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Fig. 2 Friction coef� cient in Samuel–Joubert15 � ows.

a fully developed two-dimensional channel � ow at Re¿ D 395
(Ref. 13), a � at plate boundary-layer� ow,14 and the boundary-layer
� ow under adverse pressure gradient.15

Applications
Figure 1 shows the comparisonsof the predictedU C, uvC , and

kC using various models with DNS data. The one-equation model
of Spalart and Allmaras6 and the two-equation model of Wilcox9

produce slightly larger Reynolds shear stress in the buffer layer,
which results in lower velocitypro� les in that region. It can be seen
that the proposedºt –k modelyieldscorrectnear-wallbehaviorof the
Reynolds shear stress and, thus, the eddy viscosity. Note that other
models predict uvC / y4 as y ! 0. The present model is applied
to a � at plate boundary layer, which results in good prediction of
friction coef� cients. A relation, l D ºt=

p
k, can infer the turbulence

length scale from the ºt –k model, and it can be seen that the length
scale l varies smoothly from zero at the wall to a value in the core
region that is similar to that of the conventionalalgebraicmodel. For
all models considered in this study, the computed skin friction was
affected by the location of the � rst grid point, yC

1 . A comparison of
such an in� uence between k–" (Ref. 16) and ºt –k models revealed
that a twice larger value of yC

1 can be used in the ºt –k model to
produce the skin friction within §1% variation.

Finally, the adverse pressure gradient � ow of Samuel and
Joubert15 has been computed. Figure 2 shows that the ºt –k model
best predicts skin-frictioncoef� cients in adverse pressure gradients
� ows. The predictedvelocityand theReynoldsstresspro� les,which
are not shown here, were also comparable with the experiment.

Conclusions
A new eddyviscositytransportequationis developedto constitute

a new ºt –k model. Natural wall boundary conditions can be used
for both ºt and k equations. Although this model is not free from
defects due to the Boussinesq approximation, it yields favorable
predictions of a number of standard attached turbulent boundary-
layer� ows. Further studiesare in processto verifythe presentmodel
for separated � ows and compressible � ows.
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I. Introduction

E FFECTIVE damage detectionand/or identi� cationof structure
systems has been the subject of recent studies. The concept is

based on that when a structure system undergoes different kinds or
degrees of damage, its characteristics will change. A set of struc-
tural signatures can then be applied to characterize the damage con-
dition(s). Structural damage identi� cation by arti� cial neural net-
works has proven preferable over traditional model-based schemes
because of the neural networks, advantages in self-learning, noise
insensitivity, fault tolerance, and generalization ability. A feedfor-
ward neuralnetworkusually has three layers: the input layer, hidden
layer, and output layer. From the viewpoint of pattern recognition,a
diagnosis network that avoids the complicated algorithms in tradi-
tional model-basedschemes can construct the mapping of the struc-
tural signaturesand damage condition.In addition,once an arti� cial
neural network is constructed, it can provide damage identi� cation
fast enough for online monitoring.
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There have been many studies of structural damage identi� ca-
tion by neural networks in the literature. Some used the structural
signature of static displacement and mechanical strain under pre-
scribedloads1 5 as the inputpatternsofneuralnetworks.Othersused
the change in displacement-and strain-modeshapes.6 Time-domain
vibration signals7 9 and the coef� cients of the transfer function10

have also been used as input patterns in the neural-based struc-
tural diagnosis system. It is known that the change of structural
stiffness is the primary cause of the change of natural frequencies.
Tsou and Shen11 also utilized the change of eigenvalues and mode
shapes of a discrete structure system to identify the damage loca-
tion and extent througha neural network. The mode shape measure-
ment at thousands of nodes of a � nite element model is, however,
infeasible.

One intuitive and feasibleway is by using the change of the natu-
ral frequencies to characterize the damage condition(s). Kirkegaard
and Rytter,12 Islam and Craig,13 Kaminski,14 and Ferregut et al.15

used the structural natural frequencies as the neural network input
to detect damage conditions. However, structural damage identi� -
cation by the use of the changes of natural frequencies is an inverse
problem. The question is, will two differentdamage conditionslead
to the same natural frequency changes?

An improved method of structural damage identi� cation, utiliz-
ing not only the change of natural frequencies (poles) but also the
change of zeros, is developed in this Note. The backpropagation
neural network with a momentum term and an adaptive learning
rate is employed to construct the complex effect-to-causemapping
between the pole/zero dynamics and the damage conditions. Anal-
yses show that this method can effectively identify the extent and
location of complex damage conditions.

