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Classification, Distribution, and Fatigue Life
of Pitting Corrosion for Aircraft Materials
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Purdue University at Indianapolis, Indianapolis, Indiana 46202

An investigation of the pitting corrosion classification, distribution, and prediction of corrosion-fatigue life of
aircraft panels is carried out. A probabilistic neural network was developed to classify the pit size ranges and
determine the distribution based on the available experimental data. The results obtained indicate that the pit sizes
can be classified into three groups. The gamma distribution function fit the experimental data of pit size ranges
quite well. A neural network model was also developed for predicting the fatigue life of aircraft panels subjected
to corrosion-fatigue loading. The developed neural network model was validated against the experimental data
and other analytical methods available in the literature. Overall, the predictions from this study demonstrate the
usefulness of neural network approach over other analytical methods for determining the fatigue life of aircraft

structures.

I. Introduction

AILURES may result when aircraftcomponentsare operatedin

acorrosiveenvironmentdue to nucleation,initiation,and propa-
gation of cracks at the corrosion pits in aircraft materials. Wallace
and Hoeppner! described many types of corrosion that may occur
in aircraft structures. Lap joints are a common structural element
in many military aircraft (KC-135, C-130, J-STARS) and in trans-
portaircraftfuselages. These joints are subjectto corrosiondamage.
Corrosion in lap joints results in material loss, pillowing stresses,
pillowing cracks, rivet failures, and interactions with fatigue. Cor-
rosion generally attacks the faying surfaces in lap joints and occurs
when the adhesivebond/sealantbetween the layers breaks down, al-
lowing moisture to penetrate. Pitting corrosion usually follows the
general attack of corrosion on faying surfaces and may sometimes
evolve into exfoliation corrosion.

It is well known that corrosion pitting has a strong effect on fa-
tigue life of aluminum alloys used in aircraft structures?~* Fatigue
cracks usually initiate from the corrosion pit sites. Under the inter-
action of cyclic load and the corrosive environment, cyclic loading
facilitates the pitting process, and corrosion pits, acting as geomet-
rical discontinuities,leading to crack initiation and propagation and
then final failure. Usually, the fatigue crack initiationperiodincludes
crack (or pit) nucleation and early (or short) crack/(or pit) growth.
Nucleation of localized corrosion pitting modifies the local stress
and may ultimately initiate cracks.

Pits almost always initiate at some chemical or physical hetero-
geneity at the surface, such as inclusions, second phase particles,
flaws, mechanical damage, or dislocations. The aluminum alloys
containnumerousconstituentparticles, which play an importantrole
in corrosion pit formation.! To better understand particle-induced
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pitting corrosionin 2024/T3 and 7075/T6 aluminum alloys, optical
microscopy,scanningelectronmicroscopy (SEM), and transmission
electronmicroscopy (TEM) techniqueshave been used.? Because of
an aircraft’s special service environments, for example, salt water,
electrochemicalreactions are possible and corrosion pits are readily
formed between the constituentparticles and the surroundingmatrix
in these alloys.

Prediction of corrosion and corrosion fatigue is very important
for the structural integrity of aircraft materials and structures. The
presence of corrosion pits can significantly shorten the fatigue crack
initiation life and decrease the threshold stress intensity of an alloy
by as much as 50% (Ref. 3). To quantify pitting-induced corrosion
fatigue, a critical pit size model* has been proposed in which a cor-
rosion fatigue crack is considered to have nucleated from a pit. The
pit grows to a critical size when the local mechanical conditionis ad-
equate for the onsetof crack growth. In a series of papers, Wei et al >
and Harlow and Wei®~® have developed a probabilistic model for
the prediction of corrosion and corrosion fatigue life. Their model
is based on the growth of a single dominant flaw from a pit, to a
small surface crack, and then into a through crack. They showed
that probabilistic concepts could be employed to predict the pitting
corrosion fatigue process. However, in their model, fatigue crack
nucleation was not considered. Rokhlin et al.’ developed a fracture
mechanics model for fatigue crack initiation and propagation from
single artificial and actual pits based on two differentstress intensity
factors. However, in their model, pit nucleation and growth were not
considered.

