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Residual Strength and Corrosion Rate Predictions
of Aging Aircraft Panels: Neural Network Study
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The strength of an aging aircraft component deteriorates mainly as a result of corrosion and fatigue damage,
among other failure mechanisms. Corrosion causes loss of material thickness, and the fatigue reduces the strength
as a result of damageat multiple sites in aging aircraft. This paper presents a neural network study of both residual
strength and corrosion of aging aircraft panels. The results obtained from the neural network model are compared
to the analytical and experimental data available in the literature. The results obtained indicate that the neural
network model predictions are in good agreement with the experimental data. To demonstrate the utility of neural
network, several simulations are carried out to predict the trends with varying input parameters.

Nomenclature
a1 = MSD crack length measured from center of hole
a2 = half-crack length of lead crack
b = ligament length
d = average diameter of the hole
L = average MSD crack length measured from hole edge
n = number of holes with MSD cracks
Pc = critical load
R = hole radius D d=2
t = specimen thickness
W = specimen width
± = hole spacing

I. Introduction

T HE strengthof an agingaircraftcomponentdeterioratesmainly
as a result of corrosionand fatiguedamage,among otherfailure

mechanisms. Corrosion is caused by the environmental conditions
under which the aircraft is operated and maintained. However, fa-
tigue damage is caused by the physical operating conditions of the
aircraft.These two phenomenacan act individually,sequentially,or
simultaneously.Corrosioncauses loss of material, thereby reducing
the net load carrying section (net thickness), and fatigue damage
accumulates in the form of small-scalecrackingat variousplaces of
high stress concentrations,such as rivet holes or notches. This type
of damage is commonly referred to as multiple site damage (MSD).
These small cracksslowly grow to coalescewith adjacentcracksand
form a continuous crack, referred to as the lead (or center) crack,
spanning a few rivet holes (see Fig. 1).

Panels with MSD in addition to lead cracks may exhibit a fur-
ther loss in strength, especially panels of ductile materials such as
2024-T3 aluminum.1 Corrosion exacerbates the effects of the stress
and fatigue,notonly when corrosionoccurs simultaneously,but also
as a result of preexisting corrosion.2 Scheuring and Grandt3 have
shown that fatigue life and fatigue crack growth rate of aircraft alu-
minum are adversely affected by preexisting corrosion. Hence, the
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presence of MSD along with corrosion needs to be considered to
more accurately predict the structural integrity of the MSD panels.

Traditionally,various methods have been used for predicting the
residual strength of MSD panels. One method is through exper-
iments on test panels under uncorroded4¡6 and precorroded4;5;7

conditions. The other method is by using the analytical meth-
ods incorporating the elastic and elastic-plastic fracture mechan-
ics approaches.1;5;6 The � nite element method is the third type of
method commonly used to predict the residual strength of MSD
panels.4;8¡10

Until recently, the additionalloss in strengthcaused by MSD was
often ignored in analytical methods. The net section yield method
does not take this aspect into consideration. To explain this phe-
nomenon, Swift11 described an analytical model commonly known
as the linkup model (also known as plastic-zone-touchmodel). This
model takes into account the plastic zone formed in front of the
crack tip due to strong stress riser effects of the cracks (Fig. 1).
Failure (or linkup) load is the load at which the plastic zones from
adjacent cracks touch each other. The linkup model clearly shows
an additional loss in strength from MSD. However, it does not
accurately predict the magnitude of the loss for many geometric
con� gurations.1 A few modi� cations to the linkup model have since
been proposed, through empirical analysis, by Smith et al.1;6 and
have been shown to work well for a variety of geometric con� g-
urations.

Most of the analytical methods developed to predict the resid-
ual strength of corroded MSD panels do not include the material
loss/rate information. Instead, they modify the thickness to predict
the residual strength of MSD panels. Because various factors af-
fect the residual strength and corrosion rates, the neural network
approach is used in this study to complement the existing methods.
Neural networkshavebeen shown to accuratelymodel various types
of physicalphenomena.12¡15 A singleneuralnetworkmodel thatwill
predict residual strength and corrosion rate of corroded MSD pan-
els is developed in this study. The results obtained from the neural
network are compared with other analytical models in relation to
the experimental data as described in the following sections.

