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A methodology is presented for damage detection on laminated composite plates
using distributed piezoelectric sensors. The presence of damage in the laminated
composite plate leads to changes in its structural characteristics, causing varia-
tions in electrical potential of sensors. In this work, feed -forward neural networks
trained by Levenberg�Marquardt algorithm are used to locat e and quantify dam-
age on the laminated plate using data obtained from piezoelectric sensors. A
higher order �nite element formulation allowing the respon se of the laminated
composite plates is used to obtain the changes on electricalpotential. A numeri-
cal example shows the feasibility of the proposed procedure.

Key words: damage detection, piezoelectric sensors, neural networks.

1. Introduction

The occurrence of damage in a structure cause changes in its response
modifying the mass, sti�ness or damping properties. Therefore, the correct
knowledge of the behaviour of the structure can be used to create a damage
detection scheme.
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The damage identi�cation methods can be categorized based on the type
of measured data used, and/or the technique used to identifythe damage
from the measured data [1]. The most common used class of damage identi-
�cation methods is based on changes in vibration frequencies [2]. However,
these methods seem to fail to locate and quantify the damage,since the
modal frequencies are a global property of the structure [3].

The second class of damage identi�cation methods uses the mode shape
changes. The aim is comparing the mode shapes of the damaged and un-
damaged structures. These methods are more sensitive to damage than the
methods based on modal frequencies. An alternative to usingmode shapes
to obtain spatial information about vibration changes is using mode shape
derivatives, such as curvatures, or strain energy [4].

Another class of damage identi�cation methods uses the dynamically
measured �exibility matrix to estimate changes in the static behaviour of
the structure [5]. These methods are more sensitive to changes in the lower
frequency modes of the structure.

An important class of damage identi�cation methods is the matrix up-
date methods, based on the updating or modi�cation of structural model
matrices. Typically, the updating matrices are determinedby solving a con-
strained optimization problem based on the structural equations of motion,
the nominal model and the measured data. The location and quanti�cation
of damage is possible by comparing the updated or modi�ed matrices to the
original correlated matrices [6].

Other alternative damage identi�cation methods can be found in litera-
ture, with specially attention to the neural networks based methods [7-11]
and the electrical resistance measurement methods [12].

Recently, the development of smart materials and adaptive structures
with piezoelectric sensory/active capabilities has been coming to improve the
performance and reliability of the structural systems, particularly composite
materials. However, up to now the great application of thesecapabilities
has been done in the �eld of the control and the researches in the �eld of
damage identi�cation are comparatively limited. Known tha t damage is a
local phenomenon, it seems that local information providedby sensors is
suitable for damage identi�cation.

A study with embedded piezoelectric patches to detect the crack damages
in laminated composites plates can be found in [13]. The authors used piezo-
electric patches, acting as actuators and sensors for obtaining the dynamic
responses of the laminate, and a dynamic model of the plate was proposed,
using the �nite element method and micro-mechanics theory of composite
damage. An additional wavelet packet analysis was used to extract an index
vector for structural damage.
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The application of genetic algorithms and neural networks to study the
problem of optimal sensor placement for impact detection and location in
composite materials was proposed by Staszewskiet al. [14]. The work of
the authors involved an impact experiment where strain datawere measured
using piezoceramic sensors. The genetic algorithms were used to determine
the optimum sensor positions and a neural network approach were used as
an impact detection procedure.

Fukunaga et al. [15] proposed a two-stage damage identi�cation method
with data obtained from piezoelectric sensors in a beam example. The �rst
stage, a �rst order approximation technique, which separates the e�ects of
damage severity and damage locations, obtain the electrical potential change
on sensors. In the second stage, an iterative scheme for solving nonlinear
optimization programming problems, based on the quadraticprogramming
technique, was proposed to predict damage extents.

In this work we propose a neural network based methodology toiden-
tify and quantify damage using data obtained from piezoelectric sensors as
inputs to a feed forward neural network. A higher order �nite element formu-
lation allowing the response of the laminated composite plates was used to
obtain the electrical potential [16]. A simulated simply supported laminated
composite plate is used to show the feasibility of the method. A signi�cant
di�cult is that the data obtained from piezoelectric sensor s are extremely
limited and localized due to the characteristics of strains. The damages gen-
erally have very little in�uence on the strains of areas which are far from
damage. If the sensors are not located in or near the damaged areas, it is
di�cult to locate the damages.

2. Arti�cial Neural Networks

It has been recognized since early that neural networks o�era number of
potential bene�ts for application in the �eld of engineerin g, particularly for
pattern recognition problems. Some appealing features of neural networks
are its ability for learning through examples, they do not require any a priori
knowledge and can approximate arbitrary well any non-linear continuous
function [17]. Among the several architectures used in practice, feedforward
type neural networks, shown in Fig. 1, have been considered more suitable
for the purposes of the signature analysis, the problem under investigation
in this work.

