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Neural Networks for Inverse Problems in Damage
Identi� cation and Optical Imaging
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Arti� cial neural networks (ANNs) are employed in solving inverse problems in damage detection in structures,
as well as detection, using optical imaging, of an anomaly in a light-diffusive media, such as a human tissue. Both
of these problems, namely, identifying the damage parameters in a damaged structure and identifying the rep-
resentative properties in a tissue, require solving highly complex inverse problems. The neural networks (NNs)
for both problems are similar, and a method found suitable for solving one type of problem can be applied for
solving the other type of problem. In the damage identi� cation problem, the natural frequencies of a damaged
beam model obtained from analytical and numerical methods were used to identify damage parameters by em-
ploying feedforward backpropagation,and also radial basis NNs. In the optical imaging problem, the tissue under
investigation was illuminated by a number of near-infrared light sources placed around the circumference of the
tissue. Both the location and the size of the anomaly were identi� ed by studying the in� uence of the anomaly on
the light intensity received at the boundary of the tissue. The near-infrared light measurements are assumed to
be available at a number of light detector positions, also along the circumference of the tissue. NNs were used to
determine the location and the size of the anomaly in a tissue. The direct problem for the case of optical imaging
was solved using the � nite element method to generate the training and testing sets for NNs.

Introduction

T HE transferof technologydevelopedin one area to anotherarea
is very desirable. A soft computing method such as arti� cial

neural networks (ANNs), which is � nding applications in almost
all branches of science and engineering, can be used in different
engineering� eldswithoutchangingmuchof the basicmethodology.
Here, we used neural networks on two problems and gain bene� ts
from this experience. The capability of solving inverse problems
usingneuralnetworks(NNs) hasbeenstudiedfor two differentkinds
of problems in our work, employing numerical simulations. One is
a damage identi� cation problem, and the other is an optical imaging
problem. The objective in the damage identi� cation problem is to
identifydamageparameters in a structureby measuringvariationsin
thedynamicbehaviorof damagedandperfectsystems.The objective
in the optical imaging problem is to identify an anomaly in a light-
diffusivemedia, such as a human tissue,by studyingthe effect of the
anomaly on the propagation of near-infrared light passing through
the tissue. Both problems have a common feature in that an attempt
was made to � nd an anomaly in an otherwise perfect system using
limited data such as natural frequenciesand diffused measurements
only at the boundary.Therefore, there exists the possibilityof using
similar approaches, such as an application of ANNs, to solve both
types of inverse problems.

The ANNs are imitations of real neurons in the human brain in
their structure, data processing and restoring method, and learn-
ing ability. In ANNs and real neurons, knowledge is acquired by
the network througha learning process, and interneuronconnection
strengths known as synaptic weights are used to store the knowl-
edge. This organization of neurons is what enables the brain to
perform certain tasks, like pattern recognition and motor control,
much faster than the fastest digital computer available even today.
NNs can be considered universal approximators for arbitrary func-
tions that make probabilistic assumptions about data. The learning
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process can be considered a method for � nding parameter values
that appear to be closest to the available data. NNs, as an inverse
problemsolvingalgorithm,have advantagesin that they are capable
of representingnonlinearsystems, are fault tolerant,and are capable
of providing instantaneousresponses once properly trained.

The most used NN structures are feedforward backpropagation
NNs as shown in Fig. 1. The output t of the network is a transferred
sum of weighted inputs p, with added bias using the sigmoid or a
linear function.The relationof input and output is shown in Eq. (1),
where w is weight and f is a transfer function1:

ti D f

³ nX

j D 1

wi; j ¢ pi C bi

´
(1)

Feedforwardnetworkswith one or more hidden layersof sigmoid
neurons and a linear output layer are often used. Multiple layers of
neuronswith nonlineartransfer functionsallow the network to learn
nonlinear and linear relationships between input and output. This
structure of NN can approximate any function with a � nite number
of discontinuities, given that an adequate number of neurons are
present in the hidden layers.

Another structure of NN that is frequently used is radial-basis
function NN, shown in Fig. 2. A radial-basis function NN has one
input layer, only one hidden layer, and one output layer.The relation
between the input p1 and the output t1 is shown in Eq. (2) where b
is bias, fr is radial basis function, and k ¢ k indicates the dot product
of two vectors1:

ti D fr .kw ¢ pkbi / (2)

The outputs of the � rst-layer neurons, each of which represents a
basis function, are determined by the distance between the network
input and the center of the basis function. A radial-basis function
NN uses a linear output layer, and a radial-basis function NN can
be constructedvery quickly by adding as many radial-basisneurons
as there are in the input layer.

