimate
3 |Parallel system{2.09%10™ 2.02%10* {2.10%10*{2.08*10*| 3.529 { 3.537 3.527 |3.530 500 213 96
4 Noisy limit , /7,03 Good 1 464103 |4.45%10°| 2.614 — 2615 |2616]| 500 97 63
state function estimate ‘
5 | Series system [1.27%10%] 1.28%10% |1.26%¥107|1.26%102| 2.235 | 2.232 2.238 | 2.238 500 250 80

IC1



* Benchmark test No. I: Number of variables and probability level

The failure equation, Z, is given as a function of the number of random variables,

n, and the reliability index B by:

Z=pJn-3U, . U ~NO,D (Eq. 4.4)

n=10, =50, P,=2.92%10" (Eq. 4.5)

Where U; designates the variable i in the standard normal space with mean 0 and standard

deviation 1.0.

For n=10, the hybrid algorithm converged after 120 function evaluation times.

The exact f=5.00 was obtained. The direction cosines obtained were:

a=(q..0..0), «=0316 (Eq.4.7)
which are the exact values for the problem described in Equations 4.4 and 4.5.
Convergence was reached with about half the iterations needed for GEMGA and about

_one quarter those used by Engelund & Rackwitz (1993) to solve the problem using

Importance. Sampling.
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For n=50 convergence was reached after 350 function evaluation times. f=10.89

was obtained rather than the exact value of 10.00, which is acceptable given the high

,

value of $=10.0.

Benchmark test No. 2: multiple fpoints

The limit state equation is a hyperbola:

Z=X,X,-PL
P=14.614,L =10.0 :

4.8
X, ~ N(78064.4,11709.7) (Fq. 4.8)

X, ~ N(0.0104,1.56*107)

In this case, the hybrid algorithm converged after 30 function evaluation times

resulting in a reliability index $=5.20 as compared to the exact 3=5.085 while GEMGA

required about 80 iterations.

Benchmark test No. 3:Parallel System

The following four parallel failure modes are analyzed in this example:

Z,=2677-U, U,
Z,=2.500-U, U,
Z,=2323-U,-U,
Z,=2250-U, U,
U ~N(O,D. i=l,..5

(Eq. 4.9)

The correct reliability indices for each mode are:
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B =1.893
=1.768
b (Eq. 4.10)
B, =1.643
B, =1.591

In this case the Data Mining/Shredding Algorithm converged to accurate answers in a
total of 96 iterations which is again less than %2 the number of iterations required by

GEMGA while the accuracy is practically the same.

Benchmark test No. 4: noisy limit state function

The noisy function with six random variables is given as:

6
Z=X,+2X,+2X,+X,-5X;-5X,+0.001> sin(100X,)
i=1

X, =X,=X, =X, ~ N(120,12) (Eq. 4.11)
X, ~N(50,15). X, ~N(40,12)

In this case the Data Mining/Shredding algorithm converged to a beta of 2.616 in

a total of 63 iterations as compared to the 123 iterations required by GEMGA.

Benchmark test No. 5: series system

Two failure modes in series with 6 random variables are given as:

Z, =X, +2X,+X,+X,-5X,
Z,=X,+2X,+X,-5X,

X, =X,=X, =X, ~ LN(60,6)

X, ~ Gumbel(20,6) X, ~ Gumbel(25,7.5)

(Eq. 4.12)
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In this case the Data Mining/Shredding algorithm converged to a reliability index in a

total of 80 iterations as compared to the 250 iterations that GEMGA required for the

same level of accuracy.

4.7 CONCLUSIONS

This chapter proposed a new hybrid Data Mining/Genetic Shredding Algorithm to
solve structural reliability problems. The method is based on the Apriori algorithm
originally proposed by Agrawal (1994) and modified for the identification of different
structural failure modes in complex structural systems. In addition, the algorithm utilizes
the genetic shredding operator first proposed by Deng (2000). A new linkage learning
process is developed in this chapter to explore the standard normalized random variable
space for “good” search directions and to improve the convergence to the local optima as
well as the global optimum. A new filtering criterion is proposed to identify the
independent failure modes. A Tabu local search process is added to the algorithm to
refine the search and find accurate solutions that may not necessarily lie in the directions

that were pre-set during the original genetic coding.

The accuracy and efficiency of the algorithm was tested using a simple three-bar
truss problem. In addition, five benchmark tests previously proposed by Engelund &
Rackwitz (1993) for testing the efficiency and accuracy of importance sampling methods
have been used in-this chapter to verify the robustness of the proposed algorithm.

Additional sensitivity analyses and further demonstrations of the applicability of the
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method for solving structural reliability problems are provided in the accompanying

chapter.
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CHAPTER FIVE

" HYBRID DATA MINING/GENETIC SHREDDING ALGORITHM:

APPLICATIONS & SENSITIVITY ANALYSIS

ABSTRACT

This is the second part of effort describe the methodology and application of a hybrid
Data Mining/Genetic Shredding Algorithm for the reliability analysis of structural systems.
This chapter illustrates the application of the method described in the accompanying chapter
and concentrates on performing sensitivity analyses to study the effect of various parameters
on the robustness of the proposed algorithm and its speed of convergence. A ten-bar truss
example with material nonlinearity is solved to illustrate the high efficiency and accuracy of
the proposed algorithm in identifying multiple failure modes. In addition, the proposed
algorithm is combined with a general-purpose finite element program to find the important
failure modes of two-geometrically nonlinear cable systems. These examples include a
simplified model of a suspension bridge and a realistic model of a cable stayed bridge. The
system reliability is computed in each case to demonstrate the applicability of the proposed
algorithm for finding the solutions of complex structural systems. The results of the
algorithm are compared to those of Monte Carlo Simul‘ation's or those of available published

solutions to verify the accuracy of the proposed method.

