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Intelligent Computational Methods
for Corrosion Damage Assessment
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Corrosion is one of the damagemechanisms affecting the structural integrity of agingaircraft structures. Various
nondestructive inspection (NDI) techniques are being used to obtain images of corroded regions on structures. A
computationalapproachusing wavelet transforms and arti� cial neural networks to analyzeand quantify the extent
of corrosion damagefrom the NDI images is described. The wavelet parameters obtained from the images were � rst
used to classify between corroded and uncorroded regions using a clustering algorithm.The corroded regions were
further analyzed to obtain the material loss due to corrosion using an arti� cial neural network model. Experiments
were carried out to investigate the developed methods for aircraft panels with engineered corrosion obtained from
the Federal Aviation Administration Validation Center in Albuquerque. The results presented indicate that the
computationalmethods developed for corrosion analysis seem to provide reasonable results for estimatingmaterial
loss due to corrosion damage.

I. Introduction

C ORROSION is one of the damage mechanisms affecting the
structural integrity of aging aircraft. Structural damage may

also be due to fatigue and/or wear of the material resulting from
operating conditions and the environment. To better understand
corrosion mechanisms in aircraft aluminum alloys, optical mi-
croscopy, scanning electron microscopy, and transmission electron
microscopy techniques have been used. In addition, a number of
nondestructive techniques such as eddy current, thermal imaging,
acoustic emission, ultrasound, etc., are currently used to obtain im-
age of corroded structures.

Nondestructive evaluation (NDE) procedures involve establish-
ing correlations between measured properties and quantitative
information about anomalies. For example, eddy current NDE in-
volves measurement of impedance and correlating it with the dam-
age (crack or change in material or microstructure) producing it.
There is a growing demand for improving existing NDE techniques
to achievemaximum con� dence and reliable results with minimum
damage components. Also, because of damage tolerance require-
ments, detecting and quantifying even the smallest damage is re-
quired. Manual identi� cation and quanti� cation of the damages on
NDI images is a tedious and subjective task. With automatic iden-
ti� cation and quanti� cation of damaged regions, maintenance per-
sonnel can schedule regular service inspectionsmore economically
without compromising safety requirements.

Conventional nondestructive inspection (NDI) techniques using
signals from ultrasound and eddy current methods contribute to
poor signal-to-noise ratio and interfere with the damage signals.
Further, it is not possible to determine parameters such as thick-
ness or the morphological properties of the damage. This poses a
problem for accurate characterization and quanti� cation of dam-
age due to corrosion and widespread fatigue in aging aircraft. On
the other hand, two-dimensional signals or images obtained using
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NDI techniques such as infrared imaging, ultrasonic C-scan imag-
ing, scanning acoustic microscopy, eddy current imaging, etc., can
be effectivelyused to assess the damage more accurately.However,
because of noise in the signal, the images obtained through these
methods may distort images of the damaged regions. Therefore,
improved image enhancementmethods may contribute to increased
accuracy in detection and cost effectiveness for the damage identi-
� cation and quanti� cation processes. Signal processingand the use
of pattern recognition techniques have been applied to NDE prob-
lems since the 1970s. Some early examplesof pattern recognitionin
NDE using eddy current and acoustic emission signals are given in
Refs. 1–4. A few NDE systems have been developed that incorpo-
rate pattern recognition and arti� cial intelligence techniques such
as interactive ultrasonic NDE,5 ICEPAK,6 and TestPro.7

Spectralanalysis,deconvolution,and time-frequencyanalysisare
the three main approaches based on signal processing in NDE.8

Modern spectral analysis makes it possible to determine a high res-
olution and a reliable spectrum. However, the problem is the lack
of quantitative relationship available to calculate defect parame-
ters from the spectrum.8 Deconvolution can be used for thickness
and depth measurements; however, it is dif� cult to determine other
parameters such as size and shape of a defect from the impulse
response.