II. Residual Strength Methods Used for Comparison
The residualstrengthis themaximumloadanMSD panelcanhan-

dle before failureoccurs.This failuremay be in terms of cracklinkup
or completefailure.Three analyticalmethodswere used for compar-
ison: The net section yield method, Swift’s linkup load method, and
the modi� ed linkup models.6 The analyticalequationsare presented
in Secs. II.A to II.C for completeness.

A. Net Section Yield Method

To determine the residual strength of the panel, this method uses
the net section stress that will cause failure. The residual strength is
calculated as
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Fig. 1 Typical precorroded MSD panel con� guration.

Pcnet D ¾ys t .W ¡ 2a2 ¡ nd ¡ 2nL/ (1)

B. Swift’s Linkup Load Method

The residual strength in the Swift’s method is determined from
the following equation as

Pcswift D ¾ys ¤ t ¤ Wnet ¤
£
b
¯©

a1 ¤ ¯2
h ¤ ¯2

I1
C a2 ¤ ¯2

I2

ª¤ 1
2 (2)

where ¾ys is the panel yield stress, r is the hole radius, and ¯I1 and
¯I2 are the crack correction factors11:

b D .n C 1/=2 ¤ ± ¡ .a1 C d=2/ ¡ a2 (2a)

Wnet D W ¡ n ¤ d ¡ 2n ¤ L (2b)

¯h D [F1=.F2 C a1=r/ C F3] with

F1 D 0:6865; F2 D 0:2772; F3 D 0:9439

C. Smith et al.6 (WSU3) Method

Residual strength from the WSU3 formula developed by Smith
et al.6 is determined from the following equation as

¾C D ¾ys=[C3 .a2=b/ C .C4 C 1/] (3)

where the empirically determined constants are C3 D ¡0:1806 and
C4 D 0:4791.

III. Neural Network Approach
Neuralnetworksare computationalmodels that canobtainknowl-

edge of a process by training with sample input and known output
data.Back-propagationneuralnetworksareverypopularforapprox-
imating nonlinear relationships. These networks are one of several
different kinds of neural networks and have been used successfully
to model the behavior of engineering problems.

The characterizationof corrosionbehavior in aircraft materials is
very complex. It is also very dif� cult to quantitatively evaluate the
extent or nature of corrosiondamage. In addition to these problems,
aircraft materials are intended to be corrosion resistant. Although
that is good for the aircraft, it creates dif� culty because tests that
are done in even the harshest aircraft environmentscan take several
years to produce a specimen with signi� cant corrosion.Correlation

Table 1 Input values corresponding to
various corrosive environments

Environment type Input value

Saturated hydrogen sul� de 1
Saturated carbon dioxide 2
Saturated sulfur dioxide 3
Aircraft carrier deck exposure 4
Modi� ed ASTM B386 acetic acid 5

salt fog test with pH D 2.5

Fig. 2 Input/output parameters affecting strength and corrosion be-
havior of MSD panels in the neural network study.

between accelerated corrosion tests and the actual environments
experienced by aircraft are almost completely qualitative. These
problems, along with residual strength prediction of MSD panels
under corrosion environment, can be effectively addressed with a
neural network approach.

A neural network model is developed for predicting the residual
strength and corrosion parameters of MSD panels of aging aircraft.
A multilayer, feed-forwardneural network with a back-propagation
learningalgorithmwas used in this study.Figure 2 shows the param-
eters affecting the corrosion behavior and residual strengthof MSD
panels. A total of 13 parameters as used to model both the phenom-
ena. All the parameters except material type designator and corro-
sion environmentare continuousvariables.Material type designator
can take integer values from one to four, depending on whether the
material belongs to the 2xxx, 3xxx, 6xxx, or 7xxx series of air-
craft aluminum, respectively. Similarly, the corrosion environment
can take integer values from one to � ve, depending on the type of
environment, as shown in Table 1.