There have been many efforts to use NNs in studying damage
identi� cation problems. Kudva et al.2 used backpropagation NNs
in identifying holes of various diameters in a plate stiffened with
bays. NNs were used to identify the locationand size of holes based
on the strain-gauge data. They demonstrated that an NN can be
used to determine damage location and size in a typical structure.
Wu et al.3 used a back-propagationNN in identifying damage in a
three-storybuilding. The NN simulated the level of damage in each
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Fig. 1 Feedforward NN ( p = inputs, W = weights, b = bias, f = transfer
function, n = number of inputs, r = number of neurons, and t = outputs).

Fig. 2 Radial-basis NN ( p = inputs, W = weights, fr = radial-basis func-
tion, and t = outputs).

of the members, based on the Fourier transform of the acceleration
data. They were able to predict damages on the � rst and the third
� oor but not on the second � oor.

Leath and Zimmerman4 used multilayer backpropagation NNs
in identifying damage in a four-element cantilever beam based on
the � rst two bending frequencies. They also developed a training
algorithm that can create an NN that � ts the data with a minimal
number of neurons.The damage was modeled by reducing Young’s
modulus by up to 95%. They � xed the numberof hidden nodes to be
one less than the number of data points and also found that exactly
� tting the data can cause problems in most cases. The damage was
identi� ed within an error of 35%. Spillman et al.5 used feedforward
NN in identifying damage in a steel bridge using an accelerometer
and a � ber optic modal sensor. Damage was modeled by loosening
or removinga bolted plate in the bridge.The NN used the heightand
frequency of the � rst two modal peaks and the impact intensity and
location as inputs. They were able to diagnose damage correctly in
the proportion of 58% of the testing cases. Worden and Iomlinson6

used a back-propagation NN in a framework structure. Damage
was modeled by removing one member from the framework. The
NN identi� ed the map from static strain data to a measure of the
damage. They used three hidden layers and used a � nite element
method (FEM) to generate training data. An experimentalmodel of
the same geometry was used to test the trained NN. The trained NN
was able to identify the location of the damage most of the time.

KirkegaardandRytter7 used backpropagationNN in a steel lattice
mast. Damage was simulated by bolted joints of reduced thickness.
The NN simulated the degree of damage in stiffness based on the
� rst � ve natural frequencies. They also used FEM to generate the
training data, and the training data had a 0–100% reduction in di-
agonal cross-sectional area. The trained NN was able to locate the
damage, which has a magnitude of more than 50%. Manning8 used
backpropagationNN in a truss structure. Damage was modeled by
a change in one of the member’s cross section. The NN simulated
the member’s cross-sectionalarea based on a pole-zero locationex-
tracted from the frequency response functions between the actuator
and the two piezoceramicsensorson the same member and the stiff-
ness information of the member. The networks were tested on three
examples and could predict member area within 10% for most of
the members. Povich and Lim9 used a backpropgationNN in a pla-
nar truss with struts. Damage was modeled by removing struts from
the structure. The NN simulated damage in each member based on
the Fourier transform of the acceleration time history. The NN had
384 inputs and 60 outputs, which correspond to each strut. The NN
was trained with 61 examples and was able to correctly identify a
missing strut in 21 out of a total of 38 testing cases.

Tsou and Shen10 used a backpropagationNN in three-degree-of-
freedom (DOF) and eight-DOF spring–mass systems. Damage was
modeled by reducing one of the spring constants by an amount that
varied from 10 to 80%. The NN simulated the change in the spring
stiffnessbased on the changes in the natural frequenciesfor the case
of a three-DOF system and that using the residual modal force in an
eight-DOF system. They employed a two-step approach in identi-
fying the damage using NNs. The � rst NN identi� ed which spring
is damaged. Based on the output of the � rst NN, an appropriate
NN is chosen to quantify the damage in the damaged spring. They
were able to identify the extent of the damage with an accuracy of
5% in the interpolation case, but the error went up to 30% if the
NN had to use extrapolation.Rhim and Lee11 used backpropagation
NN in identifying delamination in a composite cantilevered beam
modeled using the FEM. An autoregressive system identi� cation
was performed on the transfer function of the beam from the force
input to the displacement. Next, the NN was used to simulate an
experimental damage scale, based on the denominator of the trans-
fer function. The network was trained with 10 training patterns and
was able to identify the damage in three test examples correctly.

Barai and Pandey12 used backpropagation NN to identify the
changes in the stiffness in different elements in the truss structures
using nodal time histories.They used a � nite element simulation of
the truss structure representing a bridge with a moving point force
to simulate a vehicle at constant velocity. They were able to predict
the change in stiffness within an accuracy of 4%. Ceravolo and De
Stefano13 used a backpropagation NN in the truss structure by an
FEM. Damage was modeled by removing elements from the struc-
ture. The NN simulated the location of damage using the � rst 10
natural frequencies.They found that an NN with two hidden layers
performs better than an NN with only one hidden layer. Schwarz
et al.14 used a backpropagation NN in spring–mass systems. They
used the NN to identify the changes in the spring constants that
simulate damage based on the changes in the natural frequencies.

