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Corrosion Fatigue Through Particle Swarm Optimization

R. M. Pidaparti* and S. Jayanti’

Indiana University-Purdue University at Indianapolis, Indianapolis, Indiana 46202

A particle swarm optimization method was used to investigate the corrosion fatigue problem. The optimization
procedure is used in redesigning the operating environment to achieve desired corrosion-fatigue properties for
an aircraft panel/material. The operating parameters that would cause a structure to have maximum fatigue
properties were obtained from the optimization simulation. The results of operating parameters obtained through
the optimization procedure are reasonable and demonstrate the feasibility of the approach for estimating the

corrosion fatigue of aging structures.

Nomenclature
ag = critical crack size, mm
as = final crack size, mm
ao = Iinitial pit size, mm
C,, C, = positive constants
Dy, = duration of exposure to the environment, h
f = frequency of loading, Hz
k = penalty function weight
N; = fatigue crack initiation life, cycles
N, = fatigue propagation life, cycles
p = penalty function
R = stressratio
\4} = velocity of i th particle
v; = velocity of i th input variable
w = inertia weight
X, = position of ith particle
X; = ith inputvariable
oy, o = weight factors for initiation and propagation lives
Ao = stress amplitude, MPa

I. Introduction

ORROSION fatigue has been identified as one of the lead-

ing causes of failure among the various damage mechanisms
that affect the structural integrity of aircraft structures. Operation
of aging aircraft under a corrosive environment may cause failure
of the various parts due to initiation and propagation of corrosion
fatigue cracks. Scheduled maintenance and inspection of aircraft
components in advance may prevent such failures. Establishment
of models for predicting corrosion fatigue will be helpful in de-
signing a maintenance program based on the residual life to avoid
failure.

Over the past few years, considerable research effort has been
focused on the characterization and quantification of damage due
to corrosion fatigue. Although many studies are reported in the lit-
erature, the mechanism of corrosion fatigue has not been fully un-
derstood due to the various uncertainties involved in the process,
including the microstructure of the materials. Hence, it is difficult
tomodel accuratelyall of the uncertaintiesin the processand thereby
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predict the reliability of the structures. Generally, the desired esti-
mates often involve extrapolationsin time by factors of 10 or more.
Several analyticaland probabilisticmethods have been used to char-
acterize the corrosion fatigue process.!—> Bacause mechanistically
based analytical models cannot take into account the scatter in the
fatigue life data, probabilistic approaches have been used for pre-
dicting the reliability of components with corrosion fatigue !0

For the past few years, the investigators have been studying the
structural integrity and durability issues related to aging aircraft
structures and materials. Wang et al.!! presented simple analytical
and probabilistic models for predicting the corrosion fatigue life of
aircraft materials by considering all stages of the corrosion-fatigue
process. The resultsindicated that crack initiationlife varies approx-
imately 10-40% as compared to crack propagation life. Recently,
Pidaparti et al.!*> investigated the pitting corrosion classification,
distribution,and prediction of corrosion-fatiguelife of aircraft pan-
els using neural network models. The predictions from the neural
networks compared well with the existing experimental data and
analytical methods.

The need for integratingstructuraldesign with damage prediction
has to be explored for the redesign and stipulation of operating re-
quirements for aging structures. Changes in the structural integrity
of structures/components may affect the performanceto such an ex-
tent that remedial measures may become necessary. To reduce the
repair and maintenance costs, one might perform early repair on the
structures before the damage grows to a dangerous size. Alterna-
tively, the repair may even be postponed until the aircraft is taken
out of service for scheduled maintenance. In the latter case, it may
become important to adapt operational usage to limit or even stop
the damage growth. If sufficient knowledge exists to relate damage
rates to mission types, this can be achieved by monitoring usage.!?
Maintenanceand repair of the structure will be easierifitis possible
to obtain the maximum allowable values of the damage parameters
so that the physical health of the structure does not adversely affect
its performance.

