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Structural Integrity Redesign Through
Neural-Network Inverse Mapping
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A neural-network inverse mapping approach was used in a structural integrity redesign problem to achieve
the desired strength, corrosion, and fatigue properties. Also, through the inverse-mapping procedure the relative
importance of damage parameters was obtained for two trained neural-network models. The damage parameters
corresponding to a given strength and corrosion rate are predicted in one network, whereas the damage parameters
corresponding to a given corrosion fatigue life are predicted in the other network. The results obtained from the
inverse mapping procedure are compared with actual panel configurations and environments and experimental
data. The results obtained through the inverse-mapping procedure are found to agree well with the experimental
data, thus demonstrating the feasibility of the approach for the structural integrity redesign of aging aircraft

structures.

I. Introduction

HE strength and durability of aging aircraft structures depend

on various parameters like loading spectrum, material, geome-
try, and environment. Changes in the structural durability of aircraft
structures might affect the performance to such an extent that re-
medial measures might 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. Alternatively, the
repair might even be postponed until the aircraft is taken out of ser-
vice for scheduled maintenance. In the latter case it might become
important to adapt operational usage to limit or even stop the dam-
age growth. If sufficient knowledge exists to relate damage rates
to mission types, this can be achieved by conditioning monitoring.!
Maintenanceand repair of the structure will be easier if it is possible
to obtain the maximum allowable values of the damage parameters
so that the structural health of the aircraft does not adversely affect
performance.

Consider a problem where an aircraft panel/structure is to be
redesigned or repaired to achieve a particular reliability (strength,
corrosion, or fatigue characteristics). In the normal design of such
structures, only the structural failure mechanisms such as yielding,
buckling, fracture, etc. are considered. However, the redesign of the
structure should also take into account other damage mechanisms
such as multiple-site damage (MSD), corrosion fatigue, and creep
fatigue that will affect the durability of the structure. Therefore, the
possibility of integrating structural design and selection of operat-
ing environment parameters with damage prediction for structural
redesignis explored in this paper. This concept can also be used for
stipulating flight requirements to aging aircraft.

Two neural-network (NN) models were developedto approximate
the damage MSD and corrosion and corrosion-fatigue mechanisms
in Refs. 2 and 3. The different damage parameters affecting the
structural integrity can act together in different combinations to
give a desired damage characteristic. For instance, an aircraft panel
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might have a large lead crack and a small MSD crack size but still
have the same strength as a panel with considerably smaller lead
crack and a slightly larger MSD crack at the rivet holes. However,
because the NN is trained by updating the weights according to
the importance of an input node for the output (strength, corrosion
rating, or fatigue life) we can use the weights of the network as
a means for obtaining the critical damage (input) parameters. The
networks would produce sets of input parameters that correspond
approximately to a given set of desired reliability properties. This
might help in better understandingthe interactionbetween the input
parameters (geometric, fatigue, and environmental parameters of
the panel) and the outputs (reliability properties) of the NN model.

To fulfill the objectiveof achieving the damage parameters corre-
sponding to a particulardesiredreliability, we explore the method of
inverse mapping that will utilize the knowledge stored in the trained
NNs. In this study we have gone a step furtherand tried to predict the
relevance of the damage parameters in the damage process by using
the knowledge stored in the NNs. We rank order the damage para-
meters according to their relative importance in the damage mech-
anism by using the sensitivity of the outputs caused by the changes
ininputs through NN inverse mapping. The inverse-mappingproce-
dure was investigated for two NNs that capture the residual strength
for MSD panels and corrosion-fatiguelife of aircraft materials.