Ganguli and Chopra15 used a comprehensive physics-based
model of a helicopter rotor in forward � ight. The rotor model em-
ployed � nite elements in both space and time. They used two NNs.
The � rst was to classify the type of damage, and the second was to
characterizethe levelof damagefromnoise-contaminatedsimulated
vibration and blade response test data. A backpropagationNN with
one hidden layer was used with adaptive learning. They were able
to identify single and multiple faults by moisture absorption, dam-
aged lag damper, and a damaged pitch control system using an NN
trained on simulated ideal and noise-contaminateddata.They found
out that it is important to train an NN using noise-contaminatedre-
sponse data for accurate estimation. The NN, trained on noisy data,
gave almost zero error for noise levels less than 10%.

Marwala16 used a committee of NNs with three types of informa-
tion, namely, the frequency-response function, modal properties,
and wavelet data, to identify four types of faults in a cylindrical
shell. The committee of three networks used together resulted in a
lower mean square error than the average mean square error given
by any individual approach. He also found that the effectivenessof
the method was enhanced when experimental data were used be-
cause the committee approach assumes that the three types of data
used in the three approaches are uncorrelated.Palakal et al.17 used
a backpropagation NN with wavelet transform to predict material
loss based on images of corroded regions on the structure. They
used wavelet transforms using the Harr � lter for extracting param-
eters for segmenting the image. They obtained a large set of data
required for the NN training by perturbing images. The trained NN
was able to predict the material loss quite well.

There have been a number of researchers who tried to use NNs
types other than the feedforward backpropagation NN. Szewczyk
and Hajela18 used a counterpropagation NN, which is similar to
buildinganadaptivelookuptablefrom thegivendata, to � nddamage
in a truss structure.The advantageof this NN is that the architecture
is selectedby the data. The trained NN identi� ed the stiffnessof the
members based on the static deformation under a given load within
an error of 30%. Klenke and Paez19 used a probabilistic NN and a
probabilistic pattern classi� er in identifying the existence of dam-
age. They used a Gaussian kernel-densityestimator to approximate
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the probability density function to be used in their scheme. For a
piece of new data, an estimated likelihoodwas computed for mem-
bership into two classes, damaged and undamaged. The greater of
the two likelihoods was taken as the guess for class membership.
Damage was modeled by changes in spring constants. In all of the
test cases, damage was clearly identi� ed.

Luo and Hanagud20 proposed a dynamic learning rate steepest
descent method in detection of delaminations and impact damage
using modal analysis and an FEM. Real-time health monitoring
techniques based on the modal analysis or � nite element analysis
are limited by time-consuming signal processing. Their method,
based on the simple steepestdescentmethod, improved the learning
convergence speed signi� cantly, so that they were able to show
that an NN can be used in real-time signal processing with modal
data and � nite element analysis. Doyle and Fernando21 used a fast
Fourier transform in the preprocessing stage and backpropagation
anda learningvectorquantizationNN in detectingimpactdamagein
a composite material using an optical � ber vibration sensor system.
They achieved a lower error with fewer iterations using a learning
vector quantizationNN than with a backpropagationNN.

Li et al.22 used an adaptive resonance theory NN embedded with
fuzzy classi� ers. The adaptive resonance theory based on NN is
made up of two layers of cells, an input feature layer and an encoded
category representationlayer. When the pattern of an input matches
one of the stored examples, only the matching cell resonates with
the input and outputs a value that is close to one. The trained NN
was able to correctly identify the condition of signi� cant wear on
the tool before the rapid wear stage, based on the optical scattering
image of a surface.Wu et al.23 used wavelet-basedNNs usinga data-
fusion method for the damage detection of anisotropic composite
materials. They used a piezoelectric ceramic patch as an actuator
and another as a sensor to obtain output acceleration signals. Using
wavelet packets, they decomposed signals into eight different wave
bandsandwere able to obtaindifferentfeatures in decomposedwave
bands for a healthystructureand for structureswith various levelsof
damage. The obtained features for different cases of damage were
used to train an adaptive NN to recognize the characteristics of
different damage. The trained NN was able to distinguish between
different levels of damage.