A feedforward neural network consists on several layers; each one with
some processing elements, called neurons, linked each other by weights. The
weights determine the nature and the strength of the connection between
the neurons. The number of nodes considered in the input and output layers
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Figure 1. Feedforward neural network.

depend on the speci�cations of the problem. The number of hidden layers, the
number of neurons in each hidden layer as well as the activation function type
for each neuron is selected according to the experience and some convergence
criterions.

The application of arti�cial neural network consists of two stages, namely
training and testing. During the training stage an input-to -output mapping,
using the available sample data, is present to the network. The network
evaluates its own output based on the presented input and compares this
value with the target (presented) output. The actual output error is used to
adjust the node weights so that the error can be reduced. The learning stage
stops once a cross validation pre-set error threshold is reached and the node
weights are frozen at this point. During the testing stage, data that have not
been presented to the network in the learning stage are provided as input
and the corresponding output is calculated using the �xed node weights.

In this work the training of the neural network have been performed
with a second order type algorithm, the Levenberg Marquardt[18]. As it
has been pointed out by these authors, this algorithm is moree�cient than
other techniques when the network contains no more than a fewhundred of
parameters, the present situation.

3. Damage identi�cation method

A simulated composite laminated plate, shown in Fig. 2, is employed to
describe and investigate the e�ectiveness of the proposed methodology. The
numerical analysis of the plate was done by the �nite elementmethod with 36
equal elements. The 1m� 1m composite plate was made with two glass/epoxy
layers with 4mm of thickness each one and is simply supported. In the upper
and lower surfaces of the plate, piezoelectric layers acting as sensors can be
perfectly bonded. Two di�erent situations are considered:
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� Case 1: all the plate �lled with sensors (36 piezoelectric sensors),
� Case 2: four piezoelectric placed in a strategic way in the plate (ele-

ments shadowed in the Fig. 2).
In both cases piezoelectric layers have 1 mm of thickness.
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Figure 2. Composite laminated plate with piezoelectric sensors.

The two stage damage identi�cation methodology is proposedusing infor-
mation given from the piezoelectric sensors. The aim of the methodology is
that the presence of damage in the laminated composite platecauses changes
in electrical potential of sensors. The information about these changes can
be used to correctly train a neural network. Therefore, in the �rst stage a
trained neural network, designedLocNet, is used to locate the damage. In
the second stage, other neural network, designedQuantNet, estimate the ex-
tension of the damage. The mechanical properties for the glass/epoxy layers
were obtained with the Halphin-Tsai equations [19] with thematrix and �ber
bases properties shown in Table 1.

The mechanical properties for an undamaged plate are represented in Ta-
ble 2. The properties for composite layers are obtained considering 65% of
�ber volume fraction. The electric properties considered for the piezoelectric
layers aree31 = e32 = 0 :046C/m 2 and p33 = 1 :062� 9 F/m.

Table 1. Properties of matrix and �ber.

Material E [GPa] G [GPa] � � [kg/m 3 ]

Epoxy matrix 3.400 1.308 0.3 1200

Glass �ber 85.000 35.420 0.2 2500

Table 2. Properties of composite and piezoelectric layers.

Material E1 [GPa] E2 [GPa] G12 [GPa] � 12

Composite Layer (65%Vf ) 56.44 17.358 6.133 0.3

Piezoelectric Layer 2.00 2.00 1.00 0.0
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The simulation of damages in the plate were obtained separately in each
element, considered only for glass/epoxy layers, and beingsimulated by the
reduction in the �ber volume fraction of the respective element. Table 3
shows the percentage values considered for damage simulation. There we can
distinguish values used for the training and cross validation of the neural
networks and values used for testing the neural networks ability to locate
and quantify the damage.

Table 3. Percentage values for damage simulation.

5 7 9 11 13 15 17

Training of NNET 19 21 23 25 27

29 31 33

Cross Validation of NNET 6 14 22 30

NNET Testing 8 12 16 20 24 28 32

For each damage case the di�erences among the potentials were obtained
with a �nite element house made code, programmed in Matlab [20], and nor-
malized between� 1 and +1 values. With the data obtained, several feed
forward neural networks with di�erent dimensions were created. All the net-
works considered have four layers with hyperbolic transferfunction in the
hidden layers and sigmoid transfer function in the output layer. The inputs
of the networks are the 36 or 4 normalized potential di�erences in the ele-
ments, respectively for cases 1 or 2. The outputs are one single value between
� 1 and +1 for the damage quanti�cation and six binary digits, representing
a number between 1 and 36, for the damage location.

The dimensions of the neural networks are obtained by experimentation,
knowing that the best neural networks are those ones that with shorter di-
mension can generalize well and that the total number of neurons and bias
must be shorter than the total number of patterns [21]. The dimensions con-
sidered can be seen in results.

Another step considered in this work is to analyze the response of the
networks with simulated noise added to the values from neural networks
testing, according to

�A = A
�

1 +
noise
100

randn
�

; (3.1)

where �A is the value with noise, A is the value without noise, noise is the
error considered for the piezoelectric sensor readings andrandn is a random
number with variance and standard deviation 1.