The three outputvariablesare the residualstrength, the American
SocietyforTestingandMaterials(ASTM)G34 corrosionrating,and
the material loss rate (expressed in cm/cm2-days). It is important to
note that the material loss rate is the thickness lost per unit area
per elapsed days of exposure. The ASTM G34 ratings have been
fuzzi� ed to numeric values according to Table 2. The geometry of
all the panels used for developing and testing the neural network
model is presented in Table 3.

The data used for developing the neural network model were
obtained from experiments reported in the literature.The data were
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Table 2 Numerical conversion of ASTM G34 rating

Rating Environment type Input value

N No appreciable attack 0
P Pitting 0–0.2
EA Super� cial exfoliation 0.2–0.4
EB Moderate exfoliation 0.4–0.6
EC Severe exfoliation 0.6–0.8
ED Very severe exfoliation 0.8–1.0

Table 3 Geometry of MSD panels used as training set

Width Thickness Yield strength Hole spacing
Reference/panel ID (cm) (cm) (MPa) (cm)

(2024-T3)a 60.96 0.1575 275.82 2.54
(7075-T6)a 60.96 0.1575 441.28 2.54
[5] (all) 22.86 0.2286 374.39 1.905
WSU (10–12, 24–26)b 60.96 0.1600 310.27 2.54
WSU (13–23, 27–30)b 60.96 0.1600 275.80 2.54
[7] (all) 7.62 0.1600 310.04 7.62

aSee Ref. 4. bSee Ref. 6.

Fig. 3 Convergence of mean square error for the neural network.

taken from several sources, including Luzar,4 Moukawsher et al.,5

Smith et al.,6 Sivam and Carl,7 Tankins et al.,16 and De Renzo.17 A
set of the data was set aside for testing the network for generality.To
avoid a situation in which the network might memorize the training
set instead of generalizing, a large set of data was generated from
the original training dataset, using a random data generator.

The network chosen for this study consisted of two hidden layers
of 25 and 10 neurons,respectively.The learning rate for the network
was 0.01, and the momentum term was 0.9. The network converged
to a targeted mean square error of 0.01 after 2805 epochs. The
mean square error of the network while training as well as testing
for the training set data is shown in Fig. 3. Although the testing
error was initially lesser than the trainingerror, it starts approaching
the training error and may exceed the training error after a few
epochs, thereby causing overtraining. Hence, training needs to be
stopped once this situation arises. However, the target error of 0.01
was achieved before such a situation arose, thereby automatically
stopping further training.After the neuralnetwork is trained, testing
is carried out to see how the network performs under unknown
conditions.

IV. Results and Discussion
The results of residual strength and material loss/rate obtained

from the neural network model are compared to the existing analyt-
ical models and experimental data available in the literature. After
the trained results were validated, sensitivity analysis of the neural
network architecture and simulations were carried out to demon-
strate the utility of the neural network model.

Table 4 Percent error in residual strength on the neural network
training set from different methods

Net section Swift’s Modi� ed
Number yield method, linkup load, linkup load,a Neural

Reference of panels Eq. (1) Eq. (2) Eq. (3) network

4 8 133.45 45.63 31.11 4.89
5 12 32.57 36.44 45.63 2.68
6 18 52.95 8.56 7.81 10.51
7 19 8.30 —— —— 4.57
aSee Ref. 6.

Fig. 4 Correlation of neural network predictions of residual strength
compared to the experimental data.

A. Validation

The correlation coef� cient for the neural network predictions of
residual strength was high for both the training set (0.988) and the
testing set (0.97). Table 4 presents the maximum error for different
panels using various analytical methods and the neural network
method as compared to the experimental data. It can be seen from
Table4 that thenet sectionyieldmethoddoesnot predict the residual
strength very well. The linkup model developedby Swift11 predicts
better than the net section method. The modi� ed linkup models
proposed by Smith et al.6 further improve these predictions. The
neural network model, developed in the present study, was able to
train well and predicts the residualstrengthbetter than the analytical
models for the training set. Figure 4 compares the predictions from
the neural network with the experimental data for all the panels in
the training set.