II. Damage Detection by Use of the Change
of Natural Frequencies

A simple three-degree-of-freedom (DOF) spring–mass system
shown in Fig. 1 is used to investigatethe uniquenessof mapping be-
tween the change of natural frequenciesand the damage conditions.
For a given set of stiffness, the set of threenatural frequenciescan be
determineduniquelybecausethis is inherentlya direct process from
cause to effect. However, the reverse is not necessarily true. There
exist two different damage conditions producing exactly the same
set of changes of the natural frequencies. If damage is de� ned by
the degradation of spring stiffness, [k 0

1; k 0
2; k 0

3] denotes the remain-
ing spring stiffness in percentage. Conditions 1 and 2 in Table 1
illustrate that the damage condition of [10%, 30%, 20%] and [60%,
10%, 10%] lead to the same characteristic equation; hence, they
have the same change of natural frequencies.There also exist many
damageconditionsthat producea very similar changeof natural fre-
quencies, as shown by conditions3 and 4. Such a natural frequency
difference is dif� cult, if not impossible, to observe numerically or
experimentally.This simple example typi� es the de� ciencyof using
the natural frequencies for structuraldamage identi� cation because
they often generate ambiguous damage conditions.

To overcomethegivende� ciency,onecanuse theentirefrequency
spectrum to identify the damage conditions,but the small sampling

Table 1 Change of natural frequencies
from different damage conditions

Damage condition Change of !, rad/s
Condition [k0

1; k 0
2; k0

3] [1!1; 1!2; 1!3]

1 [10%, 30%, 20%] [2.113, 6.981, 8.694]
2 [60%, 10%, 10%] [2.113, 6.981, 8.694]
3 [30%, 30%, 80%] [1.478, 4.456, 4.187]
4 [20%, 70%, 50%] [1.508, 4.449, 4.186]

Fig. 1 Spring–mass system.

Fig. 2 FRF of spring–mass system under three damage conditions.

rate and the associated large data points make the structural diag-
nosis dif� cult and impractical. An alternative is to use the change
of mode shapes in addition to the natural frequencies for structural
damage identi� cation; however, the accuracy requirement of mode
shape measurements is more demanding than that of natural fre-
quency measurements. Furthermore, the number of measurements
required for constructingmode shapes make this approach imprac-
tical in engineering applications.

Note that the system poles (resonances) and zeros (antireso-
nances) represent the system dynamics under a certain input–output
relation.Figure 2 shows that, although the point frequencyresponse
function (FRF) measured at x3 has almost the same poles in dam-
age conditions 3 and 4, there remains a substantial difference at
the frequencies between two adjacent poles. A point FRF is a col-
located transfer function where the response measurement and the
excitation input are at the same location and there is a zero between
two poles. Utilizing the change of both system poles and zeros for
structural damage identi� cation may avoid the nonunique mapping
of the damage conditions as shown in Table 1. Note that the poles
are the characteristicsof the system that is independentof measure-
ment location except at the node point. However, the zeros are the
local features that are dependenton measurementlocations.One has
the option of selecting one or a few measurement locations to ac-
quire adequatelythe changeof poles and zeros for structuredamage
identi� cation.

III. Damage Identi� cation by Neural Networks
A three-layerbackpropagationneural network2;16 is employed to

construct the complex effect-to-causemapping between the change
of system pole/zero and damage conditions. The neural network
with one hidden layer is denoted by [x – y–z] to represent the net-
work of x input neurons, y hidden layer neurons, and z output neu-
rons. The activation functions in the hidden and output neurons
are the hyperbolic-tangentfunctions with the output range ( 1, 1)
and the sigmoidal function with the output range (0, 1), respec-
tively. The number of poles and zeros required to identify different
damage conditions determines the number of input neurons. Each
output neuron represents a possibly damaged stiffness member of
the structure. The poles and zeros of the system in Fig. 1 are well
separated. There are, however, systems with closely spaced natural
frequencies whose damage identi� cation becomes more challeng-
ing. Kabe’s spring mass model,17 as shown in Fig. 3, is an eight-
DOF spring–mass system with closely spaced natural frequencies.
The system dynamics can be illustratedby the FRF at m6 as shown
in Fig. 4, where !2 and !3 are too close to be identi� ed. In addition,
!7 is unobservable because the associated eigenvector component
is nearly zero. It is assumed that the damage occurs only at six main
springs with higher stiffnesses, that is, at k2; k4; k6; k8; k10, and k12.

Consider three stiffness damages at a time, each losing its stiff-
ness from 10 to 40% with a 10% interval simulating the dam-
age. The training data for the diagnosis network were collected
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Fig. 3 Kabe’s model.17

a)

b)

Fig. 4 FRF of Kabe’s problem17 measured at a) m6 and b) m1 .

by calculating the poles and zeros of all possible damage combina-
tions. Because of the complexity of system dynamics, the change
of all poles and zeros measured at m i , i D 2; : : : ; 7, are used as the
input of the diagnosisnetwork.A [50–70–6] network is employedto
learn the implicit input–output relationship from the training data.
Then a set of testing data corresponding to the stiffness loss of
from 5 to 35% with 10% intervals is applied to examine the gen-
eralization ability of the trained network. After some iteration, the
[50–70–6] network has successfully learned the system dynamics.
The identi� cation results for testing patterns are depicted in Fig. 5,

Fig. 5 Structural damage identi� cation of Kabe’s problem17: ——,
desired output, and ¢ ¢ ¢ ¢ , predicted output of [50–70–6] and [36–50–6]
diagnosis network; both predictions are almost identical.

where the diagnosis network can also be generalized to predict ac-
curately the unseen damage conditions. The discrepancy between
the neural network identi� cation and the desired output is within
1.7%.