The short-term Fourier analysis, Weigner distribution, and the
wavelet transform are most often used in time-frequency analysis.
Both the wavelet transformand Weigner distributionare also useful
to extract features for ultrasonic signal classi� cation (unpublished
report submitted to the U.S. Army Material TechnologyLaboratory
by Chen, C. H., and Lee, G. G., “On Wavelet Transform and Its
Application to Ultrasonic NDE,” June 1992). The reported work
on time-frequency analysis has been very limited, and this is a re-
search topic that remains to be explored.8 Neural networks have
been proven to be very effective for eddy signal classi� cation using
Fourier descriptors as features.9

In this paper, we specially address the analysis of one type of
damage that appears on most structures, that is, corrosion. Cor-
roded regions appear as changes in texture on the material, and it
occurss due to operational conditions to which the material is ex-
posed. Corrosion identi� cation and analysis can be considered as
texture analysis process, which is a well-studied problem in the
� eld of arti� cial intelligence and pattern recognition.Texture anal-
ysis methods developed through these studies has been effectively
applied in automated inspectionproblems, medical image analysis,
document processing, and remote sensing.10
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Recently,Levens11 used the wavelets for corrosionanalysisbased
on texture properties. In the experiments conducted, various corro-
sion images were classi� ed into two morphologies: pit formation
and cracking. The images were not segmented, and the damaged
regions were not identi� ed for further analysis and quanti� cation.
In this paper we attempt to bridge these shortcomings by devel-
oping computational methods to quantify the corrosion damage in
aircraft panels. Section II of this paper presents the overall process
that involves analyzing and estimating the material loss based on
NDI images of corrosion. Section III describes in detail the com-
putational aspects of detecting corroded regions in the images. The
damage quanti� cation, that is, estimation of material loss, is dis-
cussed in Sec. IV. Experimentalresults using the data obtained from
Federal Aviation Administration (FAA) NDI Validation Center in
New Mexico is given in Sec. V.

II. Corrosion Detection and Quanti� cation Process
The overall process of identi� cation and quanti� cation of cor-

roded regions from NDI images is shown in Figs. 1 and 2. The
process essentially involves two stages: � rst, classi� cation of var-
ious regions in the image as corroded or uncorroded and, second,
predictionof the material loss of the corroded regions. The classi� -
cation process involves segmenting the image into various regions.
Multiresolution wavelet analysis is performed on the NDI images
to obtain a set of wavelet coef� cients as feature vectors. These fea-
tures were used for the identi� cation of the damaged regions on the
NDI images using clustering techniques. Each of the segments on
the segmented image would correspond to a damaged region or an
undamaged region. Segmentation of the images of damaged panels
is similar to the segmentation of texture images. Though a number
of segmentation algorithms are available in the literature, texture
segmentationbased on wavelets is considereda powerful technique.
After the image is segmented,histogramfeatures are extracted from
each segment.

After the damaged segments are identi� ed, a number of features
are extracted from each identi� ed segment and a backpropagation
neural network is used to quantify the damage. Neural networks are
capable of realizing a variety of nonlinear relationships of consid-
erable complexity and are effectively used in this research.12 The
quanti� cation of damage is based on the extent of material loss.

A number of experiments were conducted by perturbing the im-
ages in the direction of growth in corrosion and also by changing
the number of features used in the quanti� cation of damage. The
images obtained using the NDI techniques depend on the devising
technique, its frequency,and the specimen.Material loss prediction
experiments were conducted on a set of NDI images on different
specimens. The results are compared to actual experimental data to

Fig. 1 Schematic of the process used to identify the damaged regions
on an NDI image.

Fig. 2 Schematic of the process used to quantify the material loss on a
damaged region.

demonstrate the present approach to quantify the corrosion dam-
age in aircraft structures. The process of damage identi� cation and
quanti� cation are provided in the following sections.

III. Damage Identi� cation
The images that are obtained throughconventionalNDI methods

are not directly suitable for identi� cation of damaged regions au-
tomatically. Therefore, the damage identi� cation process involves
three major steps: feature extraction, segmentation, and classi� ca-
tion. As shown in Fig. 1, wavelet analysis techniques are used for
feature extraction, a clustering technique is used for segmentation,
and K -means distance-basedmethod is used for damage classi� ca-
tion. Image segmentationis an important step in this whole process.
The segmentation process essentially identi� es various regions in
a given image. Traditionally, segmentationalgorithms are based on
one of the two basic properties of gray-level values: discontinuity
and similarity.These methodsare usually classi� ed as thresholding,
edge detection or gradient based, region growing, and hierarchical
schemes.13 Feature extractionis an important step in accomplishing
segmentation. Most of the traditional texture analysis algorithms
rely on statistical approaches, and their performance is limited to a
class of so-calledmicrotextures.14 In the past decade,combinedspa-
tial/frequency representations, which provide localized frequency
information, particularly the use of wavelet analysis, have found
wide use in the � eld of texture analysis.15 17 These techniques are
effectively used in the segmentation of NDI images.

