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ABSTRACT

Osteoporosis is a disease of bones. It leads to an increased risk
of fracture. The improvement in biosensor for measuring the
strain on bones is required. A photometric biosensor is
modeled. It is simulated. The performance of the biosensor is
analyzed using Artificial Neural Network (ANN) in terms of
layers of neural network. Number of epochs/iterations are
carried out. The performance is analyzed in terms of mean
square error (mse). The percentage accuracy of sensor is
obtained as 93%.
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1. INTRODUCTION

Osteoporosis is a disease of bones. It leads to an increased risk
of fracture. It is affecting a large population irrespective of the
age. The form of osteoporosis most common in women after
menopause is called, “Primary Type 1” or Postmenopausal
Osteoporosis. “Primary Type 2” osteoporosis also called
Senile Osteoporosis occurs after age 75. It is seen at a ratio of
2:1 in both men and women. Finally, “Secondary
Osteoporosis” may arise at any age. It affects males and
females equally.

There are number of biosensors in existence to make the
diagnosis of such severe health problems. Most of the
researches like [1],[2],[3] have focused on using
electrochemical and magnetostatic transducers for the
measurement of strain. Few of the researchers have
emphasized in the field of photometric sensors [4],[5,[6]. The
photometric sensors have the advantage of being chemically
inert. They do not cause thrombosis. Moreover, these are light
flexible and EMI/RFI immune. These biosensors are
electrically inert. These reduce the fear of patients in terms of
shocks. A work has been reported in the area of optimizing
the biosensors for different medical applications using
Artificial Neural Network (ANN) [7], [8], [9], [10]. Starodub
et al developed surface plasmon resonance optical bioosensors
for Express-Diagnostics of Acute Viral Infection and
Mycotocsicosis[11]. A very little work has been reported in
the area of optimizing the fiber-optic biosensor for strain
measurement in ortho applications using ANN. In this paper,
an attempt has made to analyze the performance of an optical
biosensor using ANN by varying the number of layers.

2. ARTIFICIAL NEURAL NETWORK

Basic structure of Artificial Neural Network (ANN) is shown
in Fig. 1. It is considered as parallel computational model with
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varying degrees of complexity. A very important feature of
neural networks is their adaptive nature. It is comprised of
densely interconnected adaptive processing units. The
"learning by example" replaces traditional "programming"” in
solving problems. This feature makes this computational
model very appealing in application domains, where one has
little or incomplete understanding of the problem to be solved
but where training data is readily available. A neural network
consists of three basic types of layers;

(i) an input layer,

(i) an output layer and

(iii) hidden layers.
These are shown in Fig. 1.
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Fig 1: Basic structure of ANN showing various layers

The neural network with one layer of neurons consists of
output layer only, no hidden layers. The simplest network
consists of just one neuron with the function

m
g=ZWij,a

j=0
where g = activation function
w = vector of synaptic weights
x = vector of inputs
a = absolute inhibition term
It is chosen to be an identity function as
g(v) =v forallv,
— m
where, v = XL, WijX;

V = weighted sum of m inputs.
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In the present research, the output of the network is linear
function of the input vector x with components x; If the
dependent variable y is modeled using multiple linear
regressions, it can interpret the neural network as a structure
that predicts a valuey for a given input vector X with the
weights being the coefficients. If these weights are chosen to
minimize the mean square error using observations in a
training set, these weights would simply be the least squares
estimates of the coefficients. The weights in neural nets are
also often designed to minimize mean square error in a
training data set. However, there is, a different orientation in
the case of neural nets: the weights are”learned”. The network
is presented with cases from the training data one at a time
and the weights are revised after each case in an attempt to
minimize the mean square error. This process of incremental
adjustment of weights is based on the error made on training
cases. It is called, ’training’ the neural net. [12]

3. METHODS AND MATERIALS

Fiber Optic biosensors have several advantages over the
available electrochemical and magnetostatic biosensors. Strain
on bones can be measured more accurately with the
improvement in biosensors. Such an improvement is being
achieved with the design of fiber optic microbend biosensor.