In our damage identi� cation problem, a diffusively damaged
Euler–Bernoulli beam model, described by Cerri and Vestroni,24

was utilized to evaluate the use of NNs for identi� cation purposes.
In Cerri and Vestroni’s work, a procedurebased on modal equation
was used to solve the inverse problem. Differences in natural fre-
quenciesof damagedbeamand the perfectbeamwere utilizedin de-
termining three damage parameters. The process used by Cerri and
Vestroni in � nding the parameterswas graphicaland was dif� cult to
implement for some cases, for example, ill-conditioned cases. On
the other hand, NNs are able to map this three-dimensionalparam-
eter space automaticallyand give the values of damage parameters,
given the natural frequencies of the damaged beam, in an instanta-
neous manner. Our work differs from previous work using NNs in
that we are identifying the extent of the damage in addition to the
location and the magnitude of the damage. In our case, the inputs
for the NNs are the natural frequenciesof a damaged beam and the
targets to be identi� ed using an NN are the location, the extent, and
the magnitude of the damage. For this purpose, the most suitable
structureof NNs and trainingmethodswere studied.The experience
in utilizing NNs in this damage identi� cation problem was found
to be very valuable in solving the optical imaging problem and vice
versa.

Optical imaging refers to the methodologyof using light in a nar-
row wavelength band in the near-infrared (»700–1000-nm) spec-
trum to transilluminate a light-diffusive media such as a human
tissue and to use the resulting measurements of intensity on the
tissue boundary to reconstruct a map of the internal optical prop-
erties. The main advantage of optical imaging is its capability of
safely and portably measuring tissue functions to detect nonfunc-
tioning cells, such as cancerous cells. It is known that to be able
to observe the functioning of cells, a continuous and noninvasive
imaging method is required. Moreover, optical imaging has advan-
tages over x-ray, computer tomographic (CT) scans, and positron

emission tomographybecauseof its portabilityand lower equipment
cost.25 The main idea of optical imaging is that light passes through
the body in small amounts, carrying with it characteristics about
tissues through which it has passed. Based on these characteristics,
optical images can be obtained by solving the inverse problem of
light propagation.However, diffusive and scattering characteristics
of near-infrared light when propagating in a tissue leads to a highly
nonlinear inverse problem whose solution requires large amounts
of computational time, even for relatively coarse measurements, if
conventionalmethods are used.26¡33

The applicationof NNs may help reduce this computationaltime,
thus, making the use of optical imaging as a method of solving the
underlying inverse problem a more viable approach. The process
of solving this inverse problem consists of two parts. The � rst part
entails solving the direct problem of a light-diffusion equation to
predict propagation of photons in a tissue. The second part, based
on the solutions of the direct problem and the information observed
in the detectors, entails obtaining an optical image by solving the
inverse problem.

There also have been a number of researchers who have used
NNs in variousmedical imaging problems, but none have used NNs
in optical medical imaging. Chiu and Yau34 used NNs for the re-
construction of x-ray CT images of a time-varying object that has
motion artifacts.They introducedan imaging reconstructionmethod
basedon the previousknowledgeof the projectionsand developeda
novel training algorithm.Nakao et al.35 used backpropagationalgo-
rithm to construct a CT image using four projectionsand compared
the performance of this algorithm with that of the algebraic recon-
struction technique (ART). They found that their algorithm is more
effective than the ART. Kiliç and Korürek36 used a � nite element
based NN algorithm that calculates conductivity distribution from
the electrical measurements on the medium boundary. Aizenberg
et al.37 used a special kind of cellular NN based on multiple-valued
threshold logic in the complex plane to detect edges and enhance
resolution in a CT image.

Among the existing approaches to solving the direct problem of
photon transport in tissue, the fastest method at present is perhaps
the FEM for solving the photon-diffusionequation. In our research,
we have used a FEM program and have integrated this program,
with NNs available in the Neural Network Toolbox in MATLAB®,
to identify the presenceof an anomaly using measurements of near-
infrared light that has propagated through a human tissue and has
gone through a high degree of both scattering and absorption. As
for the optical imaging, the inverse problem has been solved using
traditionaltechniquessuch as a gradient-basedoptimizationscheme
and the perturbationapproach.26¡29 These conventionalmethodsare
slow and may get trapped in a local minima. We have used NNs in
this problem to be able to obtain both a set of outputs (location and
size of an anomaly) to the given set of inputs (near-infrared light
measuredat a numberof detectorsand the light emitted by a number
of sources) and to simultaneously achieve a higher resolution in an
instantaneousmanner.

Damage Identi� cation
As shown in Fig. 3, the damage zone of the beam is represented

as being a distance X away from the midspan, having a length
L D , a density ½, area A, and a zone of reduced stiffness of EID

in a beam that has initial bending stiffness EI and an overall span
of L. These quantities are nondimensionalizedwith respect to the
total beam dimensions to form three nondimensionalized damage
parameters24: locationx D X=.L=2/, damage lengthb D L D=L, and
damage magnitude ¯ D .E I U ¡ E I D /=E IU .