The problem of texture analysis is broadly classi� ed into four
categories: texture segmentation,texture classi� cation, texture syn-
thesis, and shape recognition18 In our application analyzing corro-
sion, texture segmentation and classi� cation are the two problems
that are considered.Texture analysis uses various mathematical ap-
proaches such as statistical,19 geometrical,20 model-based,21;22 and
signal processing23 methods. In this paper, we show how wavelet24

features, one form of signal processing method, can be used for
texture segmentation and for estimating the material loss due to
corrosion.

Segmentation Based on Wavelets
An image can be considered as a two-dimensional signal. A

number of techniques are available to analyze/process a signal.
Fourier analysis is probably the most well known. It breaks down
a signal into constituent sinusoids of different frequencies. A two-
dimensionaldiscreteFourier transformationof an N £ N image can
be given by

F.u; v/ D 1
N

N 1X

r D 0

N 1X

c D 0

I .r; c/ exp

µ
j2¼

³
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N

´¶
(1)

F(u,v) is a complex number with the real part correspondingto the
cosine terms and the imaginarypart correspondingto the sine terms
and can, therefore,be representedas F .u; v/ D R.u; v/ C j I .u; v/.
The magnitude and phase of the complex can be de� ned as

magnitude D jF .u; v/j D
p

f[R.u; v/]2 C [I .u; v/]2g

phase D Á.u; v/ D tan 1

µ
I .u; v/

R.u; v/

¶
(2)

One of the serious drawbacks of Fourier transformationsis that it
loses the spatial (time) information.For example, when the Fourier
transform of an image is looked at, it is impossible to tell where
(when) a particular event took place.

Gabor adapted the Fourier transform by analyzing only a small
section of the signal at a time, a technique called windowing the
signal. Gabor’s adaptation, called short-time Fourier transforms
(STFT), maps a signal into a two-dimensional function of time and
frequency.The precision of this information is limited and depends
on the size of the window. Furthermore, once a particular window
is chosen, it remains the same for all frequencies.15

Recent developments in wavelet theory provide a promising al-
ternative to Gabor transforms: 1) wavelet transforms cover the
complete frequency plane, 2) fast algorithms are readily available,
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3) wavelet-based feature extraction may be more ef� ciently incor-
porated into an image processing system. Wavelet analysis is capa-
ble of revealingaspects of data that other signal analysis techniques
lack, such as trends,breakdownpoints, and discontinuitiesin higher
derivativesand self-similarity.25 The wavelet transformscontainnot
just the frequency information but spatial information as well. To
satisfy the conditions for a wavelet transform, the � lter must be a
perfect reconstruction� lter, that is, the distortion introduced by the
forward transform will be canceled in the inverse transform.

Wavelets are functions generated from one single function, the
mother wavelet Ã by dilation and translation. Grossmann and
Morlet26 introduced this function Ã , which dilated by a scaling
factor and translated by b, enables the analysis, processing, and
synthesis of a signal:

Ãa;b.x/ D jaj 1
2 Ã [.a b/=a]; .a; b/ 2 R2; a 6D 0 (3)

We assume x is a one-dimensionalvariable. The mother wavelet
Ã has to satisfy the following admissibility condition:

Z
j9.!/j2

j!j d! < 1

where 9 denotes Fourier transform of Ã . Moreover, if Ã has suf� -
cient decay, then Eq. (3) is equivalent to

Z C1

1
Ã.x/ dx D 0 (4)

which means that the wavelet Ã exhibits at least a few oscillations
and that there is a large choice of functions for Ã .