A review of the literature indicates that optimization methods are
currently not being used to investigate corrosion fatigue of aircraft
materials and structures. Therefore, it will be interesting to explore
the benefits of using optimization methods to estimate corrosion
fatigueand predictoptimal operatingenvironmentsfor aging aircraft
structures for a specified durability.In the presentstudy, we propose
to investigate corrosion fatigue as an optimization problem where
we predict a combination of operating parameters that will achieve
the extreme values of the fatigue characteristics in terms of crack
initiation and propagation lives. For this purpose, particle swarm
optimization approach is used.

II. Corrosion-Fatigue Problem

Corrosion fatigue is a process that is an outcome of synergistic
interactions among the environment, material microstructure, and
cyclic loads. The most important factors that determine the corro-
sion fatigue life of aircraft panels are fatigue loading and corrosion
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environment. Fatigue loading is characterized by maximum stress
amplitude Ao, stress ratio R, and the frequency of loading f.
Corrosionis consideredby taking into accountthe duration of expo-
sure Dy, of the material to the environment. The corrosion fatigue
process,representedas the total number of cycles, comprises the cy-
clesneededto form a critical pit-crack transition size (pit nucleation
due to fatigue and pit growth due to environment) and the cycles
needed to propagate the crack to failure. When combined knowl-
edge of pitting growth, fatigue crack nucleation, and fatigue crack
growth is used, it is possible to estimate the total corrosion fatigue
life.

Fatigue crack initiation life, &V;, is considered to be the number
of cycles consumed in the nucleation and growth of small crack to
a length where it becomes a dominant fatigue crack. Fatigue prop-
agation life N, is considered to be the remaining number of cycles
required to grow the initiated fatigue crack to final fracture.!* To
account for both portions of the failure life, local strain'® and linear
elastic fracture mechanics (LEFM) approaches'’ have been exten-
sively used in fatigue-lifeanalysis.For crackinitiationlife estimates,
local strain is the most widely employed technique, whereas the
LEFM approach has found wide acceptance for crack propagation
life estimates. The difficulty in estimation of fatigue life in a corro-
sive environment becomes evident when considering the numerous
mechanical, metallurgical, and environmental variables that con-
tribute to the process. However, from an engineering point of view,
it is often assumed that the adverse effects of the environment can
be includedin fatigue life estimation procedures by determining the
material fatigue properties in the environment of interest.

In the normal design of aerospace structures, only the structural
failure mechanisms such as yielding, buckling, fracture, etc., are
considered. However, with aging aerospace structures, the redesign
of the structure should also take into account other damage mech-
anisms such as multiple-site damage, corrosion fatigue, and creep
fatigue that will affect the reliability of the structure/material. In
this study, we consider the redesign of the operating environmentto
achieve specific corrosion fatigue properties through an optimiza-
tion procedure.

The corrosion-fatigue problem (redesign) involves finding a set
of operating parameters that correspond approximately to desired
corrosion fatigue properties in terms of crack initiation and propa-
gation lives. This might help in better understandingthe interaction
between the operating parameters and the fatigue properties. We
have developed a neural network model to capture the corrosion-
fatigue mechanism and predicted the properties.!? The results ob-
tained from the neural network model agree very well with exist-
ing experimental data and other solutions. Of the various types of
optimization algorithms used with the neural network approach,
evolutionary algorithms are the most popular. Particle swarm opti-
mization (PSO) is an algorithm that falls into this category and is
exploredin this study. We pose the corrosion fatigue problem as an
optimization problem where we predict a combination of damage
parameters that will achieve the desired extreme corrosion fatigue
characteristics.

Note that, due to the large number of parameters and uncertainty
in estimating the corrosion-fatiguemechanism, the optimizational-
gorithmis likely to converge to local minima at times. The objective
of the presentstudy is to obtain the differentdamage parameters that
will give relatively high durability in terms of the fatigue life. Be-
cause it is difficult to control the external environment and loading,
obtaining the global maximum value of strength may not be of prac-
tical use. Instead, if we obtain different combinations of the damage
parameters that give relatively higher strength values (local max-
ima), it will be helpful to tabulate the results and to use the data for
evaluating the maintenance needs of the structure. When the current
damage (as reflected in the damage parameters such as pit size) in
the structure is examined, performance criteria can be formulated
for the safety of the structure.