Table 5 presents thepredictionsfrom the differentanalyticalmod-
els and the neural network models, along with the experimental
data, for the testing set. Although the analytical methods predict
better than the neural network model for a few panels, overall, the
predictions from the neural network are consistently close to the
experimental data.

The neural network is able to predict fairly well the corrosion
rate and the ASTM rating for the panels. Figures 5a and 5b compare
the corrosion rate and the ASTM rating predicted for the panels in
the training set with the experimental data. As observed from these
� gures, the network model captures the corrosionphenomenafairly
accurately.

B. Sensitivity Analysis

Different neural network models were considered for the sensi-
tivity analysis in this study. In the � rst model, the total number of
holes in the MSD panel was used as one of the inputs. However,
this was redundantbecause it also includes the holes within the lead
crack. Hence, only those holes with MSD were used for developing
the � nal model.

The third output was originally chosen to be the cm/cm2 of mate-
rial lost. This was later factoredby the durationof exposurebecause
the range of the values for the material lost was several orders of
magnitude in size, which caused problems while training.

The network architecture is a very important factor in achieving
the best model. Hence, different network architectureswere tested,
and the one with the highercorrelationcoef� cient for the testing set,
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Table 5 Prediction of residual strength for the testing set from various methods

Experimental Neural network Net section yield Swift’s linkup
Reference Specimen ID strength (kN) model (kN) method (kN) load (kN)

4 2024-T3 112.23 109.11 123.52 69.78
4 7075-T6 92.73 86.22 325.74 143.96
3 RS-01a 156.72 173.29 115.99 116.05
3 RS-04c 160.94 159.58 93.76 93.12
6 WSU 12 112.18 107.65 158.62 114.04
6 WSU 19 94.94 92.54 141.80 87.15
6 WSU 26 83.70 76.37 124.99 85.42
2 10 27.59 30.00 28.83 ——
2 17 20.06 16.77 21.80 ——

a) ASTM G34 rating

b) Corrosion rate

Fig. 5 Comparison of neural network results of corrosion rate and
rating against experimental data for the training set.

as well as the training set, was used. Initially, a large network was
chosen for training.After the networkwas tested for proper training,
the numberof nodes was systematicallyreducedto achievethe right
combination of hidden layers that can predict the outputs within an
acceptable range of error. The initial architecture consisted of 32
neurons in the � rst hidden layer and 16 in the next layer. The � nal
network has 25 nodes in the � rst hidden layer and 10 nodes in the
next layer.

C. Simulations

To examine the generalization ability of the network in predict-
ing the outputs for differentconditions,two sets of simulationswere
done. The � rst set consisted of six simulations for ascertaining the
effect of the geometric parameters affecting the residual strength.
Each simulation tested the effect of a particular input parameter on
the predictionsfor a particularpanel.Speci� cally, the effectofmate-
rial loss on the residual strengthof Boeing2024-T3-14 and RS-01b5

panels, and the effect of varying hole diameter and MSD crack
lengths on the residual strengthof RS-01b5 and Boeing 7075-T6-14

panels, were investigated. The results for all these simulations are
presented in Figs. 6a–6f along with the valuespredictedby the three
analyticalmethods. In these � gures, Pcnet represents the critical load

(in kN) predicted by the net section yield method, which is given by
Eq. (1). Similarly, PcSwift and WSU3 represent the critical loads pre-
dictedby the Swift linkupmethod in Eq. (2) and the modi� ed linkup
load methods in Eq. (3), respectively. The critical loads predicted
by the neural network are in fair agreement with the predictions of
the linkup models for these simulations, and are also closed to the
experimental data.

1. Effect of Material Loss

The effect of increasing corrosion on residual strength of the
MSD panels is shown in Figs. 6a and 6b, which compare the anal-
ysis methods with test results from Moukawsher et al.5 and Luzar,4

respectively.As expected, the residualstrengthdecreasesas the ma-
terial remainingafter corrosiondecreases.Luzar has shown that the
strength in precorroded MSD panels can be predicted by simple
accounting of corroded material loss for 2024-T3-cladmaterials. It
can be seen from Figs. 6a and 6b that the analyticalmodels, as well
as the neural network model, are able to predict the strength quite
close to the experimental data.