The basic idea of the wavelet transform is to represent any ar-
bitrary function f as a superposition of wavelets. In practice, it is
preferable to express f as a discrete sum rather than as an integral.
The coef� cients a and b are, thus, discretized such that

a D am
0 ; b D nb0a

m
0 with .m; n/ 2 Z

a0 > 1; b0 > 0

The wavelet is then de� ned as

Ãm;n.x/ D Ãam
0 ;nb0am

0
.x/ D a m=2

0 Ã
¡
a m

0 x nb0

¢
(5)

and the wavelet decompositionof f becomes

f D
X

m;n

cm;n. f /Ãm;n (6)

For large, positive values of m .a > 1/, the Ã function is highly
dilated, and large values for the translation step b are well adapted
to this dilation. This corresponds to low frequency or narrowband
wavelets. For large values of m .a < 1/, the Ã function is highly
concentrated, and the translation step b takes small values. These
functions correspond to high frequency or wideband wavelets.27

For a0 D 2 and b0 D 1, the functions Ãm;n make up an orthogonal
basis belonging to L2(R), where

Ãm ;n.x/ D 2 m=2Ã.2 m x n/; .m; n/ 2 Z2 (7)

The wavelet coef� cients cm;n ( f ) are determined using the relation

Ãm ;n.x/ D h f; Ãm;ni D
Z

f .x/ NÃm;n.x/ dx (8)

A number of � lters are available to implement the wavelet trans-
forms. The Harr basis vectors (see Ref. 28) are the simplest and are
as follows:

low pass:
¡
1
¯p

2
¢
[1; 1]; high pass:

¡
1
¯p

2
¢
[1; 1]

A low-pass � lter is used to remove the high-frequency informa-
tion,whereas,a high-pass� lter removeslow-frequencyinformation.
The wavelet transformbreaks the image down into four subsampled
images. The results consist of the � rst image, high-pass � ltered in

both directions; second image, high-pass � ltered in the vertical and
low-pass � ltered in the horizontaldirection;third image, low passed
in the vertical and high passed in the horizontal direction; and the
� nal image, low-pass � ltered in both directions.The convention for
displaying the resulting images is given as

Low/Low Low/High

High/Low High/High

The computational method known as convolution used in this
process is explained brie� y next.

Convolution
The process of convolutioninvolvesoverlayinga mask/� lter (ba-

sically,a matrix) on the image and multiplyingthe coincidentvalues
and, � nally, summing all of the results. This is equivalent to � nding
the vectorinnerproductof themask with theunderlyingsubimage.29

The outputimage is placed in a separateimagearray so that theexist-
ing values are not overwritten during the process. If the convolution
mask is represented as M(r; c) and the image matrix as I (r; c), the
process of convolution is given by

1X

x D 1

1X

y D 1

I .r x; c y/M.x; y/ (9)

This process can be summarized by the following steps:
1) Convolve the low-pass � lters with the rows.
2) Convolve the low-pass � lter with the columns of results from

step 1, and subsample this result. This gives low/low version of
image.

3) Convolve the results from step 1 with high-pass � lter on the
columns. Subsample the result to produce low/high version of the
image.

4) Convolve the original image with the high-pass � lter on the
rows.

5) Convolve the results of step 4 with low-pass � lter on the
columns; subsampling yields a high-pass/low-pass version of the
image.

6) The high-pass/high-passversion is obtainedby convolving the
result of step with a high-pass � lter on the columns.

The wavelet transform can again be applied to the resulting im-
ages, and this process of applying the wavelet transformto resulting
images is called multiresolutiondecomposition.One can compute a
wavelet transform of the � ltered images and continue recursively
to lower resolutions. A predetermined threshold in local energy
(strength of the signal) or some other feature can be used to ter-
minate the recursive process.29

The images that areobtainedusing the NDI techniquesare resized
such that the length and breadth of each image is a power of two
because we require the input image to the wavelet transforms to be
on a dyadic scale. Once the wavelet transforms are applied, we ob-
tain four images, each of which is one-fourth the size of the original
image. All four images are then resized to the original image size.
By resizingeach of the resulting images, there exists a wavelet coef-
� cient correspondingto every pixel in the original image. The local
energy at every pixel location for every image is calculated using a
5 £ 5 Gaussian window. This local energy calculated for each co-
ef� cient in the wavelet transformed images for each corresponding
pixel forms the feature vector for that particular pixel. This feature
vector is used to form clusters and, hence, segment the image.