II. Inverse-Mapping Procedure

The procedure of inverse mapping using NNs has been used to
solve engineering problems in various fields. For example, in re-
mote sensing the geophysical parameters are obtained from mea-
surements made by sensors,! using iterative inversion of NNs. In
robotics the inverse kinematics problem, with the objective of com-
puting the positions of joints that yield a given location for the arm,
is solved using inverse mapping with NNs.3>-6

The inverse-mapping methodology is a procedure to obtain the
values of the input parameters that correspondto a particulardesired
value of the output(s). Figure 1 shows a flowchart of the inverse-
mapping algorithm. The algorithm starts by predicting the outputs
O; from the NN model for a random input vector and compares
the outputs with the desired values 7; provided to the algorithm.
Subsequently, the error, if any, between the predicted and desired
outputs is backpropagated through the network layers to the input
layer. Each of the inputs is then adjusted according to the error that
the input node receives and the weight associated with the con-
necting link. This process of predicting the output and updating the
inputs is done iteratively, until the NN model has achieved the set
of desired outputs with reasonable accuracy. This is similar to the
gradient descent method used in the forward training of the NN,
except that gradient descent is applied to the inputs rather than the
weights of the NN. The inputs of the network can be adjusted using
the following equation:
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where n, is the number of outputs, e; is the error at the i th output,
is the network learning rate, X(k) represents the adjusted input after
the kth iteration, and X(k + 1) represents the new input after (k 4 1)
iterations.

This equation is similar to that used for adjusting the weights in
neural networks. However, the error is differentiated with respectto
the inputs instead of the weights. Expressing this statement in terms
of changesin the NN algorithm means that the backpropagationof
error is done through one additional layer, namely, the input layer,
thereby changing the values of the inputs.

Figure 2 shows the schematic descriptionof the NN inverse map-
ping. While performing backpropagation of the error, the weights
of the trained network are not changed because the trained weights
are assumed to represent a sufficiently accurate functional relation-
ship between the inputs and outputs. Hence, the effectiveness of
this approach is contingentupon the proper training of the forward
network for prediction.

The problem of inverse mapping is similar to regular optimiza-
tion techniques, except that, rather than the output itself, the objec-
tive function in inverse mapping is the error J between the desired
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Fig.1 Flowchart of the inverse-mapping algorithm.
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and predicted output, which is minimized by the gradient descent
method by changing the input vector. In most engineering prob-
lems the optimization techniquesused are constrained optimization
techniques because many solutions obtained from unconstrained
optimization might not be feasible. The same argument is true for
inverse-mapping techniques in engineering as well. In the present
study care has been taken while writing the computer code to con-
strain the input space during inverse mapping so as to get feasible
damage parameters. However, unlike many optimization techniques
there is no penalty associated with the constraints. Instead, the value
of a particular input remains unchanged once it reaches the bound-
ary of the feasible space. Differentcombinationsof input parameters
can produce the same output values. We choose to keep certain in-
puts steady while varying the other inputs to obtain the different
combinations. Given a desired output value, it is possible to obtain
the values of a few inputs, while the values of the rest are providedto
the network. This might correspond with the situation where some
of the damage parameters cannot be changed for a given structure.
For example, an aluminum panel, present as part of an operational
aircraft structure, will already have rivet holes, and the diameter
and spacing of the holes cannot be changed while redesigning. The
computer code developed in this study for inverse mapping can be
also used to obtain the input parameters for desired value(s) of a
single or multiple output parameters.

III. Relative Importance of Operating Parameters

Several operating parameters affect the structural durability of an
aging aircraft structure. Hence it is important to understand which
parameters are more important, thereby emphasizing those para-
meters in predicting structural integrity. Specifically, the goal of this
study is to obtain the relative importance of the damage parameters
related to the operating environment for a given damage mecha-
nism. This will help identify the damage parameter most critical to
the structure’s integrity. The relative importance of parameters is
achieved through the backpropagatingalgorithmin the NN method.