5.1 INTRODUCTION
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In the preceding chapter, a hybrid Data Mining/ Genetic Shredding Algorithm is
proposed to identify multiple important failure modes and calculate the reliability of
structural systéms. In this chapter, sensitivity analyses are perfofmed to study the impact of
various factors such as convergence criteria, pruning fitness threshold, and population size
on the proposed algorithm. The sensitivity analyses are performed on a ten-bar truss

example and an appropriate set of parameters and convergence criteria are suggested.

Furthermore, this chapter demonstrates the application of the algorithm to realistic
models of long-span cable stayed bridges. The cabled stayed bridge example along with a
simplified suspension bridge problem adapted from the work of Frangopol and Iami (2000)
are solved to verify the capability of the proposed algorithm to solve geometrically nonlinear
problems and to demonstrate the ability of linking the algorithm to general-purpose finite
element packages. Such capacity increases the applicability of the proposed algorithm for

finding the reliability of realistic structural problems.

5.2 ANALYSIS OF A 10-BAR TRUSS

PROBLEM STATEMENT

This example consists of a truss problem solved herein to illustrate the efficiency and
accuracy of the proposed algorithm in identifying multiple failure modes. The problem is
adapted from Gorman (1979) who has identified all its failure modes using the incremental

loading technique. Comparing the results obtained using the proposed failure mode search
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methodology to the solution provided by Gorman (1979) will confirm that the proposed
Data Mining/Genetic Shredding Algorithm will converge to the correct solution given a

sufficient number of iterations.

16R

Figure 5.1. Ten-bar truss example as adapted from Gorman (1979)

The 10 bar truss is shown in Figure 5.1. The structure has a single degree of

redundancy. Hence, the maximum number of rigid-plastic collapse modes is:

10)_ 10!
" (2) 812! (Fa->-1)
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However, several collapse modes consist of the failure of one element, and other
possible collapse modes are inconsistent with the loading condition. By eliminating these

modes, 19 different significant collapse mechanisms are counted (Gorman;1979).

In this example, all element strengths are independent random variables and follow
normal distributions. The mean value of each element’s strength is shown in Table 5.1. The
COV of each element’s strength is assumed to be 10%. For more details about the problem,

the reader is advised to consult the reference by Gorman (1979).
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Table 5.1 Random variables of ten-bar truss structure

Random Variables Mean Cov Distribution
Type
Strength of member A 15 1.5 Normal
Strength of member B 15 L5 Normal
Strength of member C 15 1.5 Normal
Strength of member D 15 1.5 Normal
Strength of member E 20 2.0 Normal
Strength of member F 20 20 Normal
Strength of member G 25 25 Normal
Strength of member H 10 1.0 Normal
Strength of member I 10 1.0 Normal
Strength of member J 25 25 Normal

FAILURE MODES IDENTIFICATION

The application of the proposed algorithm to identify the failure modes of the 10-bar
truss system begins by randomly creating the first generation of search directions
represented by a set of chromosomes. In this case, the number of chromosomes in each
generation is selected to be 20. based on the rule of thumb of using twice the number of
random variables. The second generation is obtained using the classical Genetic Algorithm
applying the shredding operator. The next step consists of identifying the linkage sets and
pruning these to get the final linkage set for the current generation of chromosomes. A new
generation of chromosomes is then created and the corresponding final linkage set is
identified. The process is assumed to have reached convergence when the number of new

linkages identified from a new generation is less than 10% of the number of linkages already
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identified. For the 10-bar truss being analyzed, the proposed algorithm was stopped after six

generations. In this case, the total number of linkages detected was 439.

The final linkage set identified after six generations was subsequently filtered to
eliminate the cases where two linkages that have completely the same genes but one or more
of those genes have different gene values. In these cases, the linkage that has the higher
reliability index is filtered out. The next step consisted of pruning the failure modes to keep
only the independent modes. This is done based on the failure search principle provided in
the accompanying chapter which states that “if a partial failure mechanism has a high
probability of occurrence, then any subset of elements forming a sub-mechanism of that
partial mechanism must also have a high probability of occurrence”. The filtration process

resulted in the identification of the 19 failure modes listed in Table 5.2.
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Table 5.2 Final failure equations for ten-bar truss

Failure mode| Failure
No. mode No.
(ordered as | (as listed by|  Failure Equation  |Calculated Exact 3
identified by the| Gorman; B
algorithm) 1979)

1 1 Z=R,-9.00 4.000 4.000

2 2 Z=R,~15.00 4.000 4.000

3 9 Z=R.-6.00 6.000 6.000

4 10 Z=Rj-10.00 6.000 6.000

5 5 Z=R,+Ryq-15.00 7.080 7.070

6 18 Z=Rp+0.45R.-14.50| 5.432 5.400

7 3 Z=Rq+045R.-14.50| 5.432 5.400

8 19 Z=Ry+ 1.05R;-13.80| 8.602 8.600

9 11 Z=Ry+1.05Rf-13.80| 8.603 8.600

10 16 Z=R.+233R¢~-30.20| 7.180 7.07

11 6 Z=Rp+2.25R,-1495| 8.341 8.321
12 15 Z=Ry+R;-5.01 10.60 | 10.607

13 14 |Z=Rp,+2.25R; —1493| 8.352 8.321

14 Z=R4q+225R; —1496| 8.338 8.321

15 7 Z =R.+3.00R, —28.60] 6.085 6.037

16 13 Z=Rq+225R, —16.82] 8.396 8.321

17 12 Z=Re+2.14Ry, —~13.22| 9.624 9.615

18 17 Z=Rs+2.14R; —13.12| 9.654 9.615

19 4 Z=R.+5.00R; —2648] 6.080 6.037
Bsystem 3.829 3.829

133

As seen in Table 5.2, the algorithm has clearly identified all the 19 failure modes

listed by Gorman (1979). At the same time, the first two failure modes are recognized as the

critical failure modes for the structural system. Finally, the Tabu algorithm is used to refine

the local search and obtain better estimates of the failure mode directions and the reliability
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indexes for the two critical failure modes and the failure mode equations are obtained as

listed in Table 5.2.