Clustering Using K-Means Algorithm
The feature vector for each pixel from the segmented NDI image

serve as an n-dimensionalfeature vector representinga point within
an n-dimensionalEuclidean space. The dimensionality depends on
the number of levels of wavelet transformationsperformed.A num-
ber of clustering techniques exist that can be used to establish a
measure of similarity between pattern vectors. K -means algorithm
is one such clustering technique that clusters based on minimum
distance.30
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The input vector formed by the features is of the form, x D
[x1; x2; x3; : : : ; xn ]. The Euclidean distance between two vectors
within the pattern space is given by

kx zk D
µ X

.xi z j /
2

¶ 1
2

(10)

where x and z are the vectors of order n.
The number of cluster centers would be decided based on the

number of levels (for example, k) to which we want to segment the
image. Once the number of clusters is decided, the � rst k vectors
of the feature vectors can be taken as the initial centers of the k
clusters. The K -means algorithm is modi� ed and implemented as
follows:

1) The � rst k vectorsare initializedas the centersof the k clusters.
2) Every other vector is read, and its Euclidean distance to the

center of the closest cluster to it is calculated and is called NewDis.
The Euclideandistancebetween the closestcenters is calculatedand
is called CenDis.

3) If (NewDis < CenDis), the current vector is classi� ed into its
closest cluster and the cluster’s center modi� ed accordingly.

4) If (NewDis > CenDis), the two closestclustersare clubbedand
the combined center calculated. The current vector is denoted as a
new center for a cluster.

The process just explained is repeated until the number of times
a new center is formed comes to a steady state. The vector � le is
then read again to classify each of the vectors to a certain cluster.
Because each of the vectors representsa pixel in the original image,
every pixel is now classi� ed into one of the k clusters. The average
pixel value of each of the clusters is calculated, and all of the pixels
belonging to the same cluster are assigned the average value. Once
the clusters are formed, two neighboring pixels falls into the same
segment if they are in the same cluster. We, therefore, obtain a
segmented image that is segmented to k levels, and each cluster
would represent one color.

The selection of number of colors for segmentationhas a signi� -
cant impact on the dif� culty of feature identi� cation task. If proper
number of colors is selected for a speci� c feature, it can make the
feature identi� cation process relatively simple.28 The problem of
determining the true number of clusters has been called the funda-
mental problem of cluster validity.31 This is particularly important
in image segmentation,where thenumberof categoriesis not known
a priori.

Classi� cation of Corroded and Noncorroded Regions
Once the image is segmented to a certain number of levels, the

next task is to distinguish the segments that represent the corroded
regionsfrom thosewhich representthenoncorrodedregions.A wide
variety of features can be extracted from each of the segments and
can be used to identify the damaged regions.Binary object features
such as area of each segment, perimeter, thinness ratio, and aspect
ratio can be calculated.The histogramfeaturescan include the mean
of the pixel values in the segment, standarddeviation,skew, energy,
and entropy.28 These features form the feature vector for classifying
between the corroded and uncorroded regions. Because the number
of segments that were formed is usually very high, only mean and
standarddeviationusing the low-pass/low-pass wavelet coef� cients
were used.

The classi� cation process is based on K -means clustering algo-
rithm. It involvesa trainingphase and a testingphase. In the training
phase, few images of damaged panels were taken and segmented
using the segmentation algorithm described earlier. Segments that
represented regions of corrosion were identi� ed manually, and the
feature vector was formed for each segment. A � ag representing
corrosion or no corrosion was also added to the feature vector. The
K -means classi� er was then used to classify the featurevectors.The
knowledgeof the K -mean classi� er is storedby maintainingthe val-
ues of the cluster centers for each cluster. The cluster that contains
the maximum number of segments that hold the � ag representing
corrosion is marked as a cluster representingdamaged regions.

In the testing phase, images of the damaged panels were seg-
mented, and featureswere extracted from each segment.The result-

ing feature vector is classi� ed into one of the two clusters formed
during the training phase. If the feature vector is classi� ed into a
cluster that was marked corroded, the segment representing it is
identi� ed as a damaged region.

IV. Damage Quanti� cation
Once the damaged regions are identi� ed on the image, the next

task is to quantify these damages following the process shown in
Fig. 3. The extent of material loss is used to quantify the damages
on the panels. Various features that were obtained on the corroded
region based on histogram and/or wavelet analysis during the seg-
mentation stage are used to estimate the material loss.

