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Advanced Probabilistic Structural Analysis Method
for Implicit Performance Functions

Y.-T. Wu,* H. R. Millwater,* and T. A. Cruset}
Southwest Research Institute, San Antonio, Texas 78228 0510

In probabilistic structural analysis, the performance or response functions usually are implicitly defined and must
be solved by numerical analysis methods such as finite-element methods. In such cases, the commonly used
probabilistic analysis tool is the mean-based second-moment method, which provides only the first two statistical
moments. This paper presents an advanced mean-based method, which is capable of establishing the full probability
distributions to provide additional information for reliability design. The method requires slightly more computa-
tions than the mean-based second-moment method but is highly efficient relative to the other alternative methods.
Several examples are presented to demonstrate the method. In particular, the examples show that the new
mean-based method can be used to solve problems involving nonmonotonic functions that result in truncated

distributions.

Nomenclature
F = cumulative distribution function
f = probability density function
o = natural frequency
H = higher-order terms
n = number of random variables
P[] =probability of
Py = probability of failure
u = standard normal variable
X = design random variable
X = real number associated with X
VA = response function or performance function
Z, = linear approximation of Z
7,2,  =real number associated with Z
u = mean value
a = standard deviation
v = Poisson’s ratio
0] = standard normal cumulative distribution function
Superscript
* = most probable point

Introduction

he need to address the uncertainties in a design has long

been recognized. Traditionally, designers use safety fac-
tors to provide confidence. However, the safety factor ap-
proach is questionable because it usually does not take into
account the underlying probability distributions. For exam-
ple, consider the u + 30 design approach. Assuming that the
underlying distribution is Gaussian, then the probability of
exceeding the three standard deviation bounds is 0.0027. In
practice, however, non-Gaussian distributions are not uncom-
mon, and the true probabilities cannot be determined without
the knowledge of the underlying distributions. For consistent
reliability design, therefore, it is important to determine the
probability distributions. Unfortunately, the evaluations of
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the probability distributions for structural performance func-
tions generally involve complicated numerical computations
that prohibit the use of the standard Monte Carlo simulation
method.

Because of the preceding problem, a commonly used
method in probabilistic structural analysis is the mean-based
second-moment method, which is used to obtain the mean
and the standard deviation of the unknown distribution.!?
However, without the knowledge of higher moments, the first
two statistical moments can only provide a probability bound,
which is, according to Chebyshev’s inequality,

L
P{X —p|zKo} <+ )

where K is a real number. This probability bound is known to
be generally too conservative. For example, for K =3, the
probability bound is 0.11, which is far greater than the value
0.0027 for a normally distributed random variable. In general,
more than two moments will be required to “define” a
distribution.

Recently, numerical methods have been proposed to com-
pute higher statistical moments and to establish the cumula-
tive distribution function (CDF) by curve fitting.>* These
efforts recognize the need for defining the full distribution.
However, these numerical moment methods generally must
compute the performance function (e.g., the structural re-
sponse) at well-designed calculation points (e.g., quadrature
points) and tend to be inefficient as the number of random
variables is large. A more effective procedure is therefore
needed to establish the CDF, one that can be used for implicit
performance functions where the performance or response of
the system to changes in random variables is not explicit.

A probabilistic structural analysis computer program,
NESSUS, is being developed as part of a Probabilistic Struc-
tural Analysis Methods (PSAM) program funded by
NASA.>¢ To compute the structural response CDF effec-
tively, a new probabilistic analysis tool called the advanced
mean-value, first-order method’ (AMVFO) has been devel-
oped. The major feature of this method is its capability to
approximate the CDF with few extra computations, relative
to the mean-based second-moment method. In this paper,
since only the first-order method is presented, the AMVFO
method will be abbreviated as the AMV method.

This paper summarizes the previous AMV method and its
limitations to certain nonlinear performance functions and
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presents a generalized AMV method that is applicable to
more general nonlinear performance functions. In this paper,
the generalized AMV method will be applied to several exam-
ples to demonstrate the effectiveness of the method in generat-
ing the CDFs for strongly nonmonotonic performance
functions.