2. Effect of Hole Diameter

The effect of hole diameter on the residual strength of RS-01b5

and Boeing 7075-T6-14 panels is shown in Figs. 6c and 6d, respec-
tively. Other geometric parameters being constant, it can be seen
from Figs. 6c and 6d that the increase in the hole diameter causes
a decrease in the residual strength of the panel. The neural network
model is able to capture this effectwell and also predicts the strength
close to the experimentaldata. The two linkupmodels are also close
to the experimental data.

3. Effect of MSD Crack Length

The effect of MSD crack length on the residual strength of
RS-01b5 and Boeing 7075-T6-14 panels is presented in Figs. 6e
and 6f. Although the neural model captures the trend properly for
both the materials, the results using the WSU3 modi� ed linkup
model are close to the experimental values.

The second set of simulationswas conductedto observethe effect
of durationof exposure,material type,and corrosionenvironmenton
the corrosionbehavior.Eight corrodedpanels were simulated in this
set. The effect of the duration of exposure (about 800 days) to two
environments (aircraft carrier and ASTM B386) on the corrosion
behavior of 7XXX and 2XXX aluminum materials was predicted.

4. Effect of Duration of Exposure

The results of the corrosion rate for both 7XXX and 2XXX air-
craft materials under the two corroded environments are shown in
Figs. 7a–7d. It can be seen from Fig. 7a that the corrosion rate
of 7XXX material decreases by 20.5%, compared with 36.6% in
2XXX material, after exposure to an aircraft carrier environment
for 800 days. Similarly, in Fig. 7b, the ASTM rating value increases
by 18.6% for 7XXX material, and it increases by 23.0% for 2XXX
material. Similar trends are observed for these materials under the
ASTM B386 environment in Figs. 7c and 7d. Although the cor-
rosion rate of 7XXX material decreases by 2.7% after exposure
for 800 days, it decreases by 12.4% in 2XXX material. After an
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a) d)

b) e)

c) f)

Fig. 6 Effect of various neural network simulations on residual strength prediction and comparisons: a) comparison of the critical load with
experiments [5] for Rs-01b, b) comparison of the critical load with experiments [4] for 2024-T3-1, c) comparison of the critical load with experiments
[5] for RS-01b,d) comparison of the critical loadwith experiments [4] for 7075-T6-1,e) comparison of the critical load with experiments [5] for Rs-01b,
and f) comparison of the critical load with experiments [4] for 7075-T6-1.

a) c)

b) d)

Fig. 7 Effect of various neural network simulations on corrosion behavior prediction: a) effect of aircraft carrier environment on the corrosion rate,
b) effect of aircraft carrier environment on corrosion rating value, c) effect of ASTM B386 environment on the corrosion rate, and d) effect of ASTM
B386 environment on the corrosion rating value.
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exposure of 800 days, the ASTM rating value for 7XXX aluminum
increases by 1.6%, and that for the 2XXX aluminum increases by
18.0%.

The results obtained from the neural network studies indicate
that 7XXX aluminum deteriorates more than the 2XXX aluminum
under both kinds of corrosive environments considered. However,
in general, 2XXX aluminum has lower corrosion resistance capac-
ity because of the presence of copper in the alloy.18 Other factors,
which need further investigation, may affect the corrosion resis-
tance. Based on the results presented in Figs. 7c and 7d the ASTM
B386environmentcausesmore deteriorationthan theaircraftcarrier
environment of the aluminum materials considered in this study.

V. Conclusions
A neural network study was carried out to investigate the resid-

ual strength and corrosion behavior of aging aircraft panels. The
results obtained from the neural network are comparedwith the var-
ious analytical models and experimental data. The results obtained
indicate that the modi� ed linkupmodel6 (WSU3) and the neuralnet-
work are both effective models for predicting the residual strength
of the MSD panels for a wide variety of con� gurations. Also, the
neural network model developed in this study is able to predict the
corrosion behavior of the MSD panels in addition to predicting the
residual strength.Currently, the neural network model is being inte-
grated with corrosion fatigue and crack-growth models to estimate
the structural integrity of aging aircraft panels.
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