Whilebackpropagatingthe error from the outputto the inputin the
inverse-mappingapproach (Fig. 1), the input update takes place by
using the derivative of the output mean-square error £ with respect
to the input /; as shown in Eq. (3). However, the output error is a
function of the output and the target:
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In this study we use the backpropagatingalgorithm to obtain the
derivative of the outputs O; with respect to the inputs /;. In particu-
lar, the outputis also backpropagated,in addition to the error, and is
differentiatedwith respectto the input. This quantity (3 O;/d1; ) is the
gradient of the output with respect to the particularinput. We aver-
age this derivative over the whole training set, which represents the
typical input space for the problem. As the training error converges,
so do the derivatives, thereby giving the converged average values
of the derivatives over the entire input space. We will then have a
matrix of averagedderivatives of the order n, x n;, where n, and n;
are the number of outputs and inputs, respectively. If the value of
the average derivative for a particularinput is very small compared
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Fig.2 Schematic of inverse-mapping network.
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to those for the rest, it can be safely assumed that the particular
input is less important in the input space considered. This is easily
inferred because a smaller value of the derivative implies that the
change in the input has a small effect on the output. It was observed
that the relative final values of these derviatives, after nearly 10,000
epochs, were similar to those in the middle of training (around 1000
epochs). If in the middle of training the derivative was smallest for a
particularinput, the derivative remained smallest for the same input
in the last epoch as well. Thus, after a few iterations the network
is able to ascertain the relative importance of the input parameters.
This simple methodology worked well in determining the impor-
tance of the network inputs (damage parameters). However, for the
importance prediction by this method to be valid for a large input
space, training examples might need to be provided for a similar
input space.

IV. Results and Discussion

The inverse-mapping procedure and the relative importance of
parameters affecting a particular damage mechanism are applied to
two trainednetworks. One is residual strength and corrosionrate net-
work (NN I), and the other is the corrosion-fatiguenetwork (NN II).
The details of these forward networks model can be found in Refs. 2
and 3. Both the developedneuralnetworkmodels (NN I and II) have
successfully captured the underlying physical relationshipsin var-
ious damage mechanisms and are used in the current study for re-
design of the aircraft structures. The results pertaining to structural
redesign for these two networks are described next.

Redesign for Residual Strength and Corrosion Rate

The parameters affecting only the residual strength of the panel
are panel width, number of holes, hole diameter, center crack length,
average MSD crack length, and material lost, whereas those affect-
ing the corrosion rate and corrosion rating of the panel include the
material type, corrosion environmenttype, yield strength, tempera-
ture, and the duration of exposure. Yield strength and panel thick-
ness are the two inputs that are common to both these phenomena.
After developing the neural network model (NN I) for predicting
the residual strength and corrosionrates,” inverse mapping was per-
formed on the network, and the values of the damage parameters
were obtained for desired strength and corrosionrates. The inverse-
mapping network converged to within 2% of the desired strength
and corrosion values, in fewer than 100,000 iterations, for all of

age parameters can result in the same strength or corrosion rate in
the panel). Therefore, we constrained certain damage parametersin
the network and predicted the rest of the damage parameters.

A set of eight panels was used to test the damage parameter
prediction for desired residual strength. Table 1 presents the results
for these cases. For all of the panels, the residual strengths were
close to the desired values. However, the damage parameters were
different from the experimental values for a few panels. For the
Boeing’ panel B7-3 the thickness mapped by the network is nearly
the same as that of the test panel with the rest of the input parameters
being the same. For cases 1-4 in Table 1 where a single input is
mapped, although the rest of the panel configurations are kept the
same the inputs predicted are within 10% of the experimental data.
For case 5 (RS-05b panel®), however, for the same strength the lead
crack size predicted by the network is 17% less, whereas the pitch
of the rivet holes is 9.7% higher than the experimental data. For
case 6 (RS-05b panel®) smaller lead crack and larger MSD crack
give almost the same strength as the experimental strength, which
is feasible in reality, although there might be a reductionin strength
depending on the magnitudes of the crack lengths. The MSD crack
length used in this study is the average MSD crack length, which
is assumed to be the same for all of the holes that have an MSD
crack. A panel with smaller rivet holes will have a larger net section
and hence a higher load-carrying capacity; however, a larger lead
crack reduces the cross-sectional area and thereby the strength of
the panel. This effect is clearly seen in case 7, where the panel
configuration predicted by the inverse-mapping algorithm has the
same strength as the experiments but has a smaller diameter hole
and a larger lead crack. In case 8 the inverse-mapping model was
allowed to search, simultaneously, through the feasible space for
three input parameters, while the rest of the damage parameters
were held constant. The model predicts the panel will have the same
strength for smaller MSD crack length, largerlead crack length, and
a smaller rivet hole diameter.