For the system reliability of the structure, if only two critical failure modes are
considered, the result from the proposed algorithm gave a By = 3.833, with a probability of
failure Pr= 6.33%*107. These are compared to Bsys = 3.829 and Py = 6.43*%107° obtained from
10 million cycles of a Monte Carlo Simulation. If local searches are extended to all 19-
failure modes, better estimation of the system’s probability of failure and the system’s
reliability index are obtained. The proposed algorithm provided a Bgs= 3.829, with a

probability of failure Ps= 6.43%107.

SPEED OF CONVERGENCE

The total number of structural analyses required for obtaining the system failure
probability and system reliability index was 314. The Genetic search algorithm using the
benefits of the shredding operator required a total of 120 structural evaluations. The process
of obtaining accurate reliability index values for the identified important linkages and
additional 174 structural evaluations are needed. Finally, during the Tabu local search 10
iterations are used for each critical failure mode resulting in 20 structural analyses. This
large number of iterations was needed in this example in order to identify all the failure
modes. Invpractical situations, only the first two failure modes have significant contributions
to the total probability of failure and system reliability. Hence, a total of about 150 structural

analyses would have been adequate to obtain a good approximation of this truss system’s
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reliability. The next section will provide more information about the convergence criteria

and the sensitivity of the results to the threshold parameters used during the search process.

5.3 SENSITIVITY ANALYSIS

PoPULATION CONVERGENCE CRITERIA

The convergence criterion used above stopped the population generation process
when the number of newly observed linkages is less than 10% of the total previously
identified linkages. Table 5.3 shows how the number of identified linkages changes when
the initial random generator seed used to create the initial population of chromosomes is
changed. For example, for the first case studied (seed 1), we observe that the total number
of linkages identified after the second generation is 266 while the total number of linkages
becomes 326 with the third generation. The final number of modes identified after pruning
is 18 for both cases. The number of failure modes increases to 19 starting with the fourth
generation when the number of new linkages increases by an additional 12.9%. Similar
observations are made for other runs executed using different initial seeds. Table 5.4 shows
how the convergence criterion affects on the average the number of final mode shapes. In
four of the five cases studied, the number of modes identified was 19 when the change in the
number of linkages was less than 10%. The other case led to 18 modes when the number of
new linkages was less than 10%, which in most situations would still lead to an acceptable
assessment of the overall system reliability. Table 5.4 summarizes how, on the average, the

total number of identified failure modes changes with the cut-off value. From Table 5.4, it
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is observed that choosing 10% of the total number of linkages as the threshold is reasonable
since for the cases where the 10% criterion is used, an average of 18.8 failure modes are
identified compared to the actual total of 19 failure modes. It is noted that in all the cases

investigated, the total number of modes would have been identified in 7 or fewer generations.
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Table 5.3 Effect of linkage threshold on convergence

137

Generation Number 2 3 4 5 6 7 8
No. of Linkages before | pqc | 356 | 363 | 415 | 430 | 456 | 488
filtering
Seed 1| No. of Ignkgges after 18 13 19 19 19 19 19
filtering
Ratio=(N;-N;.1)/Ni.1 (%) - 122.6%|12.9%| 12.8% | 5.8% |3.9% | 7.0%
No. of Linkages before | 55 | 364 | 405 | 446 | 493 | 513 | 527
filtering
Seed2| No.of Linkagesafter | 1, \ 4 | 14 | 5 | 17 | 19 | 19
filtering
Ratio (%) -~ 142.7%(11.3%| 10.1% (10.5% | 4.1% | 2.7%
No. of Linkages before | ¢4 | 309 | 367 | 404 | 435 | 452 | 474
filtering
Seed3| No.of Lmk_ages after 16 16 18 13 18 19 19
filtering
Ratio (%) -~ 122.0%(14.0%| 10.1% | 7.7% | 3.9% | 4.9%
No. of Linkages before | 77 | 341 | 467 | 503 | 537 | 620 | 643
filtering
Seed4| No.of Linkagesafter | ¢ | 13 | 19 | 19 | 19 [ 19 | 19
filtering
Ratio (%) - 123.1%{37.0%| 7.7% | 6.8% |15.5%| 3.7%
No. of Linkages before | 1 | 300 | 334 | 351 | 369 | 377 | 471
filtering
Seed 5| No. of I.Jink_ages after 16 17 13 19 19 19 19
filtering
Ratio (%) - 1250%|11.3%| 5.1% | 5.1% |2.2% |24.9%
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Table 5.4 Effect of linkage threshold cutoff criteria on convergence

Convergence Criteria 15% 10% 5%
Average number of failure modes 17.6 18.8 19.0
Number of Generation to Convergence| 4.2 5.8 7.2