Review of Probabilistic Structural Analysis Methods

In structural reliability analysis, a “performance function”
or “limit state function” g(X) is often formulated in terms of
a vector of basic design factors X = (X,,X5,...,X,,) in which X;
are random variables. In this paper, it is assumed that X is a
vector of mutually independent variables. Dependent random
variables can be treated using transformations,”®!!

The limit state which separates the design space into “fail-
ure” and “safe” regions is g(X) = 0. The probability of failure
is

py=Plg <0] )

An exact solution of p, requires the integration of a multiple
integral denoted as

pr= j fo(x) dx (3
Q

where f,(x) is the joint probability density function of X, and
Q is the failure region. The solution of this multiple integral
is, in general, extremely complicated. Alternatively, a Monte
Carlo solution provides a convenient but usually time-con-
suming approximation. For practical purposes, efficient, ap-
proximate dnalysis tools are needed. Current approaches,
based on analytical approximation methods, include a fast
probability integration algorithm® and the first- and second-
order reliability methods.®

For each limit state, the most probable point is defined as
follows. First, transform the nonnormal variables X to stan-
dard, normal variables u using the following transformation:

x=Fx'[0@)] (4

On the limit-state surface, g(u) = 0, the most probable point is
the point that defines the minimum distance from the origin,
u =0 to the limit-state surface. This point can be found by an
optimization scheme or other iteration algorithms such as the
Rackwitz-Fiessler algorithm *!°

Define Z(X) as 4 structural performance function; the CDF
of Z(X) can then be formulated as

P(Z < z2p) = Fz(z) =j fo(x) dx (5)

Z < zg

By varying z,, a series of limit states can be formed. A
most-probable-point-locus can be defined by connecting the
most probable points.

In theory, it is possible to repeatedly apply the previous
structural reliability methods to compute the CDF. In reality,
however, many problems may occur. The problems include
inefficiency and convergence instability due to search al-
gorithms and multiple minimum distance points. Thus, there
is a need to develop a more efficient and robust procedure to
establish the CDF.

Mean-Based Methods

Assume that the Z function is ‘“smooth” or can be
smoothed, and Taylor’s series expansion of Z exists at the
mean values. The Z function can be expressed as

~ r (0Z
Z(X) =Z(")+~‘_v‘ <5—X>'(Xi-#i)+H(X)

=ay+ Z a;X; + H(X)

i=1

=Z,(X) + HX) (6

ATAA JOURNAL

where the derivatives are evaluated at the mean values; Z; is
a random variable representing the sum of the first-order
terms, and H(X) represents the higher-order terms. The mean-
based methods are defined as the methods based on the mean
values expansion.

Mean-Value First-Order Method

By retaining only the first-order terms, the mean and the
standard deviation of Z are:

Hz = ay+ z a;ly, (N

n
oz~ Y a}ck, (8

These two statistical moments can be computed easily after
the coefficients g; are computed. In structural analysis, there
are several ways of obtaining g; including the direct differenti-
ation method and the adjoint method.? The NESSUS code
utilizes iterative perturbation algorithms!? to efficiently com-
pute the Z functions around an x and uses the solutions to
estimate ;. In general, the coefficients a; can be computed by
numerical differentiation and the minimum required number
of Z-function evaluations is (n + 1).

Equations (7) and (8) constitute the mean-based, first-
order, second-moment method. However, when the probabil-
ity distributions, not just the first two moments, of X; are fully
defined, the CDF of the first-order terms Z; is also fully
defined. Since the Z, function is linear and explicit, its CDF
can be computed effectively using many methods, including
the structural reliability analysis methods mentioned earlier.
Thus, the mean-value first-order (MVFO, abbreviated as
MYV) solution defines the CDF of Z,, not just the two
moments.