III. PSO

Several optimization algorithms have been used in the past to
solve various engineering problems. The optimization approaches

thatare most frequently used with neural networks fall into the cate-
gory of evolutionarymethods, where the algorithm searchesthrough
the solution space so as to maximize a so-called fitness function.
Evolutionary algorithms imitate genetic changes in living organ-
isms. As compared to traditional search algorithms, evolutionary
computation techniques work on a population of potential solutions
(points) of the search space. The differentiterations of the algorithm
are called generations, where the algorithm changes the positions
of the points to find a better solution. Eberhart and Kennedy'® and
Kennedy and Eberhart!” developed a new evolutionary computa-
tion technique, PSO, inspired by social behavior simulation. A brief
description of the PSO procedureis given now.

PSO issimilar,in some ways, to evolutionaryprogrammingand is
alsorelatedto culturalalgorithms.!® Each particleis treated as a point
in an N-dimensional (input) space. The ith particle (individual) is
representedas X; = (x;, X2, ..., X;x), Where X;, X, ..., X;y are
the N input variables for the problem considered. The function to
be optimized is called the fitness function. In the present study, the
fitness function is the reliability characteristic that is measured in
terms of the fatigue lives predicted by the neural network models.
Hence, the positions of the particles in the input space are the input
vectors for the neural network models, whereas the outputs from the
neuralnetworks form the fitness function. The best previousposition
(the position giving the maximum fitness value) of the ith particleis
stored in memory and represented as P; = (p;1, pPi2, - .., pin). The
index of the best particle among all of the particlesin the population
is represented by g. The rate of change of position (velocity) for
particle i is represented as V; = (v;1, vz, . .., Vin). The new posi-
tions and velocities of the particles are obtained according to the
following equations'’:

Vip = w X v, + C; x rand () X (pip — Xi)
+C, x Rand () X (g, — Xin) (1a)

Xin = Xin + Vin (lb)

where ¢; and ¢, are two positive constants and rand ( ) and Rand ()
are two random functionsin therange [0, 1]. Equation (1a)is used to
calculatethe particlesnew velocity accordingtoits previous velocity
and the distance of its current position from its own best experience
(previous best position) and the group’s best experience. Then the
particle flies toward a new position according to Eq. (1b). This pro-
cess of updating the positions of the particles to get the optimum
position is carried out until a specified number of iterations. At the
end of the final iteration, it is assumed that all of the particles have
converged or are close to a single positionin the input space where
the fitness function has a global optimum. The imposition of veloc-
ity to the particle from its current position is similar to mutation in
genetic algorithms. Instead of creating a whole new set of individ-
uals from the previous population, PSO simply moves the particles
through the search space, based on the personal and social flying
experience of the particles.

Parameters for PSO

Performance of the PSO in obtaining the global optimum de-
pends on the parameters used for the PSO algorithm, such as the
inertia weight, the maximum velocity, the number of iterations, etc.
The performance of each particle is measured according to a pre-
defined fitness function. As discussed earlier, the fitness function
is problem dependent and must be determined accurately for a rea-
sonable solution. The inertia weight w is employed to control the
impact of the previous history of velocities on the current velocity,
thereby influencing the tradeoff between the global (wide-ranging)
and local (nearby) exploration abilities of the flying points. A larger
inertiaweight w facilitatesglobal exploration(searchingnew areas),
whereas a smaller inertia weight tends to facilitate local exploration
to fine tune the current search area.!” One important parameter in
PSO is the maximum velocity of the particles. The maximum ve-
locity allowed to a particle acts as a constraint that controls the
maximum global exploration ability that the PSO can have. A large
value of the maximum allowed velocity will cause the PSO to have
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a large range for global exploration, whereas a small value would
limit the global exploration ability, thereby favoring a local search.