3.829 3.829 3.829

Bsystem

LINKAGE PRUNING FITNESS THRESHOLD

The next sensitivity analysis tested the effectiveness of the pruning fitness threshold
value. As mentioned in the accompanying chapter, the criterion used to prune the weak
genes based on their fitness, before assembling the remaining ones into the linkage set C;
and the final linkage sets Li, consisted of keeping the genes whose fitness index value was
above 0.9 times the average fitness. In this section, a sensitivity analysis is performed to
verify that the 0.90-criterion is a reasonable cut-off value. Hence, different cut-off values
ranging from 0.80 to 1.00 are compared. The results are provided in Table 5.5 that shows
how the number of identified failure modes decreases as the cut-off value is increased from
0.80 to 1.0. It is noted that when the threshold is set at 1.0, only two final linkages are
identified which lead to two modes of failure. However, these two modes are the two most

critical failure modes having the lowest reliability index values for the truss system analyzed

in this section.
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Table 5.5 Sensitivity of results to pruning threshold of gene items

Factor
(*mean of fitness value) 0.8 1085 ] 09 {094 095 1.00
Number of Linkages | 1o | 19 | 19 | 17 | 16 | 2
identified

Number of structural
analyses needed 322 | 315 | 294 | 279 | 274 | 232

(excluding Tabu local Search)

Beystem 3.829 |3.829 | 3.829 | 3.829 | 3.829 | 3.833

POPULATION SI1ZE

For the GA algorithm to produce an efficient and robust search strategy, an
appropriate number of chromosomes must be chosen to form each generation of search
directions. If there are too few chromosomes in one generation, the proposed algorithm has
only few possibilities to perform the crossover operation that is necessary for the exploration
of new search directions, and only a small part of the search space is explored. This may
lead to either a large number of generations to reach convergence or even worse, the
proposed algorithm may fail altogether. On the other hand, if there are too many
chromosomes in one generation, the proposed algorithm will be very slow since it would be
difficult for the proposed algorithm to focus on the important search directions.

Several studies have investigated this problem. For example, Deng (2000) gave a
crude population scaling law, which states that the optimum population size should be
related to the number of genes in a chromosomes and the number of possible values that a

gene can take. This law may be represented by an equation of the form
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Npopulation size = order(}\,*bk/ k) (Eq. 52)

Where Npopulation size 1S the optimum population size, A=length of chromosomes, b=2 for
binary coding and k is the average size of the schema of interest (effectively the average
number of bits per parameter). Deng (2000) found that Equation 5.2 is conservative and one

can most likely get by with population at least twice as small.

In this 10-bar truss example, the number of variables is A=10, each of which can be
either 0, 1 or —1. Thus, b is equal to 3. Hence, following Deng’s (2000) suggestion, the

optimum population size should be:

Population size = Order (10%3'/1)/2 = Order (30)/2 = Order (15) (Eq. 5.3)

From Equation 5.3 it is observed that the optimum population size for example 1 reduces to

about 15. To remain on the conservative side, a population size of 20 was selected.

To further check the appropriateness of the proposed approach to determining the
ideal population size, the algorithm is repeated for different population sizes. The results are
shown in Table 5.6, which shows that in this example, a population size of 20 is actually the
optimum value resulting in the algorithm converging after 116 structural analyses. It should
be noted that the nhmber of structural analyses in Table 5.6 does not include the number of

structural analyses needed during the filtration of the local search directions or during the

local Tabu search.
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Table 5.6 Effect of population size on convergence

. . Structural analyses to
Population size
convergence
10 320
16 220
20 116
24 144
30 240
40 242

EFFECT OF RELIABILITY LEVEL

Unlike Monte Carlo simulation methods, the reliability level of the problem does not
affect the speed of convergence of the proposed algorithm. To verify this observation, the
mean values of the truss member resistances is increased or decreased by multiplying them
by a factor ranging from 0.80 to 1.40. The average number of genetic iterations needed for
convergence for each of the cases studied is listed in Table 5.7, which shows that the
average number of generations needed to converge is almost the same regardless of the

actual value of the mean even if the system reliability level increases from [y=2.243 to

Beys=5.595.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Table 5.7 Effect of reliability level on convergence

Ratio of new mean to actual mean Y 0.8 1.0 1.2 14
Number of generations needed 6.0 58 6.2 6.6
for convergence
Bsystem 2.243 | 3.829 | 4917 | 5.595
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Further verifications of the efficiency and accuracy of the proposed algorithm are

provided in the next sections, which present the solutions of realistic large scale complex

structural problems.

5.4 ANALYSIS OF A SIMPLE SUSPENDED CABLE STRUCTURE

The hybrid algorithm proposed in this and the accompanying chapter is used to find

the reliability of a geometrically nonlinear elastic structure. The problem solved in this

section is adopted from the work of Frangopol and Imai (2000). The problem consists of the

symmetric suspended cable structure shown in Figure 5.2. Frangopol and Imai (2000)

calculated the reliability index using a mode enumeration scheme by modeling the structure

as a series of parallel systems having failure surfaces approximated by hyperplanes

(Frangopol and Imai; 2000). In their example, they assumed that the structure is loaded by

two random loads P, and P, applied at the girder. The other random variables that control

the reliability of the structure are the yielding stress of the cable, the yielding stress of the

hangers, and the yielding stress of the girder. The statistical input data is provided in Table
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5.8. The problem first solved by Frangopol & Imai (2000) is repeated in this chapter using
the'proposed hybrid genetic algorithm linked to the commercial general purpose finite
element program ANSYS. The purpose is to verify the capability of the method to solve
Vgeometrically nonlinear problems and to demonstrate the ability of linking the algorithm to a
general-purpose finite element package. This would enhance the potential use of such a
reliability method for solving realistic structural analysis problems. Such capabilities would
prove the flexibility of the proposed algorithm and increase the likelihood of future
implementation of system reliability techniques in practical structural design and analysis

applications.
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Figure 5.2. Suspended structure (pin-supported): (a) geometry and loading
as adapted from Frangopol & Imai (2000)
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Figure 5.3 Suspended structure: (b) cross-sections: cable, hanger rope, and girder
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as adapted from Frangopol & Imai (2000)
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Table 5.8 Random variables of suspended structure