Two test cases were studied for the corrosionrate and the Amer-
ican Society for Testing and Materials (ASTM) G34 rating of the
MSD panels. Table 2 shows the results obtained for both the cases.
It can be seen from Table 2 that the damage parameters predicted

Table 2 Predictions of inverse mapping for desired corrosion
rate of 0.075 cm?/cm-days and ASTM G34 corrosion rating of 0.4

the test cases considered. To validate the present method of inverse Experimental ~ Predicted  Experimental Predicted
mapping, a few simulations were carried out and compared with Case value input value input
fwailable expefrimentaldata. The damage parameters obtained from Yield strength, MPa Thickness, mm
inverse mapping for most of the panels were quite close to those 1 454.5 4545 2250 2286
of the experimental values. Because of the large number of dam- . .
. . . Temperature, °C Duration of exposure, days
age parameters in the NN I model, the problem of inverse mapping ) 29.50 29.24 1825 1758
could have many solutions (that is, different combinations of dam-
Table1 Predictions of inverse mapping for desired residual strength
De§ired Pregicted Input parameter
Panel ID residual residual
Case  (reference) strength  strength  Expt.data Predicted Expt.data  Predicted Expt.data  Predicted
Thickness of panel
1 B7-3(7) 97.32 97.20 0.158 0.162 _ _
Yield strength
2 RS-05b (8) 348.79 341.81 374.39 387.69 _ _
Lead crack
3 RS-05b (8) 348.79 343.73 4.763 5.122 _ _
Y%Material remaining
4 RS-05b (8) 348.79 340.77 100 99.9 —_— —_—
Hole pitch Lead crack
5 RS-05b (8) 348.79 344.67 1.905 2.090 4.763 4.043 _
MSD crack length Lead crack
6 RS-05b (8) 348.79 340.30 0 0.126 4.763 3.309 _
Diameter Lead crack
7 RS-05a(8) 345.81 344.60 1.620 1.020 3.640 4.520 _
Diameter Lead crack MSD crack
8 RS-04a (8) 267.34 267.17 1.514 1.179 4.675 6.414 0.279 0.252
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by the inverse-mapping procedure are in good agreement with the
experimental data. For case 1 the NN predicts the thickness higher
than the experimental data, but the corrosion rate is lower than the
experiments. Corrosion rate is the thickness lost per unit surface
area per day of exposure. Hence, the greater the thickness of the
panel, the lower the corrosion rate. For case 2 the inverse-mapping
predictionsfor the duration of exposure and temperature are almost
similar to those in the experiments for the same values of corrosion
rate and ASTM G34 rating.

Relative Importance of Parameters for Residual Strength
and Corrosion Rate

Table 3 provides the relative importance of the various inputs in
terms of percentage and ranks obtained using the approach just dis-
cussed. [t can be observedthat for residual strength the top five most
important parameters are the center (lead) crack length, postcorro-
sion material, MSD crack length yield strength, and the pitch of the
rivet holes (hole spacing). The results also illustrate the fact that
the presence of MSD along with the lead crack can significantly
affect the residual strength of the panel. In fact, the relative im-
portance percentages indicate that the MSD crack has almost the
same importance (13.31%) as compared to the center (lead) crack
(14.38%). Hence, both of these parameters are equally detrimental
to the residual strength of the structure.