Zamber and Hillberry' recently developed an effective proba-
bilistic approach for predicting fatigue life (based entirely on crack
propagation) of corroded 2024/T3 aluminum, and the predictions
were verified with experimental data. In their model, the crack ini-
tial life was assumed to be small compared with the total life and
was neglected. This approachmight lead to significant errors if both
the applied cyclic stress and pitting corrosion level are low (i.e.,
there is a prolonged period of fatigue crack initiation life due to
high-cycle fatigue'!), which may take a large portion of the total
life. Recently, Wang et al.!? presented a simple analytical and prob-
abilistic model for predicting the corrosion fatigue life in aluminum
alloys by considering all stages of the corrosion-fatigue process.
The results obtained indicate that crack initiation life varies approx-
imately 10-40% as compared to crack propagation life. Although
much is understood regarding the growth stage of corrosion fatigue,
there is little information regarding the initiation and growth stages
of pitting corrosion from simulation models.

For the past few years, the investigators have been studying the
structural integrity and durability issues related to aging aircraft
structuresand materials. To furtherunderstandand predictdurability
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Fig. 1 Cumulative distribution function fits for initial pit area and the time for crack initiation for the pit area data reported by Zamber and

Hillberry.!

issues of aging aircraft materials and structures, the problem of pit-
ting corrosionand corrosion fatigue is investigated. Specifically, the
present study is aimed at investigating the pitting corrosion classi-
fication, distribution, and prediction of corrosion-fatiguelife using
artificial neural network models. The results obtained are validated
with existing experimental data and other analytical models.

II. Pit Size Classification

Because of the large distribution of pit sizes in aircraft materi-
als, it may be necessary to use several distribution functions rather
than a single distribution function to represent initial pit character-
istics found in the literature. For example, the experimental data
of Zamber and Hillberry'® indicated that pit sizes ranged in area
from 629 to 26,017 um?. In many probabilistic models of aircraft
aluminum corrosion, a single probability distribution is often used
to represent initial corrosion pit characteristics. Based on available
data, this practice appears inaccurate because one function can-
not properly represent an entire range of pit data. For example,
Fig. 1 shows the cumulative distributive function for the pit area
data (n =26) reported by Zamber and Hillberry.'® The calculated
times for crack initiation (for pit growth) based on the work of Har-
low and Wei® are also shown in Fig. 1 for comparison. It can be
seen from Fig. 1 that it is very difficult to fit a single distribution
function to the data of either pit area or the time for crack initiation.
Accurate distribution fits can be achieved if the pit size data range
is classified into smaller groups. Therefore, one of the objectives
of this study is to classify the pits according to size and find a best
probabilistic fit for the classified pit distributions.

With regard to the classification of pit growth, it can be seen from
the data presented in Fig. 1 that there is an obvious need to classify
the pit growthinto various groups/regions, so thata valid distribution
function can be fitted to the experimental data. The classification of
pit growth is carried out using probabilisticneural networks. A brief
introduction to probabilistic neural networks is presented hereafter
for clarity.

Probabilistic neural networks (PNN) are software-based models
inspired by the decision-making and problem-solving processes of
biological nervous systems. The PNN have been used for the pur-
poses of classification, mapping, and associative memory.'>* PNN
have been used successfully to classify electrocardiograms as ei-
ther normal or abnormal, to identify ship hulls from sonar data,

to determine sheep eating phases based on sound recordings, to
identify gemstones based on spectral information, and to clas-
sify many other data sets based on image or sound data (URL:
http:/www.maths.uwa.edu.au/~rkealley/ann_all/ann_all.html).