Random Variables Mean c.o.y |Distribution
Type
Load P; (KN) 50 0.3 Normal
Load P, (KN) 50 0.3 Normal
Yield Stress (cable) o, (Mpa) 1500 0.05 Normal
Yield Stress (hanger) o, (Mpa) 1000 0.05 Normal
Yield Stress (girder) o, (Mpa) 250 0.05 Normal

The structural system consists of one main suspension cable divided into three
elements. The cable carries a single girder supported by two hanger ropes. The cross-
sectional area of the cable is deterministic (Ac=225mm2). The same cross sectional area A,
= 100mm? is assumed for the two hanger ropes. The girder’s area, Ay is 2,450mm? with the
cross section shown in Figure 5.3. The deterministic modulus of elasticity of the cable and
hanger ropes is assumed to be the same, E=150GPa. The cross-section of the girder has the
moment of inertia I, = 31,920,920 mm* and the plastic section modulus Z, = fI,/(h/2), where
f, the ratio of the fully plastic moment to the yield moment, is equal to 1.167. The girder is
pin-supported at both ends and its modulus of elasticity is E = 200 GPa. The statistics of the
random variables considered in the reliability analysis are listed in Table 5.8. All the
variables are assumed to follow normal distributions. The resistances of the girder cross-
sections at points 6 and 6', and 7 and 7' are assumed to be fully correlated. These are the

same values assigned in the example solved by Frangopol & Imai (2000).

During their enumeration, Frangopol & Imai (2000) defined the system failure of the

structure using three different criteria as follows:
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e Criterion A: failure of any of the seven cross-sections;
» Criterion B: failure of any two of cross-sections 4-7;

» Criterion C: failure of any three of cross-sections 4-7.

For the geometrically nonlinear elastic behavior, based on First-Order Reliability
Methods (FORM), Fangopol & Imai (2000) obtained a reliability index value $=2.054 for

Criterion A. The reliability index § = 5.188 and 3 = 5.438 are calculated for Criteria B, C

v

respectively.

To study the possibility of solving the same problem using the proposed hybrid
algorithm, the general structural Analysis software ANSYS 7.0 is applied to model the
failure of the same suspension bridge. The same three failure criteria used by Frangopol &
Imai (2000) are adopted to verify the accuracy of the proposed algorithm. The results for
criterion A, B and C obtained from the Genetic Algorithm are $=2.06, 5,214 & 5.527
respectively which are reasonably close to the values represented by Frangopol & Imai
(2000). Furthermore, an additional criterion defined as the collapse of the structure is also
introduced. Theoretically, collapse is observed when as a consequence of an incremental
increase in the applied load, the displacement of the structure goes to infinity. This occurs
when the stiffness matrix becomes singular. In the cases where a numerical value is
obtained from the program, infinity is assumed to coincide to be 100-fold (or larger)

increase in the displacement when the load is increased by ten percent.
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The final results of the reliability analysis after completing the refined Tabu local
search are compared with those of Frangopol and Imai (2000). The results are listed in Table |
5.9, which once again prove the accuracy of the proposed algorithm. Convergence was
reached after about 70 structural evaluations at which time the algorithm identified three
important failure modes. For the criterion “collapse of the structure”, the direction cosines

and the reliability index values for this case are listed in Table 5.10.

Table 5.9 Comparison of genetic algorithm results to available values

Systerrllnl({izi(lablhty I;;::ig(ongéo‘? Proposed Algorithm
Criterion A 2.054 2.060
Criterion B 5.188 5.214
Criterion C 5.438 5.517

Collapse of Structure -- 5.232

Note: pin-supported geometrically nonlinear ductile system
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Table 5.10 Final search results for suspended structure

Failure Direction Cosines

Mode 1 2 3 4 5 P
1 0572 0668 0075 0471 0 5.266
2 0529 0609  0.139 053 022 5418
3 0751  0.66 0 0 0 5.848

If all three failure modes are considered, the probability of failure of the system is

obtained as:

R UZUZ)=F(Z)+F(Z)+F,(Z,)
~F (41 Z)-FZ]1 Z2)-F(Z,1 Z)+F(Z1 Z,1 Z)
= DAHDLHDL) (Eq. 5.4)
- CI)(—,@ v':@ ’:q,z) - (D('A "ﬂ.» ’Ag) _(D(‘:@ ":@ »023) + (D(‘ﬁ ":@ "A > ﬂ,zg)
=8.53*10°

Resulting in a system reliability index s equal to:

Beys = -®7(Py) = 5.226 (Eq. 5.5)

If only the first and second failure modes are considered, the probability of failure

and the system reliability index become:

P,(zUZ,)=P,(Z)+P(Z,)-P,(Z1 Z,)

= q)('ﬂl )+q)(‘:32)_(b('ﬂ1 7",32 ,/01,2) (Eq 56)
= 8.39*10°
Beys = - (Pp) = 5.232 (Eq. 5.7)
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If only the first failure mode is considered, the results become:
Pr=6.98%10°, By, = 5.266 (Eq. 5.8)

This shows that the contribution of the third failure mode to the total probability of failure is

less than 5%.