For nonlinear Z functions, the MV solution is, in general,
not sufficiently accurate. For simple problems, it is possible to
use higher-order expansions to improve the accuracy. For
example, a mean-value second-order (MVSO) solution can be
obtained by retaining second-order terms in the series expan-
sion. However, for problems involving implicit Z functions
and large n, the higher-order approach becomes difficult and
inefficient. The AMV method described below provides an
alternative to improve the MV solution with minimum addi-
tional Z-function evaluations.

Advanced Mean-Value First-Order Method”**

The AMYV method takes the MV solution one step further
to compute the CDF. The key to the AMV method is the
reduction of the truncation error by replacing the higher-
order terms H(X) by a simplified function H(Z,) dependent
on Z,. Ideally, the H(Z,) function should be based on the
exact most-probable-point locus (MPPL) of the Z function to
optimize the truncation error. The AMV procedure simplifies
this procedure by using the MPPL of Z,. As a result of this
approximation, the truncation error is not optimum; however,
because the Z-function correction points are generally “close”
to the exact most probable points, the AMYV solution provides
reasonably good CDF estimations.

The stepwise AMV (first-order) procedure can be summa-
rized as follows:

1) Obtain the Z, function based on perturbations about
the mean values.

2) Compute the CDF of Z; at selected z, points using the
fast probability integration method (other approximation
techniques such as the first- and second-order reliability meth-
ods can also be used).

3) Select a number of CDF values that cover a sufficiently
wide probability range.

4) For each CDF value, identify the most probable point
x*,
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5) Recompute Z(x*) to replace 2, for the same CDF in the
previous step.

The preceding steps require the construction of the Z, func-
tion only once for all the CDF levels. Assuming that a numer-
ical differentiation scheme is used to define the Z; function,
the required number of the Z function evaluations is (n + 1
+ m), where n is the number of random variables and m the
number of CDF levels.

Iteration Algorithms

The accuracy of the preceding AMV method can be further
improved by using the exact MPPL to define the H function.
Based on the AMYV results, two iteration algorithms, one for
specified probability level and the other for specified Z level
have been proposed’ to improve the CDF estimates. For
completeness, the suggested algorithms for specified probabil-
ity level, which will be used in the demonstration examples, is
summarized in the following steps:

1) Construct the Z, function, initially mean-based, and
search for z, such that P[Z, < z;] = probability goal.

2) Use most probable point of Z; =z, and recompute Z.

3) Obtain the new Z, function around the most probable
point of Z,=z,.

4) Repeat the above steps unitl z, converges.

In general, the above steps require the construction of the
Z, function several times. Therefore, for complicated Z func-
tions which require extensive computations, efficient sensitiv-
ity computation schemes are preferred in updating the Z,
function.

To illustrate the AMV (first-order) method and the itera-
tion algorithm, consider an example where the Z function is
the first bending natural frequency of a cantilever beam. This
frequency can be approximated as

Er?
£, =0.5602 /1'—2’)—[4 (9)

where E is the modulus of elasticity, # is the thickness, p is the
material density, and L is the length.

By numerical differentiation, at the mean values of the
random variables, the following first-order approximation can
be obtained using the results of five Z-function [i.e., Eq. (9)]
evaluations.

fu=ay+aE+at+ap+a,l (10)

Based on Eg. (10), an MV CDF solution can be obtained as
shown in Fig. 1. Note that the CDF solution is plotted on a
normal probability paper.

The preceding MV solution is exact if £, is a linear function
of the four random variables. However, since Eq. (9) is a
nonlinear function, Eq. (10) is subjected to error in the
regions away from the mean values. For each selected proba-
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Fig. 1 AMY method and iteration procedure.
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Fig. 3 Modified AMYV solution for convex Z function.

bility, the AMYV solution is obtained by calculating £, at the
most probable point (E*,t*,p* L*) obtained using Eq. (10).
This requires one function evaluation of f, for each selected
probability.

In Fig. 1, three points are shown at a selected probability
level (CDF = 0.003%). Point 1 is the MV solution, point 2 is
the AMYV solution, and point 3 is the AMV solution using the
described iteration algorithm.