Fig. 3 Damaged beam model with three damage parameters (X =
location, LD = extension of damage, and EID = magnitude of damage).
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The governing equation of a vibrating Euler–Bernoulli beam is
given by

EI
@ 4v.x; t/

@ x4
C ½ A

@2v.x; t/

@t 2
D 0 (3)

where v is a vertical displacement and t is time.
When the damaged beam with three zones, »1, »2 , and »3, is

segmented, each segment can be expressed as Eq. (4), where
¸4

i D !2[½ A=.E I /i ]L4 , »i D xi =L . When the solution in the form
shown in Eq. (5) is utilized and the boundaryconditionsat the beam
ends and at each of the segment boundaries are satis� ed, the char-
acteristicequation for the problemis obtained.23 The solutionof the
direct problem was obtained by numerically solving this character-
istic equation for each beam segment:

d4Vi

d» 4
i

¡ ¸4
i Vi D 0; i D 1; 2; 3 (4)

Vi .»i / D Ai1 sinh ¸i »i C Ai2 cosh ¸i »i C Ai3 sin ¸i »i C Ai4 cos ¸i »i

(5)

MATLAB was used to solve the characteristic equation. To de-
velop an NN to identify damage parameters, Neural Network Tool-
box in MATLAB has been used. An NN was trained for the � rst
three to � ve natural frequencies, which themselves are obtained by
solving the direct problem as inputs and the damage parameters as
the training targets.The trained NN was able to providedamage pa-
rameters as the output for a new set of inputs (natural frequencies).
These cases, where the NNs have to identify one, two, and three
damage parameters, have been studied separately.

In the � rst case, only one damage parameter was identi� ed from
the three known natural frequencies. A total of three inputs, the
three natural frequencies,and, as output, the damage location,were
considered. In the � rst step, the characteristic equation was solved
to get natural frequencies for various values of possible locations
of damage. These natural frequencies, coupled with the target, the
location of the damage, were used to train an NN.

The arti� cial NN used in this analysis was a two-layer feedfor-
ward NN with two hidden layers. Transfer functions found to be
most ef� cient for the NN were the sigmoid transfer function for the
two hidden layers and a linear transfer function for the output layer.
The most ef� cient training method in this case was a resilient back-
propagationmethod. This method eliminates the harmful effects of
the magnitude of partial derivatives required in the steepest descent
method and enables a faster training of a multilayer NN that uses
sigmoid transfer functions.38 Figure 4 shows the simulation errors,
which are the errors between the desired value and the output of
the trained NN, in the case when the NN was trained with 40 data
points. In this case, the errors were relativelysmall compared to the
case when the NN was trained only with 20 data points.

Next, the two-parametercasewas studied.Here, thediffuseddam-
age is representedby a concentrateddamage in the formof a reduced

Fig. 4 Simulationerrors of a trained feedforward NN in the prediction
of the location of damage (39 testing points).

Fig. 5 Distribution of testing and training points for an NN to identify
two parameters.

Fig. 6 Simulationerrors of a trained NN at testing points in identifying
two damage parameters when the � rst three natural frequencies of the
damaged beam are given (841 testing data points, x = 29 and k = 29).

beam bending rigidity. Figure 5 shows an example of training and
testing points. The training points are shown as squares and the
testing points, which lie in the midway between training points, are
shown as diamonds.

Selecting the location x and the stiffness k values for 30 points
eachresultedin 900 trainingdatapoints.To trainNNs for900 points,
a radial-basisNN was used instead of a multilayer feedforward NN
because a radial-basis NN is better suited for the case in which a
large number of testing data points are available.

A radial-basisNN has one input layer, one hidden layer, and one
output layer, and has a radial-basis function as the transfer function.
The difference between a feedforward NN and a radial-basis NN
is that, in the case of a feedforward NN, an NN with a random
parameter is created, and the NN so created is trained with the
training data set. However, in the case of a radial-basis NN, the
radial-basis NN is created with a training data set that has near-
zero error vectors. When a multilayer feedforward NN was tried,
it took too much time to train that NN. Therefore, the radial-basis
NN is better suited for a case with a large number of training data
points.The “newrb” functionin MATLAB createsa radial-basisNN
by adding neurons to the network until the sum-squared error falls
below an error goal, or a maximum number of neurons have been
reached. Figure 6 shows the case when the NN, which is trained
with 900 data sets, was tested using the “test” data points.

Moreover, an NN was trained to identify three parameters. The
training was done for 20 locations of x , eight values of span size
b between 0.05 and 0.2; and eight different values of the damage-
magnitude parameter ¯ between 0.1 and 0.5. In this case, a mul-
tilayer feedforward NN was used with resilient backpropagation
training. The trained NN was tested for a new set of data that lies
between the training points. The trained NN showed only a relative
error of 1% for the testing points, as shown in Fig. 7.