In this study, MATLAB’s® PNN function was used to classify
initial pit sizes. In MATLAB,!? the training data set is entered as a
single row matrix, and the corresponding target data set is entered
as a separate single row matrix. These two matrices are then fed
to the NEWPNN function for training. On training, the network is
ready to receive new data for classification. In the present study, a
PNN was used to classify the corrosion pits based on pit sizes, as
well as length of time for crack initiation. Note, however, that the
pits are assumed to be circular in cross section. The pit size used in
this study is defined as the radius of a circular pit with the same area
as that of the pit seen on a real specimen.

A PNN is developed to classify the pit size data reported by
Zamber and Hillberry'® into three groups. Based on the results pre-
sentedin Fig. 1, it appears that the data fit naturally into three groups.
These groupsare numbered 1-3, with group 1 representingthe short-
est length of time for crack initiation (380-860 days), and group 3
representing the longest (2541-2826 days). Half of the data points
were used to train the network, with either pit size (defined by radius
by assuming the pit to be of circular shape) or time for crack initia-
tion as the input and classification group number as the output from
the network. The network training and testing results of pit size clas-
sification are shown in Fig. 2. Note from Fig. 2 that the developed
probabilistic network is able to classify the pit size data reasonably
well. However, more data are needed for further classification and
testing using the developed network. To extend the results of this
study, additional pit size and/or time for crack initiation data could
be incorporated to create continuous data ranges.

III. Pit-Growth Probability Distributions

Based on a review of the literature, we selected the gamma, nor-
mal, and Weibull probability distributions to determine which func-
tion provides the best representationof the data and determine their
fit to each of the pit size classification groups. MATLAB’s proba-
bility toolbox was utilized to fit functions, and time data were nor-
malized by dividing by 10* before performing the fits. The gamma,
normal, and Weibull distributions used in this study are defined
accordingto Eqgs. (1), (2), and (3), respectively. These distributions
can be found in the statistical toolbox in MATLAB software.
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Table1l Cumulative distribution parameters for the three classified pit size ranges

Gamma Normal Weibull
Group a b r? n o r? a b r?
1 9.63 3.95E-03 0.936 3.80E—-02 1.31E-02 0.928 3.35E4+04 3.30 0.928
2 74.8 1.25E-03 0.964 9.36E—-02 1.1SE-02 0.963 1.76 E4+09 9.19 0.952
3 1260 1.00E—-04 0.934 0.125 3.79E-03 0.937 3.43E408 9.53 0.953
1 o necessary to use several distribution functions rather than a single
2 distributionfunction to representinitial pit characteristicsdue to the
£ 0 ® Training 2 large distribution of pit sizes in aircraft materials.
Sos |
.‘g o Group 2 g Group 3 . .
s Test o® IV. Corrosion-Fatigue Neural Network Model
uE 0.6 1 o Corrosion fatigue is a process and is an outcome of synergis-
'% o. tic interactions among the environment, material microstructure,
2 S and cyclic loads. The goal of this study is to explore the possibil-
Boa ) ity of using neural network models for predicting the fatigue life
% Group 1 ° © of aging aircraft panels affected by corrosion-fatigue damage. It
2 o ° is anticipated that the development of neural network models will
2 021 .O complement the existing analytical, experimental, and numerical
£ o) methods. Neural networks are computational models that can ob-
o o * tainknowledgeof a processby training with sample inputand known
o hd ‘ ‘ ‘ output data. Backpropagationneural networks are very popular for
0 0.04 0.08 012 approximating nonlinearrelationships. Different types of networks
Pit Size (mm) have been used successfully to model the behavior of engineering

Fig. 2 Probabilistic neural network results of training and testing for
initial pit size classification, based on the data reported by Zamber and

Hillberry.!
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Fig. 3 Gamma distribution function fits for the three classified initial
pit size ranges.