Similarly, for the corrosionrate in the panel the duration of expo-
sure was the most important parameter. The second most important
parameter is the yield strength, which can indirectly be represen-
tative of the exact chemical composition of the aluminum alloy.
The resistance to corrosion is affected by the presence of metals
like copper, magnesium, etc. in the aluminum alloy. The third most
importantparameteris the type of corrosiveenvironmentthat the air-
craftis operatingunder. The fourth and fifth parameters predicted by
the approach to be important are, however, not related to corrosion
and hence cannot be justified as important, although they constitute
a large percentage. Similarly, for ASTM G34 corrosion rating the
postcorrosion material is shown as the most important parameter.
However, this parameter was initially not deemed important in the
model. The rest of the input parameters shown in the table for the
corrosionrating are not directly related to the corrosion mechanism.
Although discussed in Ref. 2, it can be reiterated here that the NN
model for corrosion prediction needs to be further investigated for
the discrepanciesin the ASTM G34 corrosionrating prediction, and
more data are also needed for reasonably training the NN.

Redesign for Corrosion Fatigue

The various parameters affecting the corrosion-fatigue mecha-
nisms include maximum stress amplitude Ao, stress ratio R, fre-
quency of loading f, and duration of exposure D, of the material
to corrosive environment. Corrosion-fatigue crack growth rates are
strongly influenced not only by the specific combinations of cyclic
loads, material, and environment, but also by the crack size. Hence,
the critical pit size a.;, the initial pit size a,, and the final crack size
ay, before failure (as defined by the user or the inspection criteria),
are also used as the inputs to the NN model developed? The prob-
lem of predicting the damage parameters of a panel subjected to
corrosion fatigue, so as to achieve desired values of the fatigue life,
was investigatedthroughinverse-mappingtechniqueas discussedin
Sec. II. Before using the inverse-mapping method for damage para-
meter prediction, the method needs to be validated against avail-
able experimental data. Table 4 presents the comparison between
the predictions and the actual experiments for this problem. The
values on the top of each row show the fatigue lives achieved by the
inverse-mappingnetwork (for example, for case 1, N; = 10,076 and
N, =69,711 cycles) and the corresponding damage parameter (for
example, for case 1, a,; = 0.060 mm) predictions. The values on the
bottom of each column are the desired experimental values of lives
and the correspondingdamage parameter values from experiments.

For case 1 the desired crack initiation life (10,093 cycles), prop-
agation (57,916 cycles) life, and the corresponding damage para-
meters (a =0.074 mm) from experimental data are presented in
the table. In this case only the critical crack size (a.;) is predicted
(shown with an *), whereas the other parameters are already given
to the network. In case 2 also, the critical pit size is predicted for
the desired life cycles, whereas the rest of the damage parameters
were provided to the network. Cases 3 and 4 predict the values of
stress amplitude and the critical pit size. It can be observed that the
network predicts lower stress amplitudes for both of the cases, but
predicts a larger critical pit size (0.131 mm) for case 3 and a smaller
critical pit size (0.059) for case 4, as compared to experimental data
for the given fatigue lives, respectively.

Finally, in case 5 a total of three damage parameters were pre-
dicted simultaneously for fatigue life the same as case 3. The net-
work predicts higher values for stress amplitude and duration of
exposure to corrosion, but a smaller critical pit size as compared to
experimental values for the same magnitudes of fatigue lives. An
increase in the stress amplitude, keeping the stress ratio constant,
has the effect of reducing the fatigue life of the material.’ Increas-
ing the duration of exposure also has the same effect. However, a

Table 3 Sensitivity studies of inputs for importance on the outputs for MSD mechanism