Shi and Eberhart!® have also shown that by setting the maximum
allowable velocity to two, better performance was achievedby using
an inertia weight w in the range (0.9, 1.2). This means that the algo-
rithm has greater chances of obtaining the global optimum within
a reasonable number of iterations with a smaller inertia weight.
Hence, the controlling parameters for the PSO should be chosen
appropriately, to achieve meaningful solutions within a reasonable
amount of time.

Physical Constraints

In most physical problems, the input space is generally con-
strained, and the input parameters cannot fall out of a certain range
called the feasible space. Hence, such problems are posed as con-
strained optimization problems. The physical constraints can be
imposed externally by not allowing the optimization algorithm to
predict inputs outside the feasible range. However, this will need
numerous IF statements in the code. Another simple way of im-
posing the constraints is by penalizing the algorithm through the
fitness function, for predictions outside the feasible space. Because
evolutionary algorithms use a number of individuals (particles) for
obtaining the optimum, one can afford to incorporate the penalty
due to the constraints,in the individual’s fitness functions. This will
reducethe fitness value of the individual (particle) for use in the next
generationfpopulation.Hence, thoseindividuals(particles)thathave
input values outside the feasible space will have low fitness value
and, hence, will be discarded from the future generations.

The PSO algorithm discussed here was implemented in
MATLAB® software, due to the simplicity of developing neural
network models in MATLAB. Furthermore, because there was no
need to change the neural network algorithm as such, only the out-
puts were used for optimization.

IV. Optimization for Corrosion Fatigue

The previously developed neural network model for corrosion
fatigue'? was used in the PSO algorithm to provide the initiation
and propagation lives, which constitute the fitness function.

Fitness Function

The initial fitness function for corrosion fatigue problem is as
follows:

f = o (initiationlife) + «, (propagationlife) 2)

If the factors «; and a, are chosen such that their sumis 1, then the
fitness function can be thought of as the total fatigue failure life.

After the penaltyis incorporated, the new fitness functionis given
by

fu=1/f+«p 3)

The penalty function p is defined as the distance by which a particle
exceeds the inputdomain. For a given particle, penalty forindividual
inputs is determined, and the maximum of the individual penalties
is set as the penalty for the particle.

The objective of the PSO is to minimize the new fitness function
f, sothattheoriginalfitness function f ismaximized and the penalty
p is minimized for the particles. Note that the individual penalties
of the particlesin the differentinput directions should have the same
order of magnitude (tens or hundreds) so that all of the inputs have
a similar effect in determining the penalty. This is very important
because we are considering the maximum individual penalty as the
particle’s penalty. For example, the typical values for the critical
pit size are in the range of 0.01-0.96 mm, whereas those for stress
amplitude and duration of exposureare in the hundreds. The penalty
for a particlelying far outside the input space for a critical crack size
will still be a small value as comparedto the penalty for a particle that
has the duration of exposure value lying a little outside the feasible
space. Hence, all of the individual penalties are amplified by suitable
factors to have the same order of magnitude as the others. The factor

k in Eq. (3) ensures that the values of both terms on the right-hand
side are of the same order. This will ensure that the optimization
is not governed by the penalty function, but by the original fitness
function.

Constraints

Several constraints on corrosion fatigue parameters are selected
for the optimization algorithm to work within a feasible space to
have meaningful results. The constraints are chosen based on the
data and other solutions for similar problem in the literature.’~!!
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Corrosion, which is accounted for as duration of exposure the en-
vironment, is in the range of 72-448 h is based on the accelerated
tests. The constraints were incorporated into the penalty function
such that they reduce the value of the fitness function of the particle
for cases where the particle’s positionlies outside the feasible space.
The constraintsfor the corrosionfatigue problemcan be summarized
as follows: stress amplitude Ao, 120 < Ao <438 MPa; duration of
exposure Dy, 72< Dey, <448 h; stress ratio R, —1<R<1; fre-
quency f, 5< f <15 Hz; initial pit size ay, 0.015<ay<0.03 mm;
final crack size a;, 0<a; <20 mm; and critical crack size a,
0.01<a. <0.96 mm.