Gamma distribution function,

p:F(x|a,b)=Wl(Q)/ t“%}xp(—%)dt (1)
0

Normal distribution function,

1 ! —(t — )?
— /mexp[ o2 :|dt )

‘Weibull distribution function,

p=F(lpo)=

p=F(x|a,b)= / abt® ' exp(—at®) dt 3)
0

The results of distribution functions and their constants are sum-
marized in Table 1. The results of best fit (gamma distribution func-
tion) for the three classification groups are shown in Fig. 3. Overall,
the gamma distribution function fits well with the three classified
groups based on the r2 values. It is evident from Fig. 3 that it may be

problems.

Just as the most important part of any physical modeling process
is the proper selection of the parameters involved, the same is also
true of the neural network methodology. Because the neural net-
work models predict the output parameter as a function of the input
parameters, it is of utmost importance to choose all of the proper
causal parameters that have a significant effect on the output para-
meter and characterizethe phenomenauniquely. At the same, it must
be keptin mind that, althoughneural networks have been thoughtof
as black boxes, selecting too many (insignificant) parameters may
adversely affectthe training of the neuralnetwork. Hence, for proper
applicationof this approach, the input parameters have to be chosen
carefully to achieve a reasonable model of the process.

The most important factors that determine the corrosion-fatigue
life of the panels are the fatigue loading and corrosion environment.
Fatigue loading is characterizedby maximum stress amplitude Ao,
stress ratio R, and the frequency of loading f. The duration of ex-
posure D, of the material to the corrosive environment is also
consideredin developing the neural network model. Apart from the
external parameters, the geometry of the crack is also a very impor-
tantfactor for accurately modeling the corrosionfatigue mechanism.
The critical pit size a.;, defined as the pit size when a crack initiates
and begins to grow from a corrosion pit that can be measured by
SEM and TEM techniques in the laboratory, is used in the present
model and is shown in Fig. 4. The initial pit size a, represents the
material heterogeneity and manufacturing quality of the structural
component. The final crack size a,, before failure (as defined by
the user or the inspection criteria), is also used as one of the input
parameters. The final crack size is associated with the failure con-
dition, the experimental termination condition, or the replacement
or repair condition of the panel. However, in this study, it represents
the detectable crack size, which can be measured by nondestructive
techniqueslike eddy currentor ultrasound that will help in the main-
tenance planningof the aging aircraft components. It is necessary to
define the initiation life at this point, which is defined as the number
of'load cycles it takes for an initial pit of size a, to grow to a critical
size a;, after which it transforms into a crack. Similarly, the propa-
gation life is the number of loading cycles required for the initiated
crack of size a,; to grow to a final failure size of a .

A multilayer, feedforward neural network with a backpropaga-
tion learning algorithm was used in this study. Figure 5 shows the
schematic representation of the neural network model developed
and the parameters affecting the corrosion-fatiguebehavior. A total
of seven parameters were used to model both the corrosion and
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Fig. 4 Schematic of the corrosion fatigue crack growth defining critical pit size.

- ~
// 1. Stress amplitude (AG)\\\\

/ 2. Duration (D) \
// 3. Stress ratio (R) \
! 4. Loading frequency (f) \I
\ 5. Initial pit size (a,) |
\\ 6. Critical pit size (a;) /

. 7. Final crack size (ay) ) V4
\\\ P _

QO e O

O\OMONMMI
oi (1 (1 Network

Outputs

e Initiation Life (N;)
¢ Propagation Life (N,)

Fig. 5 Schematic of neural network architecture and the input/output
parameters affecting the corrosion-fatigue behavior of aircraft panels.

fatigue phenomena and were chosen as input to the neural network
model. Both the initiation life (defined as the number of load cycles
it takes for a pit to grow to a size required for crack initiation) and
the propagation life (defined as the number of load cycles required
to grow an initial crack to failure) were used as the outputs for the
neural network model to see how they are affected by the various
input parameters.