3.1 Block Diagram / Flow Chart

The block diagram of the proposed fiber optic biosensor is
developed and is shown in Fig.2. It consists of various
sections like the source, multimode fiber, detector,
preamplifier, A/D converter, microcontroller and the LCD
display. The source or the optical transmitter converts the
electrical signal into the optical signal. Optical signal is fed to
the Multi Mode Fiber (MMF). MMF connects the transmitter
to the detector or the fiber optic receiver. The MMF is
proposed to be bonded with the bone. The strain of the bone is
to be measured. The signal from detector is fed to the
preamplifier. The output of preamplifier is fed to A/D
converter. It is further connected to microcontroller. When the
strain on the fiber is applied the output in terms of attenuation
can be viewed on the LCD display.
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Fig. 2: Block Diagram of the proposed Fiber Optic

Biosensor
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3.2 Hardware Model

On the basis of the block diagram shown in Fig. 2, a model of
fiber optic biosensor is designed. Such model is shown in
Fig.3. It is fabricated in the project lab of UIET Chandigarh.
The accuracy of the fabricated sensor is checked with the aid
of strain gauge sensor. It is found that as the with the increase
in bend or strain on fiber the loss or attenuation changes
proportionately.

Fig 3: Data acquisition system for biosensor

3.3 Software Model

On the basis of the system fabricated in section 3.1, a
simulink model is designed. MATLAB has been used for
simulation work. The ANN based test bench has been
developed for optimization of fiber optic biosensor for strain
measurement in ortho applications using MATLAB. Then
subsequently iterations have been performed to analyze the
performance of the simulink model by considering the
concept of layers. The strain versus attenuation is further
linearised using the data collected. The linear graph is shown
in Fig. 4 [13].
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Fig 4: Response of model of biosensor Strain vs.
attenuation response
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A series of simulations have been carried out on the ANN
based biosensor. These use the concept of layers. On this
basis, the performance of the system has been analyzed. First
of all, the analysis is being made for the designed simulink
model based on ANN with one layer. The neural network
training tool is shown in Fig. 5. It depicts the various sections
of ANN simulation process i.e. neural network system,
algorithms, progress and plots. Neural network system
comprises of various blocks showing input output and hidden
layer. Algorithm section depicts the model used to train data,
performance evaluation parameter i.e. mean square error
(mse) and data division section i.e. random in present case.
Progress section showing various parameters to analyze the
progress of the system i.e. Epoch, time, performance,
gradient, Mu and the validation checks. Plots section consists
of performance, training states and regression subsections.
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Fig 5: Neural network training tool showing various
parameters of progress

4. RESULTS AND DISCUSSION

In the present research work, ANN based biosensor is
considered in terms of a single layer of neural network.
Number of iterations is being carried out. It is found that
number of epochs carried out is 33 (Fig. 5) when neural
network trained biosensor with one layer is considered.

The performance of training state in terms of gradient, Mu
and validation checks with respect to number of epochs is
shown in Fig. 6. The respective values of gradient, Mu and
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validation check at epoch 33 are 0.0042956, 0.01 and 6
respectively. The system performance is analysed in terms of
number of epochs versus mse. It is shown in Fig. 6. The graph
shows trends of trained, validation and test data in terms of
epochs versus mse. It is clear that with the increase in number
of epochs the mean square error decreases for all trained,
validation and test data with slight difference in the slope. The
best validation performance in terms of mse is 0.043231 at
epoch 27. On the basis of parametetric performance the
percentage accuracy of the system designed comes out to be
93%.
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Fig 6: Number of Epochs vs. training state parameters

Best Validation Performance is 0.043211 at epech 27
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Fig 6: Number of epochs vs. mean square error

5. CONCLUSION

With the improvement in biosensor for measuring the strain
on bones it will be possible to more accurately detect the
onset of osteoporosis. For such an improvement, a model of
microbend photometric biosensor is designed and fabricated.
The performance of the present biosensor is analyzed using
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ANN in terms of layers of neural network. The trained,
validated and test data is analyzed as number of epochs vs.
mean square error. The best validation performance in terms
of mse is obtained as 0.043231. The percentage accuracy of
the ANN based photometric strain biosensor trained using one
layer comes out to be 93%.

The performance of the ANN based biosensor shall be
analyzed by varying the number of layers.
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