Simulations

We predicted the various damage parameters for an aircraft panel
under corrosion-fatigue environment using the PSO approach dis-
cussed. After the necessary adjustmentsin the constraintsand fitness
functions are made, the PSO is used to obtain the damage param-
eters for the desired reliability. The PSO algorithm was run for
50 iterations with the following parameters: maximum veloc-
ity=1.3, C; = C, = 1, number of particles (agents)= 100, and in-
ertia weight w =0.329.

These parameters were chosen based on the performance results
by PSO as obtainedby Shi and Eberhart.!® The factor for the penalty
function, k£, was set to 0.001, so that both the terms in Eq. (3) for the
corrosion-fatigue problem are in the range of 10~'-10°. Results of

Table1 PSO simulation results for fitness function
f=0.5N; +0.5N,

Corrosion-fatigue e

parameter 1 2
Stress amplitude Ao, MPa 175.6 125.2
Duration of exposure Deyp, h 201.6 169.6
Stress ratio R 0.800 0.011
Frequency, cycles/day 4.982 7.075
Initial pit size ap, mm 0.00291 0.00258
Critical crack pit depth a.;, mm 0.108 0.380
Final crack size a;, mm 15.548 12.289
Initiation life N;, cycles 424E+11 4.25E+11
Propagation life N, cycles 4.24E+11 4.25E+11

Table 2 PSO simulation results for fitness function
f=0.1N; +0.9N,

Corrosion-fatigue O

parameter 1 2
Stress amplitude Ao, MPa 218.0 200.0
Duration of exposure Deyxp, h 395.0 333.0
Stress ratio R 0.152 —0.807
Frequency, cycles/day 8.374 12.510
Initial pit size ap, mm 0.013 0.011
Critical crack pit depth a.;, mm 0.042 0.042
Final crack size a;, mm 4.062 4.062
Initiation life N;, cycles 3.08E+05 4.71E+02
Propagation life N, cycles 4.99E+10 4.99E+10

simulation obtained from the optimization procedure are presented
in the next section.

V. Results and Discussion

Figures 1-3 show the particles flying in the input space of two
of the seven input variables in this optimization study. Although
not shown, the particles move in the input space for the rest of the
inputs also, in a similar fashion. The cross marks are the particles
of the population, whereas the best particle is represented by the
circular mark. As the PSO was reaching the designated number of
iterations (50), it was observed that all of the particles had flocked
near a single (best) particle and were flying toward this position
for several iterations. This indicates that the search for optimum
has converged to a solution in the input space. However, it is not
necessary that the optimum reached is the global optimum. In this
study, the primary goal for using the PSO technique is not to obtain
the global optimum, but to explore the possible failure conditions
and the interaction of the damage parameters, to control the damage
or repair it at the earliest. It is difficult to control all of the damage
parameters for an existing structure, for example, temperature, yield
strength of the material, etc., but this method can give an insight
into other parameters that can be controlled (diameter of rivet holes,
pitch, etc.), so as achieve desired reliability characteristics.

Three sets of simulations were performed for the corrosionfatigue
problem by changing the controlling factors [« and &, in Eq. (2)]
in the fitness function. Each of the simulations is described.

Simulation 1

The first set of simulations were performed on the operating pa-
rameters to achieve maximum of both initiation and propagation
lives. The fitness function for this simulationis f =0.5N; +0.5N,,.
The results for this simulation for two cases 1 and 2 are summarized
in Table 1. Note from Table 1 that the critical pit size is larger and
the final crack size smaller for case 2 as compared to case 1. How-
ever, the faitigue lives are comparable for both cases 1 and 2. From
a common sense point of view, it may be easily inferred that this
condition should lead to a smaller propagation life, if other factors
are ignored in calculating the fatigue lives. However, in principle, a
smallerstressratio, a smaller stress amplitude,and a shorterduration
of exposure,coupled with high-frequencyloading, may increase the
fatiguelife of the structure2’ These two cases (1 and 2) clearly show
this phenomena, thereby further reinforcing the possibility that the
predictionsfrom the optimization procedure are reasonable and that
the neural network model has correctly captured the inherent phys-
ical process of the corrosion-fatiguedamage mechanism.