The data for the network was obtained from various studies pub-
lished in the literature %1% Because there was a lack of sufficient
data quantifying the initiation and propagation lives separately, the
analytical equations suggested by Wang et al.'?> were used to com-
plement the missing life data (either initiation or propagation life)
for training. The reason behind using these equations is that these
equations take into account the nucleation of pit, whereas other an-
alytical methods do not consider the pit nucleation in the initiation
life. Hence, the neural network was trained with a total failure life
identical to the experimental values, but with an initial life as pre-
dicted by equations.'? Each of the input variables was normalized
so that all of the data lie between 0 and 1, which is recommended
for proper training of neural networks. A set of nine specimens was

set aside for validating the developed neural network. The results
obtained for these specimens are presentedin the following sections.

A. Sensitivity Study

A relatively large scatter, of several orders of magnitude
(10*-10%), was observed in the pit sizes and experimental lives of
the panels presented as the training set. This limits the ability of the
neural network to train reasonably. Hence, the initiation life, propa-
gation life, as well as the critical pit size values, were normalized
after taking their logarithm with base 10. The training improved
considerably after this numerical adjustment.

Once the proper input and output parameters have been selected
for modeling the corrosion-fatigueprocess, the network architecture
(number of hiddenlayers and nodes) has to be determinedto achieve
amodel thatsimulates the process accurately. The process of obtain-
ing the best network is oftena trial and error process. Hence, the final
network has to be determined after a number of trials. The search
for the best network is done by initially choosing a small network
architecture and subsequently increasing the number of nodes until
the mean square error for training is reasonably low and the outputs
correlate well with the experimental data for the validation set. The
final network, chosen after several trials with various architectures
by changing the number of hidden layer neurons, consisted of nine
nodes in the first hidden layer and four nodes in the second hidden
layer.

B. Training and Validation

The neural network was trained with the data available for cor-
rosion fatigue in the literature. The network converged to a target
mean square error of 0.001 after 9660 epochs. The correlation of
the predictedlife after training vs the life predicted by the analytical
equations, as well as experimental data, is presented in Fig. 6. The
comparisons of the neural network predicted initiation and propa-
gation life is shown in Figs. 6a and 6b, respectively.

The network was validated for a total of nine test specimens. Two
test specimens were those obtained from the results of Harlow and
Wei.8 The predictionsof the neural network are compared with those
of Harlow and Wei® in Table 2. The term N ; in Table 2 is defined as
N; + N,. It can be observed from Table 2 that the predictions of the
presentmodelare closerto the results of Harlow and Wei for the final
failurelives. Predictionsof V; (initiationlife), N, (propagationlife),
and Ny (total fatigue life, N; + N,) for two more test specimens
from Rokhlin et al.” are compared in Table 3, which indicates that
the present model is closer to the experimental results as compared
to Wang et al.!? for both of the test cases. The prediction is also
better than the predictions of Rokhlin et al.® for one test case with a
critical pit size a; of 375 pm.

The predictionsof the remainingfive test specimensare compared
with the experimental data and analytical equationsin Table 4. The
details of predictions (i.e., the sources of the data, the loading, and
the environmentalconditions) are also given in Table 4. It can be ob-
served from Table 4 that the neural network predictionsare closer to
the experimental failure life for most of the test specimens, whereas
the initiation life for all of the specimens is also close to those of
Wang et al.!? The results presented in Tables 2-4 and the compar-
isons between various sources of data indicate the generality and
utility of the neural network developed for predicting the corrosion
fatigue life of aging aircraft panels.
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Table2 Comparison of neural network prediction for fatigue
initiation and failure life for test specimens made of Al 2024-T3
alloy® subjected to fatigue loading with Ao = 90 MPa,
f=10Hz,andR=-1

Neural network

Pit/crack Harlow and Wei® prediction

length, mm N[,Nf N[/Nf N[,Nf N[/Nf

ai=0074 10,100(N;) 015  20,169(N;)  0.23
ap=10 68,100(N;)  0.15  86,708(Ny)  0.23
ai=0.106  30,100(N;) 039  46746(N;) 048
ap=10 77,600 (N;) 039 98246 (Ny)  0.48