First-order statistical features of the identi� ed segments are com-
puted using the histogramof the NDI images. These � rst-order fea-
tures include1) mean, 2) standarddeviation,3) skew, 4) energy,and
5) entropy. The � rst-order histogram probability P.g/ is de� ned as
P.g/ D N .g/=M , where M is the numberof pixels in the image and
N .g/ is the number of pixels at gray level29 g. Then, the � rst-order
features are calculated as follows:

1) For the mean, the average value is de� ned as

Ng D
L 1X

g D 0

gP.g/ D
X

r

X

c

I .r; c/

M

2) The standard deviation is de� ned as

¾g D

vuut
L 1X

g D 0

.g Ng/2 P.g/

3) The skew measuring the asymmetry is

1

¾ 3
g

L 1X

g D 0

.g Ng/3 P.g/

4) The energy is

energy D
L 1X

g D 0

[P.g/]2

5) The entropy is

entropy D
L 1X

g D 0

P.g/ log2[P.g/]

The second-order features are calculated using a cooccurance
matrix. The cooccurance matrix is an estimate of the second-order
joint probability density. The joint probability is P.i; j; d; t/, the
probabilityof gray levels i and j occurringat distanced and angle t .
A cooccurance matrix for distance d and angle t is composed of
elements gi j , which record the number of pixel pairs d units apart
in the direction t , with one gray level at i and one at j , the order
being immaterial. The cooccurance matrix is used to calculate the
second-order features as follows.

Angular second moment (ASM):

ASM D
X

i

X

j

[g.i; j/]2

Fig. 3 Overall organization of the backpropagation NN showing the
input/output features used.
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Inverse difference moment (IDM):

IDM D
X

i

X

j

1

. j i/2
g.i; j/

Entropy:

entropy D
X

i

X

j

g.i; j/ log[g.i; j /]

Contrast:

contrast D
X

i

X

j

.i j/2g.i; j/

An arti� cial neural network (ANN) is used for the prediction of
material loss using the � rst- and second-order features. ANNs are
capable of realizing a variety of nonlinear relationships of consid-
erable complexity.12 Pidaparti and Palakal32 have successfully in-
vestigated the fatigue life and crack growth using neural networks.
The ANN used for predicting material loss has input nodes equal
to the number of features extracted from each segment. Figure 3
shows the overall architecture of the backpropagation neural net-
work that is used in this study. The number of input nodes used is
based on the number of features considered. Because the NDI im-
ages are in color, there are three components, red, green, and blue,
for each feature. Experiments were conducted using 6 (mean and
standard deviation 3 times), 15 (� ve � rst-order features 3 times)
and 27 (� ve-order features plus four second-orderfeatures 3 times)
inputs features.There is only one output node for the network indi-
cating the material loss in the segment to which the feature vector
corresponds.The set of weights is initially assigned randomly. The
training of the network involves adjusting the weights to reduce the
error within some prede� ned limit. After a good number of training
examples, the network would then be used to predict the material
loss due to corrosion.

V. Experimental Results
Damage Identi� cation

Experimentsare conductedon the corrodedimagesobtainedfrom
the FAA–NDI Validation Center, Albuquerque,New Mexico. A set
of damaged aircraft panels with corrosion obtained using eddy-
current NDI technique were used for damage identi� cation exper-
iments. For damage quanti� cation experiments, � ve different data
sets that were obtainedusing ultrasoundNDI on specimenswith en-
gineered corrosion were used, as shown in Table 1. For each set, 10
different specimens, labeled P–Y, were used for which the material
loss is known.

A sample image panel with corrosion taken using eddy current
at 5 kHz is shown in Fig. 4a. The image in Fig. 4a has four darker

Table 1 Set of specimens and their description
used in the damage quanti� cation study

Set no. Specimen set Description

1 DC 91 15% material loss
2 DC 92 20% material loss
3 DC 93 5% material loss
4 DC 94 10% material loss
5 DC 95 25% material loss

a) Original image

b) Identi� ed image showing corroded segments

Fig. 4 Results of corrosion damage identi� cation process.

regions representing the corroded areas. The � rst step is to segment
the image to isolate these regions from the rest of the image. The
original image was, therefore, segmented using wavelet transforms
and clustering techniques as described in Sec. III. The image was
segmented to four clusters, shown in Fig. 4b. It can be clearly ob-
served that the damaged regions have been isolated from the rest of
the image shown as dark regions in Fig. 4b.