The effect of measurement error in the frequency inputs was
studied. The noise was simulated by introducing errors in the
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Fig. 7 Simulationerrors of a trained NN at testing points in identifying
three parameters (931 testing points, x = 19, b = 7, and ¯ = 7).

Fig. 8 Prediction of the location of damage for different degrees of er-
ror in the measurement of the difference of frequency between damaged
and undamaged beam (b = 0.05 and ¯ = 0.3).

measurement of the difference between the natural frequencies of
damaged and undamaged beam for the � rst � ve modes, and these
error-infested data were used as inputs for the trained NNs to pre-
dict the location of damage. Figure 8 shows the predicted location
of damage vs the actual location for different degrees of errors in
the measurements of the difference between the natural frequency
of the damaged beam and that of the undamaged beam. The straight
line with a slope of unity shows the points with no errors in pre-
dicting the damage location. From Fig. 8, we can see that the error
in the measurement should be less than 8% for NNs to predict the
location of damage correctly.

Next, we investigatedhow well the damage in a beam can be pre-
dicted using error-infestedfrequencydata for differentvalues of the
span and the degree of damage. Figure 9a shows the prediction of
the locationof damage for different values of the span of damage b.
Figure 9b shows the predictionof the locationfor differentvaluesof
the degree of damage ¯ . The straight lines with a slope of unity also
show the points with no errors in predicting the damage location.
From Figs. 8 and 9, we can see that a trained NN can predict the
location of the damage even though errors are present in the input.
However, the span of the damage should be larger than 8% of the
whole length of the beam, and the reduction in the bending stiff-
ness should be larger than 20% of the bending stiffness value of an
undamaged beam for the present NN-based approach to identifying
the damage.

Optical Imaging Problem
The � rst step in an optical imaging problem is solving the di-

rect problem, which is, for the given location and strength of a light
source,calculatingthe intensityof light or photon time of � ightmea-
surements at detector locations.This can be doneusing an FEM that
solves that photon-diffusion equation. The photon-diffusion equa-
tion is known to be a very good approximation of photon transport

a) For different values of b (when ¯ = 0.3)

b) For different values of ¯ (when b = 0.08)

Fig. 9 Prediction of the location of damage for different values of the
span and the degree of the damage (" = 8%).

in human tissue.30 A diagram depicting the direct problem solving
is shown in Fig. 10.

The photon-diffusionequation,which is the approximatesolution
of the photon transportequation,is shown hereafter.This is valid for
the scattering dominant case with an isotropic source condition28:

1
cn

@

@t
8.r; t/ ¡ r ¢ [D.r/r8.r; t/] C ¹a.r/8.r; t/ D S.r; t/ (6)

where 8.r; t/ is the photon intensity at position r and time t , D.r/
is the diffusion constant, F .t/ is the diffusion intensity, S.r; t/ is
the source strength, ¹a.r/ is the absorption coef� cient, and cn is
the speed of light in the medium. The solution of the light-diffusion
equation can be obtained by the FEM using a Galerkin approach,as
follows (see Ref. 30):

[K.·/ C C.¹a; c/]© C B
@©

@t
D Q

K i j D
Z

Ä

·.r/rÃ j .r/ ¢ rÃi .r/ dÄ

Ci j D
Z

Ä

¹a.r/cÃ j .r/Ãi .r/ dÄ

Bi j D
Z

Ä

Ã j .r/Ãi .r/ dÄ; Q j .t/ D
Z

Ä

Ã j .r/q0.r; t/ dÄ

© D [81.t/; 82.t/; : : : ; 8D.t/]T ; ·.r/ D
c

3[¹a.r/ C ¹0
s .r/]

(7)

where K, C, and B are the system matrices, Q represents source
values, Ãi are the element interpolationfunctions,· is the diffusion
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Actual experimental reading Calculation using FEM

Fig. 10 Solution of the direct problem.

a) Photon density difference contour

b) Photon density difference along the edge

Fig. 11 Photon density difference with and without the presence
of an absorption anomaly (optical properties of tissue: medium,
¹a = 0.025 mm¡1 and ¹s = 2.0 mm¡1; and anomaly, ¹a = 0.05 mm¡1):

coef� cient, Ä is the tissue domain, ¹a is the absorptioncoef� cient,
¹s is the reduced scattering coef� cient, and c is the speed of light.

For the time-independent case, expression (7) is reduced as
follows30:

[K.·/ C C.¹a; c/]© D Q (8)

To be able to solve the inverse problemusing an NN, a large enough
numberof trainingcases shouldbe generatedto train an NN to solve
the inverse problem correctly.

The information used as an input to the NN is the light intensity
distributionalong the boundaryof a tissue.Figure 11 shows the clear
differencesin the light intensitydistribution inside a tissue with and
without the presence of an anomaly.