Table3 Comparison of neural network predictions for total fatigue
failure life Ny of test specimens made of Al 2024-T3 alloy’ subjected to
fatigue loading with Ao =206 MPa, f =15 Hz, andR = 0.2

Critical Experimental Analytical Analytical Neural
pit depth data prediction prediction network
ag, um  (Rokhlinetal.”) (Rokhlinetal®’) (Wangetal.'?) prediction
170 3.40E4-05 3.50E+05 6.61E4+04 4.27E+05
375 2.20E4-05 2.40E+05 1.90E+04  2.25E405
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Fig. 6a Comparison of initiation life for training set between neural
network prediction and the network input for initiation life.
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Fig. 6b Comparisonofpropagationlife for training set between neural
network prediction and the network input for propagation life.

C. Simulation Results

To observe the effects of the various input parameters on the
fatigue life of the panels, several cases were simulated using the
trained neural network. In this study, the effects of three parameters
(pit size, stress amplitude, and frequency of loading) on the fatigue
life were obtained. The neural network predicted results are com-
pared to the other available results in the literature. The simulation
results are briefly described hereafter.
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Fig. 7a Comparison of initiation and propagation life between neural
network predictions and the analytical model of Wang et al.'?
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Fig. 7b Comparisonoffatiguelife between neural network predictions
and the analytical models and experimental data.

1. PitSize

The effect of increasing the critical pit size (from 0.04 to
0.075 mm) and the corresponding fatigue life predicted for an Al
2024-T3 aluminum panel was studied. Other parameters for this
simulation are Ao =198 MPa, f =10, R=0.1, a; =3 mm, and
ap=0.001 mm. The duration of exposure D, was 144 h. The
simulation results are presented in Fig. 7. Note from Fig. 7a that
there is an increase of initiation life from 1171 to 2125 cycles as the
pit size is increased from 0.04 to 0.075 mm. However, the propaga-
tion life is predictedto decrease from 3.1 x 10° to 2.02 x 10° cycles
for the same increase in the pit size. Figure 7b shows the result of
total fatigue life from the neural network simulation and is com-
pared with the available experimental data and analytical methods.
A reasonably good agreement is seen between the neural network
prediction and the experimental data.

2. Stress Amplitude

The effect of increasing the stress amplitude (from 180 to
265 MPa) and the corresponding fatigue life predicted for an Al
2024-T3 aluminum panel was examined. Other parameters for this
simulation are the same as those just given. The neural network
predicted fatigue life is shown in Fig. 8, along with existing experi-
mental data and analytical solutions. However, the total failure life
predictedby the neural network is more conservativeas compared to
the analytical method for a lower stress amplitude and less conser-
vative for a higher stress amplitude, as can be seen from Fig. 8. The
failure life of the panel decreased from 1.41 x 10° to 4.62 x 10* cy-
cles when the stress amplitude was increased from 180 to 265 MPa.

3. Frequency of Fatigue Loading

To predict the effect of varying frequency of fatigue loading on
the fatigue life, a simulation was carried out where the frequency of
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Table4 Comparison of neural network model predictions of fatigue life for test data