In case 1 a total of 936 patterns was obtained, 540 for net training, 144 for
cross validation and 252 for testing the neural networks. Here, the two stage
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damage identi�cation is completely independent. A neural network, LocNet
36-X-X-6, was trained to locate the damage in the plate and other neural
network, QuantNet 36-X-X-1 was trained to quantify the damage.

In case 2 the plate was divided in 4 equal zones with 9 elementseach one,
as shown in Fig. 3. The idea consists of using a sensor in each zone of the
plate. In this case we have a bi-level algorithm with two steps. In the �rst step
a neural network give the location of the damage on the plate.Knowing the
damage, a neural network corresponding to the zone of the damage location
is activated and quanti�es the damage. With this algorithm we need to train
a neural network to locate the damage, LocNet 4-X-X-36, and four di�erent
neural networks to quantify the damage, QuantNet ZY 4-X-X-1. To train the
neural network that made the location of damage we have the same number of
patterns of case 1. To train the neural networks that made thequanti�cation
of damage we have 135 patterns for net training, 36 for cross validation and
63 for testing each neural network.
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Figure 3. Case 2: 4 piezoelectric sensors.

4. Results

In Table 4 we present the neural networks trained to make the damage
location and the results obtained. There we can see the necessary epochs and
time for training the networks and also the number of damage test cases that

Table 4. Results obtained for damage location.

Case Neural Network Epochs Time [s] Not Located

LocNet 36-4-4-6 102 47 7

1
LocNet 36-6-6-6 56 53 0

LocNet 36-8-6-6 60 85 0

LocNet 36-8-6-6 (noise = 1 ) 60 85 0

2
LocNet 4-16-16-6 102 47 0

LocNet 4-16-16-6 (noise = 1 ) 102 47 0
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have not been located. For case 1 we present 3 di�erent dimensions of the
neural networks considered and in case 2 only the best one. From the results
obtained we can see that the LocNet36-4-4-6 is too short to locate all the
damages in case 1. All the others, even with noise, presents agood behavior
needing not long time to training correctly. For the best networks we present
the results obtained with noise added to data.

The best neural networks obtained to make the damage quanti�cation
are QuantNet 36-8-8-1 in case 1 and QuantNet ZY 4-8-8-1 in case 2. To train
the �rst one we need 466 epochs and 114 seconds. For the secondones we
need a mean of 200 epochs and 6 seconds each one. The results obtained,
presented in Table 5, are shown as mean relative errors in each damage case.
The mean relative errors are obtained from all 36 elements incase 1 and from
the corresponding 9 elements of each zone in case 2.

Table 5. Mean relative errors on damage quanti�cation.

Case
Neural Network Damage Target Value

QuantNet 8 12 16 20 24 28 32

1
36-8-8-1 0.350 0.156 0.129 0.096 0.293 0.055 0.102

36-8-8-1 (noise = 1 ) 9:580 7:842 4:265 3:275 2:859 2:617 1:949

Z1 4-8-8-1 0.877 0.455 0.421 0.418 0.864 0.332 0.183

Z1 4-8-8-1 (noise = 1 ) 9:282 6:375 5:063 3:638 1:824 4:588 9:282

Z2 4-8-8-1 0.687 0.708 0.482 0.426 0.809 0.351 0.271

2
Z2 4-8-8-1 (noise = 1 ) 3:891 3:886 2:790 3:981 2:921 2:208 2:358

Z3 4-8-8-1 1.698 0.755 0.650 0.650 1.045 0.598 0.164

Z3 4-8-8-1 (noise = 1 ) 9:153 5:926 7:184 3:388 4:076 3:106 2:401

Z4 4-8-8-1 0.958 0.676 0.337 0.357 1.091 0.399 0.344

Z4 4-8-8-1 (noise = 1 ) 6:481 6:606 8:606 4:449 3:925 2:203 2:923

All the neural networks present small mean errors in location of damage.
Testing the neural network with noise of value 1, just as it would be expected,
shows that the mean errors increase.

5. Conclusions

In this paper, a two-stage damage identi�cation method, with a neural
network based methodology using information from piezoelectric sensors has
been proposed. In the �rst stage a trained neural network is used to locate
the damage and in the second stage, other neural network estimates the
extension of the damage. A simulated composite laminated plate is employed
to illustrate the e�ectiveness of the methodology. The damage was simulated



Damage detection of laminated composite plates . . . 289

by the reduction in the �ber volume fraction of an element of the plate. All
the necessary data were obtained by the �nite element method. From the
numerical examples was found that the accuracy of the technique is high.
It seems that to improve the accuracy with corrupted data, especially in
damage quanti�cation, more number of patterns is needed.

The following conclusions can be observed in this study:
� The neural network model presented can be used in the damage detec-

tion of structures with high accuracy. The location and quanti�cation
of the damage are determinable if the neural networks are correctly
de�ned and trained.

� The data collected from the piezoelectric sensors are excellent diagnosis
parameters for the detection of the damage and could be used by the
neural networks.

� The neural networks are a promising tool as non destructive technique
for the detection of the damage.
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