Features extracted from two panels obtained using eddy current
at 5 kHz were used to form four clusters. Four clusters were chosen
empirically: Fewer than four clusters resulted in poor classi� ca-
tion results, whereas more than four clusters did not improve the
classi� cation performance. The number of clusters determines the
number of levels (colors) to which each image would be segmented.

a)

b)

c)

Fig. 5 Segments identi� ed as damaged regions.

Fig. 6 Effect of perturbing the original damage image on material loss
on three different specimens.

a) c)

b) d)

Fig. 7 Comparison of simulated damage images with original damage
images: a) original15% material loss region, b)15% material loss image
with 20%perturbation,c)original20%material loss region,and d)15%
material loss image with 40% perturbation.
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Each segment was isolated, and the feature vector was formed with
the extracted features as explained earlier. The segments that were
known to represent the corroded regions were marked whereas the
rest of the segments representing the undamaged regions were not
marked. Clusters were then formed using all of the feature vectors.
After the clusters were formed, one of the clusters was marked as
a corroded cluster because it was formed by the majority of the
vectors representing the corroded segments.

For the identi� cation of damaged regions, the feature vector from
each segment was now classi� ed into the clusters formed during the

Fig. 8 Comparison of error curve for three different backpropagation
networks used during the training stage.

a) For specimen set 95

b) For specimen set 92

c) For specimen set 94

Fig. 9 Comparison of NN predicted material loss with the experimental data for three sets of specimens shown in Table 1.

training phase. If the feature vector was classi� ed into a cluster
that was marked corroded, the segment from which the vector was
formed is identi� ed as the corroded region.

Figure 5 shows the screen showing the panel from Fig. 4, when
tested to identify the damaged regions. The panel was initially seg-
mented into 191 segments consisting of both corroded and noncor-
roded regions, and features were extracted from each segment. The
191 segments were automatically identi� ed based on the intensity
and color changesdetected by the wavelet algorithm. These feature
vectorswere then classi� ed into corrodedor noncorrodedsegments.
A total of 6 out of 191 segmentswere identi� ed as damaged regions,
as shown in Fig. 5.

Damage Quanti� cation
Experiments for quanti� cation of corrosion damage were con-

ducted on NDI images with the specimen set given in Table 1.
Because the corrosion was engineered on these specimens, the ex-
tent of material loss on each specimen was known. Images of each
of these specimens were segmented, and the corroded region was
isolated. The damage quanti� cation is estimated using the ANNs
based on various featuresobtained from these corroded regions.For
the neural network to learn and generalize properly, a large set of
data is necessary.However, the number of specimens available and
the corroded regions obtained from these specimens were small.
Therefore, a large simulated data set was created by perturbing the
original corroded regions. This process is described next.
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Simulated Data
The original corroded regions were perturbed by the adding ran-

dom noise to the red, green, and blue intensities. The images were
perturbedso that they would indicate a growth in corrosion.At each
step the value of the random number added was increased, and the
material loss was compared against known corroded regions.

A steady growth in corrosion of the specimens due to higher
perturbationis shown in Fig. 6. The three curves in Fig. 6 indicatethe
material loss for the original5, 10, and 15% material loss specimens.
When the images were not perturbed,the material loss obtainedwas
close to the actual material loss values for these specimens. When
the images were perturbed in the direction of growth in corrosion,
all three curves showed a gradual increase in the material loss. For
example, a 15% material loss region with 40% perturbationresulted
in 20% material loss,which is comparableto theactual20% material
loss region. This can be clearly seen in Fig. 6.

Figure 7 further shows the validity of using the perturbed images
for the corrosionquanti� cation study. Figures 7a and 7c are original
damaged regions with 15 and 20% material loss, respectively.The
15% region (Fig. 7a) was perturbed to 20 and 40%. The 40% pertur-
bation resulted in a 20% material loss, which was comparable to the
20% material loss region in Fig. 7c. The perturbed images, there-
fore, provided an alternative to obtain a large set of data required
for the neural network training. It also allowed observation of how
corrosion would grow at the pixel level over a period of time.