Effect on Relative Effect on Relative Effect on ASTM Relative
Rank residual strength importance, % corrosion rate importance, %  G34 corrosion rating  importance, %
1 Lead crack length 14.38 Duration of exposure 27.38 Postcorrosion material 18.18
2 Postcorrosion material 13.36 Yield strength 14.64 Number of rivet holes 13.63
3 Average MSD crack length 13.31 Environment type 14.01 Lead crack length 13.63
4 Yield strength 12.88 Center crack length 14.01 Width 9.09
5 Hole spacing 8.97 Average MSD crack length 13.37 Hole spacing 9.09

Table4 Comparison of damage parameter predictions by the inverse-mapping network with experimental data for corrosion fatigue

Input parameter

Stress Duration of Initial Critical Final Outputparameter
amplitude exposure Stress ~ Frequency,  pitsize crack pit crack Initiation  Propagation

Cases Ao, MPa Dexp, hr ratio cycles/day ap, mm depth a¢j, mm size ay, mm life life
1 233.96 71.97 -1 10.0 0.015 0.060* 10.0 10,076" 69,711°
Expt. data 233.96 71.97 -1 10.0 0.015 0.074 —_— 10,093 57,916
2 179.98 191.85 0.1 10.0 0.001 0.128* 3.0 32,004° 148,457°
Expt. data 179.98 191.85 0.1 10.0 0.001 0.128 —_— 33,806 148,457
3 176.14* 191.99 0.1 10.0 0.001 0.131* 3.0 33,806° 148,457°
Expt. data 179.98 191.99 0.1 10.0 0.001 0.128 —_— 33,806 148,457
4 218.67* 207.98 0.1 10.0 0.001 0.096* 3.0 33,806° 148,457°
Expt. data 179.98 191.99 0.1 10.0 0.001 0.128 —_— 33,806 148,457
5 177.00* 191.99 0.1 10.0 0.001 0.059* 3.0 20,946 400,682
Expt. data 179.98 191.99 0.1 10.0 0.001 0.099 —_— 20,946 398,107

4Damage parameters predicted by the NN 1I (rest of the parameters being same as experiments). bFaligue life values predicted by NN II.
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Table 5 Simulations for maximizing/minimizing the initiation and propagation lives

Stress  Duration of Initial pit Critical Final
amplitude exposure  Stress Frequency, size ap, crack pit crack size Initiation Propagation

No. Case Ao, MPa Dexp, hr ratio  cycles/day mm depth aci, mm  ay, mm life life

1 Maximum N, 198.9 124.92 0.32 6.86 9.00E—-02 0.055 43 1 391,742
2 Maximum N; 504.5 302.40 —0.62 11.50 1.99E—-02 0.631 2.0 163,268 168
3 Minimum N; and N, 504.5 7.79 —0.98 1.54 6.18E—02 0.995 1.2 4 73
4 Maximum N; 504.5 335.66  —0.60 17.20 1.90E—-02 0.955 2.0 1,373,485 204
5 Maximum N; and N, 0.2 335.66  —0.98 3.82 5.02E-04 0.059 9.9 1,950,743 1,637,759

Table 6 Sensitivity studies of inputs for importance on outputs for corrosion-fatigue

damage mechanism
Effect on Relative Effect on Relative
Rank initiation life importance, % propagation life importance, %
1 Duration of exposure 26.75 Critical pit size 34.59
2 Stress amplitude 21.06 Stress ratio 25.58
3 Stress ratio 15.31 Duration of exposure 15.48
4 Initial pit size 14.50 Final crack size 11.43
5 Critical pit size 13.97 Stress amplitude 7.42

smaller critical pit size means a smaller initiation life and a larger
propagation life. Hence, the effect of increase in stress amplitude
and duration of exposure is compensated by a smaller critical pit
size.