Generalized Advanced Mean-Value Method

The previous AMV (first-order) method and the associated
iteration algorithms have been applied to a set of selected
problems to validate the NESSUS code.!® In those tested
examples, the AMV method provided satisfactory solutions.
In fact, the errors in the AMV probability solutions were
often much less than the errors due to the finite-element
modeling. However, recently it has been found that this AMV
method has one weakness analogous to the “multiple mini-
mum distance points” problem in structural reliability analy-
sis. No general solution procedure was available to solve this
problem except the Monte Carlo method. However, when the
Z function is a strongly nonmonotonic function of x, the
AMV-based CDF solution may suggest that the Z function is
a strongly nonmonotonic function of Z,. Based on this
information, modified AMYV solutions can be developed.

Based on its formulation, the previous AMV solution pro-
cedure inherently assumes one H value for each Z value.
Thus, the method is suitable if there exists only one significant
most probable point for a Z value. It may be suspected that
the CDF result may be in great error if there is more than one
Z, solution regions for some Z values. This could happen
when the performance function is strongly nonmonotonic.

To alleviate the problem, a generalized AMV method can
be formulated by assuming that Z is a function of random
variable Z,. Since the AMYV solution provides the CDF of Z,;
(the MV solution) and also the relationship between Z and Z,
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(the AMYV solution), the CDF of Z is uniquely defined. This
formulation, of course, is approximate because the relation-
ship between Z and Z, is only approximate. However, this
approximation does not require any extra Z-function calcula-
tions and is able to provide the information on the character-
istic of the Z function (e.g., monotonic or nonmonotonic) and
to suggest a CDF modification procedure.

In general, a more accurate solution would require first the
identification of all the significant most probable points and
then the modification of the probability solution by assuming
multiple-limit states. The system reliability analysis methods,
particularly the reliability bounds theory,'® may be applied to
estimate the probability. For practical purposes, however,
such an analysis procedure may be too complicated to use. In
the following, a simple procedure for computing an approxi-
mate solution is proposed.

For the cases where the Z function is a concave- or a
convex-like function of Z,, a simple modification procedure
based on the generalized AMV method can be summarized as
follows: 1) For a concave function, the CDF plot would
identify a minimum value of z, z;,. For z >z, two CDFs,
F, and F,, can be identified for each z. Let F, > F,; the
modified CDF, based on the theory of functions of one
random variable, is simply (F, — F,). 2) For a convex func-
tion, a z,,, can be identified. For z < z,,,., the modified CDF
is {1 — (F, — F,)]). The procedure to modify the AMV solution
is illustrated in Figs. 2 and 3 for concave and convex Z
functions, respectively. Note that these two figures represent
the cases where there are two Z, solutions for some Z values;
i.e., they are analogous to the two most-probable-point cases.

Applying the theory of functions of one random variable, it
is straightforward to extend the procedure to the situations
where there are more than two Z, solutions for a Z value.
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Fig. 4 NESSUS validation problem.
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Table 1 Variables for example 1

Variable Mean Cov? Distribution
E 6.895E + 4 MPa 0.03 Lognormal
L 0.508 m 0.01 Normal
t 0.0249 m 0.01 Normal
& 0.05 0.01 Normal
W, 6.45E — 4 m?/s>-rad 0.10 Lognormal
p 22.26 kg/m? 0.02 Normal

2Coeflicient of variation.

Table 2 Variables for example 2

Variable Mean Standard deviation
[CH —Sdeg 3.87 deg
0, 2 deg 3.87 deg
0, 3deg 3.87 deg
E, 1.267E + 5 MPa 0
E, 1.267E + S MPa 0
G 1.285E + 5 MPa 0
Ve 0.386 0
v, 0.386 0
L 0.254 m 0
t 0.0254 m 0
p 716.9 kg/m> 0

However, it should be noted that, when a function is ex-
tremely nonlinear (e.g., a sinusoidal wave shape), the number
of CDF points required to fully describe the nonlinear shape
may be high; therefore, care should be exercised to generate
sufficient AMYV solution points to accurately define the shape.
When a highly nonlinear shape is detected, it may be neces-
sary to perform a Monte Carlo study to supplement the AMV
solution. A procedure that applies an importance sampling
technique to confirm or improve the AMV solution is cur-
rently under development.