Neural Network Training for Damage Estimation
For the neural network training and prediction, � ve images from

each specimen listed in Table 1, giving a total of 25 images, were

a) For specimen set 95

b) For specimen set 92

c) For specimen set 94

Fig. 10 Comparison of material loss predictions using various number of wavelet features for three sets of different specimens shown in Table 1.

used. These NDI images from various specimens provided the cor-
roded regions. When these corroded regions were used, 1 £ 105

segments were generated for the 6-feature experiment and 1 £ 106

segments were generated for the 15 and 27 feature experiments,
using the perturbation process. From these regions, the � rst- and
second-orderfeatureswere obtainedfor the neuralnetwork training.

The learningparametersused fornetworkwere learningrate 0.25,
momentum factor 0.9, and gain factor 1.0. Experiments with the
� rst-order features used a network of size 6 £ 4 £ 3 £ 1 (6 input
nodes, 2 hidden layers with 4 and 3 hidden nodes each, and 1 out-
put node). The input features (mean and standard deviation for red,
green, and blue colors of the images) were used. The network was
trained with � rst-order features obtained from simulated corroded
regions.A second network of size 15 £ 10 £ 4 £ 1 (15 input nodes,
2 hidden layers with 10 and 4 hidden nodes, and 1 output node, re-
spectively) was trained with 15 second-order features (mean, stan-
dard deviation,energy, entropy, inertia, etc.). This network was also
trained with features obtained from simulated corroded regions. A
third network of size 27 £ 15 £ 5 £ 1 (27 input nodes and 2 hidden
layers with 15 and 5 hidden nodes, and 1 output node) with third-
order features consisting of 27 features was trained using features
obtained from simulated images. Figure 8 shows the absolute error
for all threenetworks.All threenetworksconvergedto an acceptable
level, however; the 27-featurenetwork took a long time to converge.

Damage Prediction Using Neural Networks
The features extracted from the original damaged regions ob-

tained from the specimens shown in Table 1 was used to test the
network and, hence, to predict the material loss. All three networks
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wereused to predictthematerial loss,and the resultsshows theeffect
of the number featuresneededfor accuratelypredictingthe damage.

The results given in Figs. 9a–9c show the actual material loss and
the neural network prediction for the second-order feature network
(network trainedwith 15 features) for three sets of specimens95, 92,
and 94. These results indicate that the material loss of a specimen
can be predicted reasonablywell using the second-orderfeaturesby
the neural network.

To see how the wavelet features affect the material loss predic-
tions, a number of experiments were conducted and presented in
Fig. 10. The material loss prediction by the network is compared
with the original data. Figure 10 shows the neural network (NN)
performance for all three networks for specimens 95, 92, and 94. It
can be observed that the results obtained using 15 features yielded
betterperformancethan that obtainedusing 6 and 27 features.These
results show that lower-order features are not suf� cient to capture
the necessary information for predicting the material loss. On the
other hand, the second-order features were subjected to noise from
surrounding regions close to the corroded region, thus resulting in
poor material loss prediction.

VI. Conclusions
An intelligent computational approach based on wavelet analy-

sis and ANNs was developed to identify and quantify the corrosion
damage images on panels obtained from NDI techniques. Wavelet
transformsusing the Harr � lter havebeen used for extractingparam-
eters that were used for segmenting the image. A K -means classi� -
cation algorithmwas used to identify the corroded regions from the
noncorroded regions in the panel based on the extracted features.
Good accuracy was obtained in identi� cation of the corroded seg-
ments. A backpropagationNN was used to predict material loss due
to corrosion.Perturbingthe imagesby changingthe pixel values that
would correspond to the higher material loss due to growth in cor-
rosion was simulated. Experiments were conducted by perturbing
the images of the damaged regions such that growth in the extent of
material loss can be observed. A good trend was observed between
the predicted material loss and the experimental data. The results
presented indicate that the computational methods developed for
corrosionanalysisseem to provide reasonableresults for estimating
material loss due to corrosion damage. Further research is being
conducted to develop an integrated structural damage assessment
system to estimate the severity of damage in aging structures and
materials.
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