Simulation 2

The second set of simulations were performed on the operating
parametersto achieve maximum fatigue crack propagationlife. The
original fitness function in this case is f =0.1N; +0.9N,. The re-
sults of this simulationfor cases 1 and 2 are summarized in Table 2.
Note from Table 2 that the pit and crack sizes are approximately
the same for both the simulations; however, the initiation lives are
different, possibly due to the effects of other parameters. For case 1,
higherinitiationlife (3.08 x 10°) is predicted with smaller stress ra-
tio and frequency and larger values of stress amplitude and duration

Table 3 PSO simulation results for fitness function f =0.9N; + 0.1N,

Corrosion-fatigue e

parameter 1 2 3 4 5
Stress amplitude Ao, MPa 226.3 200.0 233.0 216.0 196.0
Duration of exposure Dexp, h 110.0 139.0 285.0 429.0 273.6
Stress ratio R 0.921 —0.172 —0.780 0.052 0.737
Frequency, cycles/day 5.500 8.240 5.226 5.939 6.377
Initial pit size ag, mm 0.015 0.023 0.014 0.021 0.020
Critical crack pit depth a.;, mm 0.666 0.026 0.017 0.077 0.020
Final crack size a s, mm 9.149 16.292 17.644 8.269 12.837
Initiation life N;, cycles 4.99E+10 4.99E+10 4.99E+10 4.99E+10 4.99E+10
Propagation life N, cycles 5.47E+01 1.41E+4-02 6.26E+03 2.95E+405 6.30E4-06
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of exposure, as compared to case 2, where the initiation life was
predicted as 471 cycles.

Simulation 3

The last set of simulations were performed on the operating pa-
rameters to achieve maximum initiation life and minimum prop-
agation life. The original fitness function for this case is given by
S =09N;+0.1N, A totalof five simulations were conducted, and
the predicted parameters are given in Table 3. Each of the five simu-
lations predicts an initiation life of 4.99 x 10° cycles, which is high
compared to the propagation life. The propagation life for each of
these cases is differentdepending on the combination of the damage
parameters. The results presented in Tables 1-3 illustrate the impact
of various combination of operating parameters used to achieve ex-
treme fatigue properties for an aging aircraft panels. The results also
support the applicability of the PSO procedure for investigating the
corrosion-fatigue problem.

VI. Conclusions

A PSO approach was utilized to obtain the operating parameters
that would enable an aircraft structure to have maximum corrosion
fatigue characteristics. The simulation cases predicted the operating
parameters reasonably well, thereby demonstrating the validity of
the approach for investigating the corrosion-fatigue problem. The
results presented also point to the fact that PSO can successfully
predictthe optimal fitness function and the parameters. The present
approach may be extended to achieve the operating parameters for
multiple-site damage and creep fatigue problems as well.

Acknowledgment

The authors thank the National Science Foundation for funding
this research through Grant CMS-9812723.

References

IWei, R. P, Liao, C. M., and Gao, M., “A Transmission Electron Mi-
croscopy Study of 7075-T6 and 2024-T3 Aluminum Alloys,” Metallurgical
and Materials Transactions A, Vol. 29A, 1998, pp. 1153-1160.

2Chaudhuri, J., Tan, Y. M., Gondhalekar, V., and Patni, K. M., “Compar-
ison of Corrosion-Fatigue Properties of Pre-Corroded 6013 Bare and 2024
Bare Aluminum Alloy Sheet Materials,” Journal of Materials Engineering
and Performance, Vol. 3, 1994, pp. 371-377.

3Hoeppner, D. W., “Model for Prediction of Fatigue Lives Based upon a
Pitting Corrosion Fatigue Process,” Fatigue Mechanisms, STP 675, Ameri-
can Society for Testing and Materials, Philadelphia, 1979, pp. 841-863.

4Piascik, R. S., and Willard, S. A., “The Growth of Small Corrosion Fa-
tigue Cracks in Alloy 2024, Fatigue and Fracture of Engineering Materials
and Structures, Vol. 17,No .11, 1994, pp. 1247-1259.