The example solved in this section demonstrates that the proposed algorithm
provides an accurate and efficient method for solving practical structural reliability problems.
A very important feature is the ability of linking the algorithm with available finite element

packages to facilitate its use by practicing engineers and use realistic models of the

structures being analyzed.

5.5 ANALYSIS OF CABLE-STAYED BRIDGE EXAMPLE

The hybrid algorithm proposed in this and the preceding chapter is finally applied to
demonstrate the capability of the proposed algorithm to identify the important failure mode
and the system reliability of a large geometrically nonlinear structure. The realistic model of
a cable-stayed bridge consists of one support tower and the symmetric cable stayed system
shown in Figure 5.4. The steel box girder has the cross section shape shown in Figure 5.5.
The dimensions of the girder, however, vary so that the girder sectional properties can be
divided into three categories as listed in Table 5.11. The determiﬁistic modulus of elasticity
of the three girders is assumed to be the same, E = 2.1*10° MPa, and the yielding stress is o,
= 345 MPa. The total length of the bn"dge 1s 1024 meters. The height of the main tower is

269.95 meters as shown in Figure 5.6. In this analysis, since the tower is very stiff
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compared to the other members, the components of the tower are modeled as rigid elements.
There are total 35 stay cables whose design tension stress is 1860MPa and modulus of
elasticity E=1.95x10°MPa. The typical span between the cables is 15 meters except for the

leftmost part of the bridge, where the cables are spaced 9 meters apart.
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Table 5.11 Geometric properties of main girder of cable stayed bridge

Self Weight Area I« Iy
(KN/M) (m?) (m*) (m*)
Section 1 215.6 2.544 10.164 261.748
Section 2 2234 2.278 9.078 226.203
Section 3 245.0 1.743 6.755 168.786
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Figure 5.5. Typical cross section of main box girder
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Figure 5.6 Support tower of cable stayed bridge
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The random variables considered in this example include the live load, dead load,
moment capacities of the three different cross sections of the main box girder, as well as the
strengths of the 35 stay cables. The nominal values, biases, COV’s and distribution types of
all the variables are listed in Table 5.12. The biases and COV’s of the live and dead loads
are the same as those used by Imai & Frangopol (2002) who also assumed that these
variables follow extreme type I, and normal distributions respectively. In Table 12,
assuming structural degradation of the stay cables, the biases of all cables’ strengths are
assumed to be 0.74 for the 75-year service life. The structural reliability of service life is a
time dependent problem. However, to simplify the problem, it is assumed that the biases of
cable strengths are constant over the whole service life. All 40 random variables are

assumed to be statistically independent.
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Table 5.12 Random variables of cable stayed bridge

\I\’Ii‘l’i‘;‘g’;f Variables N\‘;z}‘u‘:“ Bias | COV D‘StT“yt;:“’“
1 Live Load 129.78KN/M 105 | 02 Extrerr;e Type
2 Dead Load See Table 11 1.03 | 0.08 Normal
3 M., of Main Girder Section 1 | 1,353,456 KN-M | 1.05 | 0.i1 Normal
4 M., of Main Girder Section 2 | 1,205,740 KN-M | 1.05 | 0.11 Normal
5 M_,, of Main Girder Section 3 | 889,777 KN-M 1.05 | 0.11 Normal
6 Yield Strength Cable # 1 (KN) 16,665.6 074 | 0.2 Normal
7 Yield Strength Cable # 2 (KN) 13,020.0 074 } 0.2 Normal
8 Yield Strength Cable # 3 (KN) 13,020.0 0.74 | 0.2 Normal
9 Yield Strength Cable # 4 (KN) 18,228.0 074 | 0.2 Normal
10 Yield Strength Cable # 5 (KN) 18,228.0 0.74 | 0.2 Normal
11 Yield Strength Cable # 6 (KN) 18,228.0 0.74 0.2 Normal
12 Yield Strength Cable # 7 (KN) 18,228.0 074 | 0.2 Normal
13 Yield Strength Cable # 8 (KN) 18,228.0 074 | 0.2 Normal
14 Yield Strength Cable # 9 (KN) 19,269.6 0.74 | 0.2 Normal
15 |Yield Strength Cable # 10 (KN) 20,311.2 074 | 0.2 Normal
16  |Yield Strength Cable # 11 (KN) 21,352.8 074 | 0.2 Normal
17 |Yield Strength Cable # 12 (KN) 22,3944 074 | 0.2 Normal
18  |Yield Strength Cable # 13 (KN) 23,956.8 074 | 0.2 Normal
19  |Yield Strength Cable # 14 (KN) 26,560.8 074 | 0.2 Normal
20  |Yield Strength Cable # 15 (KN) 26,560.8 074 | 0.2 Normal
21  |[Yield Strength Cable # 16 (KN) 26,560.8 0.74 | 0.2 Normal
22 |Yield Strength Cable # 17 (KN) 26,560.8 074 | 0.2 Normal
23 |Yield Strength Cable # 18 (KN) 27,081.6 074 | 0.2 Normal
24 |Yield Strength Cable # 19 (KN) 27,081.6 0.74 | 0.2 Normal
25 |Yield Strength Cable # 20 (KN) 31,248.0 074 | 0.2 Normal
26  |Yield Strength Cable # 21 (KN) 31,248.0 074 | 0.2 Normal
27  |Yield Strength Cable # 22 (KN) 31,248.0 0.74 | 0.2 Normal
28 Yield Strength Cable # 23 (KN) 28,644.0 0.74 0.2 Normal
29  |Yield Strength Cable # 24 (KN) 31,768.8 074 | 0.2 Normal
30 Yield Strength Cable # 25 (KN) 31,768.8 0.74 0.2 Normal
31  |Yield Strength Cable # 26 (KN) 31,768.8 074 | 02 Normal
32 |Yield Strength Cable # 27 (KN) 31,768.8 074 | 02 Normal
33 |Yield Strength Cable # 28 (KN) 31,768.8 0.74 | 0.2 Normal
34 |Yield Strength Cable # 29 (KN) 31,768.8 0.74 | 0.2 Normal
35 Yield Strength Cable # 30 (KN) 31,248.0 0.74 0.2 Normal
36  |Yield Strength Cable # 31 (KN) - 31,248.0 074 | 0.2 Normal
37 Yield Strength Cable # 32 (KN) 31,248.0 0.74 0.2 Normal
38  ]Yield Strength Cable # 33 (KN) 30,727.2 074 | 0.2 Normal
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39  |Yield Strength Cable # 34 (KN) 30,727.2 0.74 | 0.2 Normal
40  |Yield Strength Cable # 35 (KN){  30,727.2 074 { 0.2 Normal