Optical Imaging Results
Various methods and complexities were utilized in using NNs in

identifyingananomalyin a circular-shapedtissue.A simpleproblem

Fig. 12 Examples of an anomaly in a nonhomogeneous medium with
different shapes of inside composition [tissue properties: white area:
medium, ¹a = 0.01 mm¡1 and ¹0

s = 1.0 mm¡1; gray area: parenchyma,
¹a = 0.03 mm¡1, and ¹0

s = 0.5 mm¡1; and dark area: anomaly (tumor),
¹a = 0.5 mm¡1 and ¹0

s = 3.0 mm¡1].

that only identi� es one parameterwas solved� rst, and the complex-
ity was increased gradually to the case where the number of outputs
is same as the number of elements in an FEM. Throughout the solu-
tion, a multilayer feedforward NN with two sigmoid hidden layers
and linearoutput layers, as well as a resilient backpropagationtrain-
ing scheme, were used. Here, the tissue is assumed to have a large
degree of scattering coef� cient, which is the valid assumption for
which to use a photon-diffusion equation to approximate photon
transport in tissue. The anomaly is assumed to have different scat-
tering coef� cient and should have a larger absorption coef� cient.
The exact values of coef� cients are different from problem to prob-
lem and are noted in the � gure captions.

Preliminary results were obtained using an optical � nite element
program available at the Biomedical Optic Research Group’s ho-
mepage, URL:http://www.medphys.ucl.ac.uk/research/borg/index.
htm. However, we subsequently developed our own � nite element
code to solvethe directproblems.Becauseutilizingan existing� nite
element code had limitations with regard to the code’s integration
with the MATLAB Neural Network Toolbox,such as in generatinga
large enough number of training cases, we have developedour own
� nite element code for solving the direct problemin two dimensions
as part of solving the inverse problem. The code was developed in
the MATLAB environment for easy and ef� cient integration with
the MATLAB Neural Network Toolbox. The � nite elements used
in our code are linear triangular elements to accommodate round
and irregular shapes. In evaluating element matrices, exact integral
formulas were used.39

In humantissue, the roughshapeof thecross sectionof a given tis-
sue would be similar from person to person; however, there would
be a variety of variations in the cross sections size and detailed
shape. Thus, we wanted to � nd out whether a trained NN would
be able to discern the existence of an anomaly in a nonhomoge-
neousmedium with known absorptionand scatteringproperties,but
having an unknown distribution of its constituents such as fat and
parenchyma. Figure 12 provides examples of a nonhomogeneous
medium with anomalies. The white-colored medium is the fat, and
the light-gray-colored area is the parenchyma. The dark-colored
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Fig. 13 Probability of successfully predicting the existence of an
anomaly in a nonhomogeneous medium by a trained NN, for different
numbers of training sets, which were randomly generated.

Fig. 14 Distribution of training and testing set for an NN that pre-
dicts the location and the size of an anomaly (optical properties of
tissue: medium, ¹a = 0.025 mm¡1 and ¹0

s = 2.0 mm¡1; and anomaly,
¹a = 0.05 mm¡1 ).

Fig. 15 Simulation error of an NN in predicting the location and the
size of an anomaly in 384 elements � nite element model.

region is the anomaly. The NN was trained with randomly selected
parenchymalocationsand shapesand both with and without anoma-
lies. After training, the probabilityof a correct predictionwas found
to be only 50% with an NN trained with 100 training sets. How-
ever, this probability increased to 70% for an NN trained with 200
samples and to 90% for an NN trained with 500 samples. Figure 13
shows the increasein the probabilityof correctlypredictingthe pres-
ence of an anomaly as the training set size increases. From this, we
can see that it is possible for a trained NN to tell whether a region
having an abnormal property exists in a tissue of known absorption
and scattering properties but with an unknown distribution of fat
and parenchyma.

In the next case, an NN was trained to identify three anomaly
parameters, namely, the location and the size of an anomaly. They
are two coordinatevalues of the center location of the anomaly and
the radius of the anomaly. The training was done based on training
sets distributed evenly over the cross section. Figure 14 shows the

locations of testing and training points. The training succeeded in
converging to a simulation error of 10¡5. Figure 15 shows that the
simulation error displaying the deviation in location predictionwas
mostly less than 1 mm in a sample with the overall diameter of
50 mm. From these results, we can expect that higher accuracy can
be achieved by using a higher number of training sets and a � ner
mesh.

Next, we trained an NN in a different way. We made each output
neuron represent the absorption coef� cient of each element in the
FEM, as shown in Fig. 16. In this way, drawing contours based on
the valuesof the simulationoutputof neuronscorrespondingto each
� nite element can reveal the intrinsic tomography of the section.