To further demonstrate the effectiveness of structural damage
identi� cationusingpole/zero dynamics,another [36–50–6] network
utilizingonly thechangeof the � rst six polesand the � rst � ve zeros is
constructedand successfully trained. This simpli� ed diagnosis net-
work also achieves excellent performance similar to that in Fig. 5.
Structural damage identi� cation using pole/zero dynamics in a neu-
ral networknotonly avoids thecomplicatedalgorithmsin traditional
model-based schemes, but also provides faster diagnosis results.

IV. Conclusions
1) Structural damage identi� cation by using only the change of

natural frequenciesis shown to be inadequatebecause it often leads
to ambiguous damage conditions. There can be two distinct dam-
age conditions that have similar, if not exactly the same, changes
of natural frequencies. In this Note, an improved method utiliz-
ing both poles and zeros in a backpropagation neural network is
developed.

2) Kabe’s problem17 is employedto demonstratethe effectiveness
in structural damage identi� cation. Both [50–70–6] and [36–50–6]
diagnosis networks are shown to identify successfully the damage
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conditions of the system with closely spaced natural frequencies.
The network performance is excellent in predicting the damage
conditions accurately and ef� ciently, and the discrepancy between
the network identi� cation results and the desired output is within
1.7%.

3) In structural damage identi� cation, this method allows one to
have the option of selecting one or a few measurements in modal
testing for the change of pole/zero as the input data of a diagnosis
network. Compared with earlier work carried out by measuring the
structural mode shapes, this method signi� cantly simpli� es the ex-
perimental loads in identifying the extent and location of complex
damage conditions.Note that a comprehensive,complete, and rele-
vant set of training data obtained either from numerical simulation
or from modal testing for different damage scenarios is the basis of
the neural-based scheme. The accuracy of the diagnosis network is
usually proportional to the training cost. Further work may be nec-
essary to reduce the required training data without degrading the
network performance.
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Introduction

S TRAIN control in piezoceramics requires the application of
external electric � elds to the active material. This has tradi-

tionally been accomplished by sandwiching the material between
conducting electrodes. The electrodes are appropriately segmented
to control individual areas of the actuator (Fig. 1). Although effec-
tive, there are de� nite constraintson using electrodes to accomplish
straincontrolin piezoelectricmaterials.Applicationof electric� elds
to piezoelectricmaterials in this way may become impractical as the
controlled area increases and the spatial resolution becomes � ner.
In such cases the number of electrodes and leads will become very
large.

One possiblesolutionto this problemis to depositcontrolcharges
directly onto the surface of the piezoelectricmaterial with an elec-
tron gun. An obvious advantage of this method, if it proves to be
practical, is that only the electron beam size and the properties of
the driven structure will limit spatial resolution.

The idea of applyingcontrolchargeswith an electrongun to stim-
ulate piezoelectricresponsewas put forth in an inventiondescription
by Brown and Sivyer.1 They outlined the designof an acoustic trans-
ducer that uses an electron gun to excite a piezoelectric layer. This
work stresseddynamicexcitationof the piezoelectricmaterialstruc-
ture rather than strain control. More recently Hubbard2 described
an electron gun system to actuate a wavefront correction mirror
constructed from a glass/polyvinylidene� uoride (PVDF) laminate.
This is the work most directly relevant to the current investigation
becausestraincontrolof the piezoelectricstructurewas emphasized.
Hubbard’s controlmethod is describedand compared to the method
used in this investigation in the following technical description.

The most attractive feature of electron gun control is the absence
of the constraining electrode pattern in the structure. In theory the
electrongun can apply a charge distributionof any size and shape to
any location on a distributed structure. This is a signi� cant advan-
tage when extremely large active or smart structures are under con-
sideration for precision applications. The ability to build an active
structurewithout electrodepatternsand lead wires greatly increases
the options open to the system designer.

If a practical method of shape control of large surfaces with � ne
spatial resolution is developed a number of applications suggest
themselves. Possibilities abound in the areas of acoustics and in-
strumentation. A particularly intriguing application is large optical
mirror structures for space applications. If an extremely precise ac-
tive structural system capable of maintaining a desired shape to op-
tical tolerances could be constructed, then space telescope mirrors
of enormous size might be possible. The � exible nature of electron
gun control may make it possible to construct these structures in
segments and assemble them on orbit, or perhaps stow them as a
furled thin � lm and deploy them and then tune the structure to a pre-
cise optical shape. This is, of course, an extremely bold proposal,
and proving such a concept feasible is a task well beyond the scope
of the work described herein. This Note is intended only to begin
the understandingof the important physics associatedwith electron
gun control of piezoelectric strains.
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