Stress Duration of Experimental data Neural network prediction
amplitude  exposure  Frequency f,  Final crack Critical pit
Source/Ref. Ao, MPa Dexp, h cycles/day  lengthay, mm size ac;, mm N; Ny N; N, Ny
10 198 144 10 3 0.024 ——  3.06x10° 337x10*> 3.06x10° 3.06x 10°
10 198 144 10 3 0.086 —  152x10° 221x10° 1.73x10° 1.75x 10°
10 180 192 10 3 0.125 ——  198x10° 3.17x10* 1.52x10° 1.84x10°
310 336 5 3 0.02 2x 104 ——  264x10* 1.97x10° 2.24x10°
10 198 144 10 3 0.0355 —  275x10° 9.40x10*> 3.19x10° 3.20x 10°
9 206 72 15 10 0.0897 ——  422x10° 8.65x10° 4.18x10° 4.27x 10°
260 X Experimental data [10] ] available in the .lite.rature. The resglts of simulations with Vary@ng
U R T Analytical [12] parameters of pit size, stress ampht}lde, e?nd frequ.ency of loading
g 270 - NN prediction ] are presented, and their effect on fatigue life was discussed.
S N\
g% N \\ V. Conclusions
2230 ANA Y The present study is aimed at investigating the pitting corrosion
E— }\ classification and distribution and predicting the corrosion-fatigue
< 210 N life of aircraft aluminum panels. A PNN was developed to classify
A 190 X the pit size distributions based on the available experimental data.
L \-- . The pit size range was classified into three groups and distributions
D 470 were fitto those three pitsize ranges. Overall, the gamma distribution
functionfitted very well to the experimental data for the three ranges
150 of pitsizes. Also, a neural network model was developedfor predict-
10000 100000 1000000 ing the fatigue life of aircraft panels subjected to corrosion-fatigue

Total Failure Life (Cycles)

Fig. 8 Neural network predictions of fatigue life with increasing stress
amplitude and comparison with the analyticalmodels and experimental
data.
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Fig. 9 Neural network predictions of fatigue life with increasing
frequency of loading and comparison with the experimental data.

loading varied from 1.25 to 20 cycles/day. Figure 9 presents the ini-
tiation and propagation life as a function of the loading frequency.
Other parameters for this simulation are Ao = 180 MPa, R =0.1,
a;=0.112mm, a; =3 mm, anda; = 0.001 mm. The durationof ex-
posure D, was 144 h. The cross mark in Fig. 9 indicates the exper-
imental result for the case with a similar specimen with a frequency
of 198 MPa. The failure life increases from 8.50 x 10* t0 4.2 x 10°
cycles when the frequency is increased from 1.25 to 20 cycles/day.
Because of a lack of information in the literature, the hold time and
shape of the waveform was not considered in this study. However,
for a realistic simulation, the hold time and waveform shape should
be considered when discussing the frequency effect on fatigue life.

D. Discussion

The neural network model developed in this study is able to pre-
dict the final fatigue failure life of the panels with corrosion fatigue
fairly well, as shown in Tables 2-4 and Figs. 6-9. The results were
compared with those predicted by the analyticalmodel developedby
Wang et al.,'?as well as with other analytical and experimental data

loading. The developedneural network model was validated against
the experimental data and other analytical methods available in the
literature. Overall, the neural network predictionscomparedreason-
ably well with the experimental data. Few simulations were carried
out to predict the fatigue life of panels subjected to different dam-
age environments. The results were compared to those predicted by
analytical models. The predictions of the present model were fairly
accurate for most of the panels studied, given the inherent statistical
variation of fatigue data. Overall, this study demonstrates the use of
neural networks for estimating the fatigue life of aircraft structures.

From a practical point of view, the developed neural network
methodologyhas the following advantagesand limitations. Trained
neural networks from various data sources can generalize the fatigue
phenomena and can predict fatigue life very efficiently and easily.
If one is not interested in the crack initiation life, the critical pit size
thatinitiates a fatigue crack is not important in the model. However,
it might help in knowing how much of a portion of fatigue life is
taken for initiation as compared to propagation life, which is im-
portant for high-cycle fatigue. Also, the final crack size, as defined
in the model, can be used as a detectable crack by nondestructive
inspection techniques. The fatigue life predictions obtained from
the present methodology can be used as an aid in evaluating the
remaining life or to schedule the next inspectionin the maintenance
program. To make the present methodology into a useful and safe
tool for fatigue predictions, much more work has to be done. Cur-
rently, we are extending the present methodology into redesigning
the operative environment to have specific fatigue properties for an
aging aircraft structure/component.
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