In a first step of the analysis, all the resistance variables are multiplied by a reduction
factor equal to 0.3. This is done to reduce the probability of failure, Py, so that the analysis
can be performed using classical Monte Carlo Simulation. The failure equation can then be

roughly represented y the equation:

Z=0.3R-S (Eq. 5.9)

Applying the Monte Carlo Simulation direct sampling option in ANSYS 7.0 with

300 cycles, the probability of failure and the system’s reliability index were found to be:

Pr = 1.93*10™ - (Eq. 5.10)
Bsys = 0.866 (Eq. 5.11)

Using the proposed Data Mining/Genetic Algorithm, the failure modes are identified,

and the system reliability index as well as the probability of structural failure are obtained as:

P; = 1.87*10! (Eq. 5.12)
B sys = 0.889 (Eq. 5.13)

In this case, the total number of structural analyses required for convergence
happened to be equal to 300. Comparing the results of the proposed algorithm with those of
the Monte Carlo Simulation, it is noticed that the proposed algorithm provides reasonably

accurate results. The analysis was stopped after identifying the first three failure modes.
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Improved accuracy can still be obtained if the simulation is continued so that a larger
number of modes are identified. Another reason for the difference is the assumption that all

failure modes can be approximated by first order equations. For this particular problem, this

is not necessarily the case.

Ignoring the 0.3 reduction factor used in the previous test case, the reliability
analysis of the céble-stayed bridge is performed using the proposed algorithm with the
original data of Table 5.12. The analysis was stopped after the three most important failure
modes are identified. If L represents the live load, D represents the dead load, G; represents

the resistance of girder section i and C; represents the resistance of cable j, the most critical

failure equation, Z;, and the reliability index, B,1, are given as follows:

Z, =3.374G, + 2.4G, +1.1G, +0.79C, +0.451C, +0.72C, +1.026C,, +
1.227C,, +1.082C,, +1.381C,, +0.473C, +0.711C, +1.284C,, + (Eq. 5.14)
1.085C,, +0.85C,, +0.741C;, ~1.421L—10.89

Bzi=4.791 (Eq. 5.15)

Some valuable information can be obtained from this dominant failure mode. For
example, the dead load is found not to be a critical parameter that would affect the system
reliability. This is most probably due to its low COV. From a design optimization point of
view, the cables that don’t show in this failure mode can bé considered to have been
overdesigned. More sensitivity analyses can be performed to analyze different girder box

sections, different load conditions, and cable strength to obtain a more efficient design.

For the second failure mode, the failure equation and reliability index are obtained as:
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Z, = 2.646G, +2.292G, +1.392C, +1.986C,, +1.859C,, +1.219C,, +

(Eq. 5.16)
1.356C,, +1.158C;, +0.83C,, +0.81C,; —1.336L ~1.427D — 4.592

Bz=5.379 (Eq. 5.17)
For the third failure mode, the failure equation and reliability are:

Z, =1.223G, +2.694G, +0.45C, +0.535C, +0.615C,, +0.445C,, +
1.836C, +0.743C, +1.866C,, +1.347C,, +1.193C,, +1.018C,, + (Eq. 5.18)
0.572C,, +0.648C,, +1.417C,, —1.089L - 6.822

Bzz=5.931 (Eq. 5.19)
The system reliability when all three failure modes are considered is:

Beys = 4.7819 (Eq. 5.20)
Ps= 8.68*107 (Eq. 5.21)

When only the two failure modes are considered, the system reliability becomes:

Beys = 4.7820 (Eq. 5.22)
Ps=8.68%107 (Eq. 5.23)

This shows that in this example, the first failure mode is dominant and the system’s

reliability can be well estimated when the first two modes are considered.

The long span cable-stayed bridge example solved in this section demonstrates the
accuracy, efficiency and high flexibility of the proposed algorithm and its ability to be

combined with general-purpose finite element programs to perform the reliability analysis of
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complex structural system. As briefly mentioned above, the results of such analyses can be

used to optimize the design of such structures and identify the most critical failure modes.