Numerical Examples

Three examples are selected to demonstrate the AMV
method. The first example shows the typical AMYV solution in
which the CDF does not appear to have truncation limits. In
this case, no modification to the AMYV solution is needed. The
remaining two examples involve strong nonmonotonic perfor-
mance functions that can be solved using the generalized
AMYV method as just described.

Example 1: Random Vibration

This problem was developed to test the NESSUS random
vibration capabilities. In this example, a cantilever beam is
subjected to random base excitation. The random variables
include the modulus of elasticity E, material density p, damp-
ing factor &, length L, thickness ¢, and constant acceleration
power spectral density (PSD) level W ,. The PSD is modeled
as a truncated white noise with cutoff frequency properly
selected such that the random loading would excite, approxi-
mately, only the first mode. The random variables are defined
in Table 1.

Using a single-degree-of-freedom model, the tip root-mean-
square (rms) displacement can be approximated as

[L707LSW ,p"5
rms = ————El_st}g (1

The NESSUS probabilistic solution is shown in Fig. 4. In
this figure, the MV solution employs the mean-based sensitiv-
ity analysis result to establish the approximate, linear Z,
function [see Eq.(6)]; the AMYV solution uses the information
from the MV solution, and the recomputation of the response
at the approximate most probable point. Note that no modifi-
cation to the AMYV solution is needed because the CDF curve
is clearly monotonic.
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Fig. 6 Modified AMV solution for example 2 (case 1: one random
angle).
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Fig. 7 Probability density function of the natural frequency.

To improve the result further, the iteration algorithms just
discussed can be applied. A first iteration solution for a CDF
value is presented in Fig. 4, which shows excellent agreement
between the NESSUS solution and the “exact” solution based
on the Monte Carlo simulation (100,000 samples). Note that
there was a 3.9% difference between the NESSUS result and
the analytical result at the 50% probability level. This differ-
ence has been used to adjust the exact solution.

Based on Fig. 4, it is obvious that the AMV solution
improves the MV solution significantly; whereas the first
iteration solution improves the AMV solution slightly. Since
the AMV accuracy generally deteriorates at the extreme tail
regions of the distribution, it is suggested that the iterations
should be performed at the critical tail regions.

Example 2: Material Orientation Effect

A recent probabilistic analysis of a single crystal turbine
blade has shown that the AMYV solution of the first bending
frequency CDF is truncated; i.e., the frequency has a lower
bound. To study the truncation phenomena, a simple beam
model, as shown in Fig. 5, was developed to simulate the
turbine blade. The beam is made of a single crystal material,
and the material orientation is defined by three angles. The
data are shown in Table 2 in which E, and E, are the
“off-axis” moduli.

Two cases are considered in this study. The first case
considers that only one material orientation angle is random
and is normally distributed. This allows a simple closed form
equation for more detailed study. The second case considers
three normally distributed random orientation angles, and the
NESSUS code is applied to solve the problem.

ADVANCED PROBABILISTIC STRUCTURAL ANALYSIS METHOD 1667

Case I: One Random Angle

The first-mode frequency is
E,?
12pL*

S =0.5602 (12)

where E, is the “on-axis” (or material symmetry axis) mod-
ulus, which can be shown!’ to be a function of the off-axis
moduli and the random angle 8, as

EG

E =
P (et 4 5%~ 2¢%5%,)G + ¢%%E

(13)

where E=E, = E,, ¢ = cos(0;), and s = sin(f;). By substitut-
ing Eq. (13) into Eq. (12), the relationship between f, and 6,
is shown in Fig. S, which shows that f, is a nonmonotonic
function in the probability significant region. Furthermore,
the frequency has a minimum.