We used two � nite element meshes having different resolutions,
for solvingthe direct and inverseproblems,respectively,for restudy-
ing the aforementioned case. Recall that, in that case, each output

Fig. 16 Structure of multilayer feedforward NNs to identify the prop-
erty of each element; each outputneuron corresponds to the parameters
of each element.

a) Fine mesh for the direct problem

b) Coarse mesh for the inverse problem

Fig. 17 Fine mesh for direct problem solving and coarse mesh for
inverse problem solving, showing two sizes of anomalies, correspond-
ing to each other’s mesh used in the training (� ne mesh, 1536 ele-
ments; coarse mesh, 384 elements; optical properties of tissue: medium,
¹a = 0.025 mm¡1 and ¹s = 2.0 mm¡1; and anomaly, ¹a = 0.5 mm¡1).
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Fig. 18 Actual target and simulated output of trained NNs displaying
the edges of an anomaly on � ne and coarse � nite element meshes in
testing set: actual target and simulation output.

Fig. 19 Worst cases in the simulation results using different meshes
for direct and inverse problems: actual target and simulation output.

neuron represents the absorption coef� cient of an element in the
� nite element mesh. In Fig. 17, the two meshes are shown for the
case with the presence of an anomaly in the tissue. The � ne mesh,
with the anomaly present, is used in solving the direct problem to
simulate variousdetector readings.At the same time, the absorption
coef� cients of each element in the correspondingcoarse mesh with
the same shape of anomaly are used as the training targets for the
NN’s output layer.The trainingwas done for everypossiblelocation
in the coarsemesh, with two differentsizes of the anomaly,as shown
in Fig. 18. In this way, we have more accurate results for the direct
problem and a smaller mapping space for the NN. At this point,
the training took 3000 epochs. This is much shorter than the case
when only a coarse mesh was used for obtaining both the data for
simulating the measurements and for training the NN. When only a
coarse mesh was used, it took more than 6000 epochs for training.

The trained NN was tested with new data obtained using the � ne
mesh and with an anomaly whose edges do not coincide with those
of the anomaly that can be represented in a coarse mesh. In four
out of � ve testing cases, the NN revealed very similar anomaly
shapes. Figure 18 shows the close predictiongiven by a trained NN.
Although Fig. 19 shows less accurate results, we can still observe
that the NN gives good information about the anomaly. In Fig. 18,
both theactual target in the testingset and the simulationresultby the
trained NNs to inputs corresponding to the actual target are shown
on the � ne and coarse meshes. Here, we can see that, although the
trained NN has only seen the anomaly whose edges coincide with
a coarse � nite element mesh, the trained NN can still successfully

predict the shape of an anomaly whose edges do not coincide with
the edge of the coarse � nite element mesh.

Conclusions
The � rst step in solving the inverse problem of damage detection

and optical imaging is � nding the best information that will most
ef� ciently identify the parameters that we are seeking. In the dam-
age identi� cation problem, natural frequencies of a beam provided
suf� cient information. In the optical imaging problem, the intensity
of light observedat various locationswas utilized to both locate and
determine the size of an anomaly.

The second step lies in � nding the best way to employ NNs
to solve the speci� c inverse problem. In both problems, feedfor-
ward backpropagation NNs and a resilient backpropagation train-
ing method have been found to be most ef� cient. Also, it was found
that using radial-basis NNs in solving some aspects of the prob-
lem can have bene� ts. Causing output neurons to have a parameter
value for each � nite element, as was done in the optical imaging
case, can have applications for the damage identi� cation problem
as well. Also, the damage identi� cation problem in two dimensions
would need a step similar to that in the optical imaging problem. In
both of the problems, for NNs to predict accurate values, the gener-
ation of adequate amounts of training sets, as well as long learning
processes, are needed.

When NNs are applied for solving inverse problems related to
optical imaging, the most promising feature that the NNs provide
seems to be their ability to classify the existence of an anomaly in
a tissue in a manner that inspires con� dence. Likewise, the NNs
provide information related to both the geometry and the optical
properties of a constituent in a tissue. This would also be the case
for the damage identi� cation problem wherein a well-trained NN
can provide both the location and the extent of damage.

This work provides an example of applying a technology(identi-
fying damage using NNs), developed in the � eld of structural engi-
neering, to a problem in a totally different � eld, as well as applying
the experiencegained in the second � eld back to the structuralengi-
neering � eld. Eventually, we will see the bene� ts of solving inverse
problems in both of the � elds.

For the damage identi� cationproblem, it was seen that the present
approach works extremely well if the error in the differences be-
tween the damaged and undamagedfrequency is less than 16%, the
size of the damage is more than 6–8%, and the reduction in the
stiffness is 20% or more.
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