SRuiz, J., and Elices, M., “The Role of Environmental Exposure in the
Fatigue Behavior of an Aluminum Alloy,” Corrosion Science, Vol. 39,
No. 12,1997, pp. 2117-2141.

%Harlow, D. G., and Wei, R. P,, “A Probability Model for the Growth
of Corrosion Pits in Aluminum Alloys Induced by Constituent Particles,”
Engineering Fracture Mechanics, Vol. 59, No. 3, 1998, pp. 305-325.

"Harlow, D. G., and Wei, R. P, “Probability Approach for Prediction of
Corrosion and Corrosion Fatigue Life,” ATAA Journal, Vol. 32, No. 10, 1994,
pp- 2073-2079.

8Rokhlin, S. L., Kim, J. Y., Nagy, H., and Zoofan, B., “Effect of Pitting
Corrosion on Fatigue Crack Initiation and Fatigue Life,” Engineering Frac-
ture Mechanics, Vol. 62, No. 4-5, 1999, pp. 425-444.

9Zamber, J.E.,and Hillberry, B. M., “Probabilistic Approach to Predicting
Fatigue Lives of Corroded 2024-T3,” AIAA Journal, Vol. 37, No. 10, 1999,
pp- 1311-1317.

1UWang, Q. Y., Berard, Y. J., Rathery, S., and Bathias, C., “High Cycle
Fatigue Crack Initiation and Propagation Behavior of High Strength Spring
Steel Wires,” Fatigue and Fracture of Engineering Materials and Structures,
Vol. 22, No. 8, 1999, pp. 673-677.

”Wang, Q. Y, Pidaparti, R. M., and Palakal, M. J., “Comparative Study
of Corrosion Fatigue in Aircraft Materials,” AIAA Journal, Vol. 39, No. 2,
2001, pp. 325-330.

12Pidaparti, R. M., Jayanti, S., Sowers, C. A., and Palakal, M. J., “Clas-
sification, Distribution and Fatigue Life of Pitting Corrosion for Aircraft
Materials,” Journal of Aircraft, Vol. 39, No. 2, 2002, pp. 486-492.

BRartelds, G., “Aircraft Structural Health Monitoring, Prospects for
Smart Solutions from a European Viewpoint,” Journal of Intelligent Ma-
terial Systems and Structures, Vol. 9, Nov. 1998, pp. 906-910.

4Gasem, Z., and Khan, Z., “Fatigue Life Predictions for Notched
Al-2.5 Mg Alloy in Corrosive Environment,” Materials Science and Tech-
nology, Vol. 11, Feb. 1995, pp. 159-167.

I5SSuresh, S., Fatigue of Materials, Cambridge Univ. Press, Cambridge,
England, U.K., 1992.

I6Eperhart, R. C., and Kennedy, J., “A New Optimizer Using Particle
Swarm Theory,” Proceedings of the Sixth International Symposium on Micro
Machine and Human Science, IEEE Publications, Piscataway, NJ, 1995,
pp. 30-43.

17Kennedy, J., and Eberhart, R. C., “Particle Swarm Optimization,” Pro-
ceedings of the IEEE International Conference on Neural Networks, Vol. 5,
IEEE Publications, Piscataway, NJ, 1995, pp. 1942-1948.

18Reynolds, R. G., “An Introductionto Cultural Algorithms,” Proceedings
of the 3rd Annual Conference on Evolutionary Programming, edited by
A. Sebald and D. Fogel, World Scientific, River Edge, NJ, 1994, pp. 131—
139.

19Shi, Y. H., and Eberhart, R. C., “Parameter Selection Particle Swarm
Optimizer,” Proceedings EP98: Annual Conference on Evolutionary Pro-
gramming, San Diego, CA, 1999, pp. 591-600.

ZUDowling, N. E., Mechanical Behavior of Materials, Prentice—Hall,
Englewood Cliffs, NJ, 1993.

S. Saigal
Associate Editor