Table 4 shows that the inverse-mappingapproachis able to fairly
approximatethe physical process of corrosionfatigue for most of the
cases studied. To get more data, a few test cases were run, where the
value of a particular fatigue life (eitherinitiation life or propagation
life) or both is maximized. The most desirable condition would
be to maximize both portions of the total fatigue life. However, to
determine which variables influence the different portions of the
fatigue life test cases were run, where all of the damage parameters
were allowed to be adjusted, to achieve the desired combinations
of fatigue lives. The desired values of the fatigue lives were chosen
such that they fall in the experimentally observed range of fatigue
lives.

Table 5 shows the different damage parameters predicted by the
inverse-mappingnetwork in order for the panels to have only initia-
tionlife, only propagationlife, or maximum of both the portions. For
example, the firstsimulation(case 1) predictsthe damage parameters
for no crack initiation life and a propagation life of 398,107 cycles.
For case 2 the panel has maximum initiation life and negligibly
small propagation life. Similarly, for case 3 the damage parame-
ters are predicted so that a panel has almost no fatigue life, which
implies that the pit grows into a crack and causes a failure within
a few cycles (N; =4, N, =73). The last simulation (case 5) pre-
dicts the parameters causing the aluminum panel to have the max-
imum number of initiation and propagation life cycles (1.95 x 10°
and 1.64 x 10° cycles, respectively).The stress amplitude predicted
for this case is almost zero, which means that the case is practi-
cally a static loading case with small vibrations and negligible load,
rather than a fatigue loading case. It is obvious that with these para-
meters the structure is likely to have a large fatigue life. The initial
pit size aq for this case is small (5.02 x 10~7 mm), and the critical
crack size is relatively large, implying that it will take more cycles
to form a crack, and hence the panel will have a higher initiation
life. Similarly, the final crack size is also large, which means that
the propagation life will also be higher.

Relative Importance of Parameters for Corrosion Fatigue

The parameters affecting the corrosion-fatigue mechanism were
also rank ordered according to their relative importance using the
procedure describedin Sec. I1I. The results are tabulatedin Table 6.
It can be observed that the duration of exposure to corrosive envi-
ronment is the most important parameter for the initiation life, and
the critical pit size is the most important parameter for the propa-
gation life. The other four most important parameters for the crack
initiation life are stress amplitude, stress ratio, initial pit size, and
the critical pit size. The results correctly show the importance of the

damage parameters because the critical pit size and the initial pit
size affect propagation life more than the initiation life. It can also
however be seen that durationof exposure and stress amplitude play
more important roles than the initial and critical pit size.

V. Conclusions

The damage parameters correspondingto desired reliability char-
acteristics were predicted using the inverse-mapping approach for
two trained neural networks. The damage parameters predicted
throughtheinverse-mappingprocedurefor boththeresidualstrength
and corrosionrate network and corrosion-fatiguenetwork are found
to agree well with the experimentaldata, thus demonstratingthe fea-
sibility of the approach. In addition, the damage parameters were
alsorated accordingto theirrelative importance for the fatiguelives,
corrosion rate, and residual strength. The results are fairly reason-
able. This idea of relative importance can become an important tool
for guiding the maintenanceengineerto focusattentionon particular
damage parametersin order to have reliable structure. For example,
if a maintenance engineer detects an MSD crack of a particularsize
in the structurehe/she can use the present method to obtain the other
damage parameters, say, the lead crack length so that the structure
has strength not less than a particular value, and take preventive
measures to arrest the lead crack. The desired strength value can be
governed by the airworthiness requirements. The results obtained
for corrosion fatigue should give a good understanding about the
effects of the damage parameters on the initiation and propagation
fatigue lives, thereby providing useful information for maintenance
and redesign of aircraft structures.

In general, the present approach of estimating the oper-
ating environment parameters can be used for the structural
redesign/maintenance of aging aircraftstructures. Using these mod-
els, the maintenance engineer will learn about the maximum extent
of damage that can be allowed on the structure so that the structure
is still airworthy/operable. To make the present approachinto a use-
ful and practical tool for structural integrity redesign, much more
work has to be done in terms of additional tests and extend to other
damage mechanisms than those considered in the paper.
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