By numerical differentiation, the MV solution was obtained
as

fi = 254.96 + 0.42396(0, — 3) (14)

Based on Eq. (14), f,,; is normally distributed. Therefore, the
CDF of f,, is linear on a normal probability paper, as shown
in Fig. 6. The AMYV solution is shown in Fig. 6 and appears
to be parabolic with a minimum of 8;. The parabolic shape
indicates that f, is a nonmonotonic function of 6,; therefore,
a modification to the AMYV solution is needed.

By applying the generalized AMV procedure, the modified
CDF becomes truncated at the left tail. To verify the result, a
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Fig. 8 MVSO and modified AMV solutions for example 2 (case 2:
three random angles).
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Fig. 9 Monte Carlo simulation of dynamic magnification factor (1000
samples).
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Table 3 Variables for example 3

Variable Mean Standard deviation
A 250 Hz 2.5Hz
£ 250 Hz 0 Hz
I3 0.01 0
99.997%

Modified AMV
99.87 %

97.7%}-

2
E 84.1%[~ 4 Monte Carlo (1000 Samples)
=3
I
-9
P 50%
s
=E1 15.9%
&

2.28%}
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0.003% L

0 20 40 60

Dynamic Magnification Factor, D

Fig. 10 Modified AMYV solution for example 3.

Monte Carlo simulation was performed, and the empirical
CDF, as shown in Fig. 6, agrees with the AMYV solution.
Thus, this simple case clearly shows how a concave perfor-
mance function would produce a truncated distribution. The
probability density function is shown in Fig. 7 to show how
the distribution is skewed.

Case 2: Three Random Angles

In case 1, there exists only one independent random vari-
able. In such a case, the generalized AMYV solution is exact. In
the present case, three random variables are assumed, as
shown in Table 2. For multiple random variables, the AMV
method offers approximate solutions.

For three random angles, it is difficult to obtain a closed
form solution for f,. Therefore, the NESSUS code was used
to solve the problem numerically.

Following a similar solution procedure used in case 1, the
MYV and the AMYV solutions are obtained, as shown in Fig. 8.
The MV solution used four Z-function evaluations and the
AMY solution used an additional 6 function evaluations. To
confirm the results, a Monte Carlo simulation with 2000
samples was performed, with results plotted in Fig. 8.

The result of case 2 is different from case 1 because of the
two additional random angles. However, the major character-
istic remains the same; i.e., the distribution is truncated at the
left tail.

It is noted that the error is relatively large at the central
region (i.e., CDF = 0.5). The reason is because f, is strongly
nonlinear at this region. The error can be reduced by an
MVSO analysis. The MVSO solution, presented in Fig. 8,
agrees with the simulation solution very well in the central
region. However, the error appears to be significant at the
right-tail region. This error would need to be improved by the
AMYV procedure or, perhaps, an AMV second-order proce-
dure, which would be a natural extensioin of the first-order
method. Because of the additions of the second-order terms,
the AMYV second-order method has the potential to be more
accurate than the AMYV first-order method. However, the
required number of function evaluations will be greater. Fu-
ture research will be needed to explore the AMYV second-order
method.

It is interesting to compare the MV solution with the AMV
solution using the y + 30 design criteria. For the MV solu-
tion, because all three input random variables are normally
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distributed, f,, is normally distributed; therefore, the y + 30
probability bounds are (0.0013, 0.9987). The corresponding
frequencies are 234.0, 260.8 Hz. Keeping the same probability
levels, the AMV-based bounds are 245.7, 278.3 Hz. Thus the
MYV solution significantly underestimates the bounds. Also,
the actual probabilities corresponding to the p + 3¢ bounds
are (0, 0.946), as opposed to (0.0013, 0.9987). This clearly
demonstrates the importance of obtaining the entire CDF
result.

Example 3: Dynamic Magnification Factor

This example was selected to represent a situation where
the response CDF is truncated at the right tail.