5.6 CONCLUSIONS

This chapter solved several structural reliability problems to illustrate the
applicability of the hybrid Data Mining/Genetic Shredding Algorithm proposed in the
preceding chapter. The algorithm is tested to verify its robustness. Sensitivity analyses are
performed to investigate the parameters that affect the convergence speed and accuracy of
the proposed procedure. Combined with a general-purposed finite element program, the
proposed algorithm is successfully applied to solve reliability problems of various structural
systems considering typical geometrically nonlinear elastic behavior or plastic behavior.
Furthermore, the solutions of a complex cable stayed bridge example is provided to
demonstrate the applicability of the proposed algorithm for estimating the system reliability
of complex structural systems. Due to its flexibility, it is expected that the implementation of
algorithms similar to the one proposed in this chapter will be helpful in increasing the
application of reliability methods in the process of structural design, rehabilitation, and

strengthening.
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CHAPTER SIX

CONCLUSIONS AND PROPOSED FURTHER RESEARCH

6.1 CONCLUSIONS

The goal of this Ph.D. Dissertation was to develop efficient and accurate simulation
methods to evaluate the reliability of complex structural systems. To achieve the goals of
this research, two hybrid genetic search algorithms have been proposed. The first method is
based on the linkage learning process described by Kargupta (1995), while the second is based

on the principle of data mining. The main achievements of the study include:

¢ A modified hybrid linkage-learning/shredding operator algorithm is developed to join
the benefits of the linkage operators first proposed by Kargupta (1995) to those of the
shredding operator proposed by Deng (2000). The algorithm is able to to identify
multiple equally important failure modes and find their reliability indexes.

e New efficient and robust convergence criteria applicable to reliability problems have
been proposed to improve the convergence to local optima as well as the global
optimum.

e The efficiency of genetic search algorithms has been further improved by proposing a
new hybrid Data Mining/Genetic Shredding Algorithm. The method is based on the
Apriori algorithm originally proposed by Agrawal (1994) and modified for the
identification of different structural failure modes in complex structural systems. A new

linkage learning process is developed based on the Apriori algorithm to explore the
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standard normalized random variable space for “good” search directions. The proposed
Data Mining/GA algorithm is shown to be efficient reducing the number of operations
needed to reach convergence.

e A new filtering criterion based on the general principle of structural failure mechanisms
is proposed to identify the independent failure modes.

e A Tabu local search process is added to the hybrid algorithms to refine the search and
find accurate solutions that may not necessarily lie in the directions that were pre-set
during the original genetic coding.

e The hybrid GA algorithm was extended to help identify the most likely failure modes
and identify the variables and sub-mechanisms that contribute the most to the failure of
structural systems.

e Sensitivity analyses were performed to study the effect of various parameters on the
robustness of the proposed algorithms and their speed of convergence.

e The GA procedure was generalized to solve time dependent reliability problems
including deteriorating structural systems by discretizing the life of the structure into
several time intervals.

e Illustrative examples and benchmark test problems have been solved to verify the
accuracy and efficiency of the proposed method.

e The proposed algorithm was combined with a general-purpose finite element program to
find the important failure modes of two-geometrically nonlinear structural cable systems.
The results demonstrated the suitability of the proposed methods for practical

implementation in engineering practice
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6.2 FURTHER RESEARCH

This study developed hybrid genetic search algorithms for identifying the multiple
failure modes of complex structural systems. The new methods are developed to combine
the benefits of the pattern identification ability of Data Mining techniques to the capacity of
the Shredding GA operators to explore new significant search domains. The results obtained
confirmed the efficiency and accuracy of the proposed methods for application during the
reliability analysis of complex structural systems. The long-term benefits of the proposed
techniques will help engineers design new structural systems to meet optimum levels of
safety and reliability. The methods can also help in the reliability assessment of existing
structures to guide the inspection and rehabilitation process. More work is needed to extend
the range of the application of the proposed methods. Specifically, the following additional

tasks could be performed in the future:

e In the current study, the limit state functions were assumed to be linear in order to
simplify the process of calculating the probability of failure P; However, generally
speaking, the limit state functions are not planar in the normalized random variable, U,
space nor are they independent. The nonlinearity of the limit state functions can be
accounted for by using higher order methods based on SORM. Simultaneously, the
work of Melchers (2001) can be extended to further improve the estimation of the joint
probability of failure between piecewise linear segments of the limit states by exploring

the intersection between the discretized failure mode segments.
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e The efficiency of the structural analysis during the search process can be drastically
improved by developing efficient re-analysis techniques that can use the information
obtained from previous steps of the search process. For example, at each step of Tabu
local search, only a limited number of structural members are changed. The solver
developed by Deng and Ghosn (2001) proved to provide a dramatic improvement of
computational efficiency for structural redesign and optimization problems by reducing
the computational effort by a factor 4. The application of such algorithms in the
reliability analysis would drastically improve the efficiency of the reliability analysis to
manageable levels so that real world problems with large numbers of random variables
can be solved on desktop computers.

e Future research should also demonstrate how the proposed methods can be Applied to
improve the structural design and assessment of complex structural systems. The
objective would be to optimize the design process using reliability constraints and
provide guidelines for advanced performance-based design techniques based on
reliability principles.

e In previous research, it has been found that the solution of random vibration problems
using FORM methods are difficult to implement due to the inefficiencies of existing
algorithms. For example, Der Kiureghian (1996) investigated the geometry of random
vibration problems in the space of standard normal random variables by discretizing the
input process. His research showed that for linear systems subjected to Gaussian or non-
Gaussian excitations, the problems of interest can be characterized by linear or non-
linear geometric forms, such as vectors, planes, half spaces, wedges and ellipsoids.

Approximate solutions for such problems could be obtained by first- and second-order
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reliability methods (FORM and SORM). Through discretizing the service life of the
structure into several time intervals, the failure probability of a time—dependant problem
can be estimated with high accuracy. However, the process is found to be extremely
time-consuming. Future research relying on the methods developed in this dissertation

may lead to improving the efficiency of time dependent analyses by using hybrid genetic

algorithms.
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