Consider the first-mode dynamic characteristic of a turbine
blade model. The dynamic magnification factor D is

D= 1 (15)

LT

where £, is the exciting frequency, £, is the natural frequency,
and ¢ is the damping factor. The variables are defined in
Table 3, which shows that f, and ¢ are deterministic while f,
is random. As a worst-case analysis, it is assumed that f, is
equal to the mean value of f,.

In this problem, D is a convex function of f,,. For each D
there are two possible f, values. Random samples of f, were
generated and used to calculate D using Eq. (15). Figure 9
shows the 1000 samples of D as a function of f,.

Following the same procedure as described in the preceding
examples, the Monte Carlo simulation, MV, AMV, and the
modified AMYV solutions are shown in Fig. 10. This problem
demonstrates how a convex performance function results in a
truncated distribution and how this truncated distribution can
be identified quickly based on the generalized AMYV concept.

Summary

The CDF analysis provides a more useful reliability design
tool than the conventional mean-based second-moment analy-
sis. This paper presented a generalized AMV method, which is
capable of performing a CDF analysis in a robust and highly
efficient manner. Several examples were used to demonstrate
the methodology. The examples included monotonic as well
as convex and concave performance functions. It was shown
why a performance function CDF is truncated and how a
truncated distribution can be identified and computed using
the proposed procedure. The extension to the more general
nonlinear functions has also been discussed in the paper. In
summary, the generalized AMV method appears to be ideal
to solve problems involving implicit, complex performance
functions.

Acknowledgments

This research was supported by the NASA Lewis Research
Center under Contract NAS3-24389, “Probabilistic Structural
Analysis Methods for Select Space Propulsion System Com-
ponents.” The authors appreciate the support of C. C.
Chamis, NASA Program Manager. The generalized AMV
method, developed by the first author, was motivated by the
iteration problems encountered during a turbine blade proba-
bilistic analysis study performed at Rocketdyne. The sugges-
tions made and information given by K. R. Rajagopal of
Rocketdyne to use a simplified single crystal cantilever beam
mode! is gratefully acknowledged.

References
'Wong, F. S., “First-Order, Second-Moment Methods,” Computers
and Structures, Vol. 20, No. 4, 1985, pp. 779-791.
2Hasofer, A. M., and Lind, N. C., “Exact and Invariant Second-
moment Code Format,” Journal of Engineering Mechanics, American



SEPTEMBER 1990

Society of Civil Engineers, Vol. 100, No. EMI, Feb. 1974, pp.
111-121.

3Li, K. S., and Lumb, P., “Reliability Integration and Curve
Fitting,” Structural Safety, Vol. 3, Oct. 1985, pp. 29-36.

4Zhou, J., and Nowak, A. S., “Integration Formulas to Evaluate
Functions of Random Variables,” Structural Safety, Vol. 5, Dec.
1988, pp. 267-284.

SMillwater, H., Palmer, K., Fink, P., “NESSUS/EXPERT—An
Expert System for Probabilistic Structural Analysis Methods,” Pro-
ceedings of the 29th AIAA|ASME|ASCE|AHS Structures, Structural
Dynamics and Materials Conference, Pt. 3, AIAA, Washington, DC,
1988, pp. 1283-1288.

SCruse, T. A., Wu, Y.-T., Dias, J. B., and Rajagopal, K. R,,
“Probabilistic Structural Analysis Methods and Applications,” Com-
puters and Structures, Vol. 30, No. 1/2, 1988, 163-170.

"Wu, Y.-T., Burnside, O. H., and Cruse, T. A., “Probabilistic
Methods for Structural Response Analysis,” Computational Mechan-
ics of Probabilistic and Reliability Analysis, edited by W. K. Liu and
T. Belytschko, Elmepress International, Aug. 1989, pp. 181-195.

$Madsen, H. O., Krenk, S., and Lind, N. C., Methods of Structurai
Safety, Prentice Hall, Englewood Cliffs, NJ, 1986.

Wu, Y.-T., and Wirsching, P. H., “New Algorithm for Structural
Reliability Estimation,” Journal of Engineering Mechanics, ASCE,
Vol. 113, No. 9, Sept. 1987, pp. 1319-1336.

'0Rackwitz, R., and Fiessler, B., “Structural Reliability Under

ADVANCED PROBABILISTIC STRUCTURAL ANALYSIS METHOD 1669

Combined Load Sequences,” Journal of Computers and Structures,
Vol. 9, 1978, pp. 489-494.

"Hohenbichler, M., and Rackwitz, R., “Non-normal Dependent
Vectors in Structural Safety,” Journal of Engineering Mechanics Divi-
sion, ASCE, Vol. 100, No. EM6, Dec. 1981, pp. 1227-1238.

2Haug, E. J., Choi, K. K., and Komkov, V., Design Sensitivity
Analysis of Structural Systems, Academic, New York, 1986.

3Dias, J., Nagtegaal, J., and Nakazawa S., “Iterative Perturbation
Algorithms in Probabilistic Finite Element Analysis,” Computational
Mechanics of Probabilistic and Reliability Analysis, edited by W. K.
Liu and T. Belytschko, Elmepress International, Virginia, 1989, pp.
211-230.

'“Wu, Y.-T., Burnside, O. H., and Dominguez, J., “Efficient Prob-
abilistic Fracture Mechanics Analysis,” Proceedings of the Fourth
International Conference on Numerical Methods in Fracture Mechan-
ics, Pineridge Press, Swansea, United Kingdom, 1987, pp. 85-100.

15Wu, Y.-T., and Burnside, O. H., “Validation of the NESSUS
Probabilistic Analysis Computer Program,” Proceedings of the 29th
ATAA|ASMEJASCE|AHS Structures, Structural Dynamics and Ma-
terials Conference, Pt. 3, AIAA, Washington, DC, 1988, pp. 1267~
1274,

%Ang, A. H.-S., and Tang, W. H., Probability Concepts in Engi-
neering Planning and Design, Vol. 2, Wiley, New York, 1984.

""Tsai, S. W., and Hahn, H. T., Introduction to Composite Materi-
als, Technomic Publishing, PA, 1980.

Recommended Reading from the AIAA
Progress in Astronautics and Aeronautics Series . . .

Dynamics of Flames and

Reactive Systems

1985 766 pp. illus., Hardback

ISBN 0-915928-92-2

AIAA Members $54.95

Nonmembers $84.95

Order Number V-95

ORDER: c/o TASCO, 9 Jay Gould Ct.,, P.O. Box 753

Waldorf, MD 20604 Phone (301) 645-5643
Dept. 415 m FAX (301) 843-0159

Dynamics of Flames and Reactive
Systems and Dynamics of Shock Waves,
Explosions, and Detonations

J. R. Bowen, N. Manson, A. K. Oppenheim, and R. |. Soloukhin, editors

The dynamics of explosions is concerned principally with the interrelationship between
the rate processes of energy deposition in a compressible medium and its concurrent
nonsteady flow as it occurs typically in explosion phenomena. Dynamics of reactive
systems is a broader term referring to the processes of coupling between the
dynamics of fluid flow and molecular transformations in reactive media occurring in
any combustion system. Dynamics of Flames and Reactive Systems covers premixed
flames, diffusion flames, turbulent combustion, constant volume combustion, spray
combustion nonequilibrium flows, and combustion diagnostics. Dynamics of Shock
Waves, Explosions and Detonations covers detonations in gaseous mixtures, detona-
tions in two-phase systems, condensed explosives, explosions and interactions.

Sales Tax: CA residents, 7%; DC, 6%. Add $4.50 for shipping and handiing. Orders under $50.00 must be prepaid. Foreign orders must
be prepaid. Please allow 4 weeks for delivery. Prices are subject to change without notice. Returns will be accepted within 15 days.

Dynamics of Shock Waves,
Explosions and Detonations
1985 595 pp., ilus. Hardback
ISBN 0-915928-91-4

AJAA Members $49.95
Nonmembers $79.95

Order Number V-94




