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Abstract— Recognition of textile fiber has a major influence on the success of the textile industry. Resilience, dry
tenacity, Wet tenacity moisture regain (absorbency), extension are the most important properties that are used in
classifying fibers. Attempt has been made in developing a neural network (ANN) based methodology in determining
the category of a fiber. The proposed methodology has been demonstrated on numerous samples collected from the
laboratory and satisfactory performance has been observed.
Keywords— Artificial-Neural-Networks, resilience, dry-tenacity, Wet-tenacity, moisture regain (absorbency),
extension, Category.
I. INTRODUCTION
Fiber recognition is a very sophisticated task that requires special skill. Generally, number of features is taken into
consideration in categorizing a fiber. The fiber classification tree has shown in figure 1.

Figure 1 : classification of textile fibers
Some of the important properties or characteristics [1][7][8][9] considered in this purpose are given below.
 Dry tenacity
 Wet tenacity
 Dry elongation
 Wet elongation
 Dry modulus
 Wet modulus
 Loop tenacity
 Loop elongation
 Knot-tenacity
 Heat-absorbency
 Extension
 Resilience
 Moisture regain
A lot of maturity and skill may be required on the part of the engineer to categorize the fibers. The engineers use their
experience manually to recognize a fiber. One can easily appreciate the complexity of the task is huge keeping in mind
the number of parameters they need to consider. Moreover, the decision may be erroneous as significant amount of
manual judgment is involved.
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Neural networks are used to model complex relationships between inputs and outputs or to find patterns in data and also
for future data prediction. A neural network consists of an interconnected group of artificial neurons, and it processes
information using a connectionist approach to computation. In most cases a neural network is an adaptive system that
changes its structure during a learning phase. Neural network consists of an input layer, a hidden layer (or hidden layers),
and an output layer, as shown in Fig 2.
A network with more than two layers can approximate any function, if the hidden layer is large enough. This has been
proved using the Stone-Weierstrass theorem [19].
The high level diagram of a neural network is as follows [12]
Where
for all l = 1,...,L. There are L+1 layers of
neurons, and L layers of synaptic weights. The primary task here is to find the weights W and biases b so that the actual
output becomes closer to the desired output d. the most popular approach to find the optimal set of weights of an ANN
is backpropagation, which is being explained below.
The backprop algorithm consists of the following steps.
The input vector

is transformed into the output vector

, by evaluating the equation[12]

For l = 1 to L.
The difference between the desired output d and actual output

is computed.

The error at the output units is then propagated backward through the entire network, by evaluating [12]

From l = L to 1.
The synaptic weights and biases are updated using the results of the forward and backward passes,

These are evaluated for l = 1 to L. The order of evaluation doesn’t matter.
Later I’ll show that this is gradient descent on a cost function, but ﬁrst let’s see an application of backpropagation.
Let’s deﬁne the cost function

Where a function of W and b is arises through the equations of the forward pass. This cost function measures the
squared error between the desired and actual output vectors.
We’re going to prove that backprop is gradient descent on this cost function. In other words, the backprop weight updates
are equivalent to[12]

In general form the equation for a Tan-sigmoid function would appear as:

Where c > 0, c = const, is a positive scaling constant.
[13]The method of reducing the training time is the use of momentum factor because it enhances the training process.
The
influence
of
the
momentum
on
weight
change
is
shown
in
the
equation

=weight change without momentum,
=Momentum term
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II. PROPERTIES OF THE ALGORITHM
The backprop algorithm has a number of interesting features
A. The forward and backward passes use the same weights, but in the opposite direction

B. The update for a synapse depends on variables at the neurons to which it is attached. In other words, the learning rules
are local, once the forward and back- ward passes are complete.
In this investigation, an automatic method is proposed exploiting the effectiveness of Artificial Neural Networks (ANN)
to categorize fibers. ANN model is developed using NN tool in MATLAB 7.7. In this classification strategy I have used
5 important physical properties from all of the physical properties to classify the fibers in 5 different categories.
III. SELECTION OF PARAMETERS
In solving the problem of fibre classification, the most important task is to analyze the fibres and select relevant
parameters to be used in ANN. For this reason out of these parameters 5 important parameters have considered for the
classification. They are
 resilience
 dry-tenacity
 Wet-tenacity
 moisture regain (absorbency)
 Extension
Resilience means the ability of a fiber to return to its original state after being disturbed. Dry-tenacity is the ability of
fibers to overcome great strength or force in dry condition .Wet-tenacity is the ability of fibers to overcome great
strength or force in wet condition .In another words tenacity is the greatest longitudinal stress of fibers can bear without
tearing asunder, usually expressed with reference to a unit area of the cross section of the fiber in the both dry and wet
conditions. Moisture-regain is the percentage of moisture in a fiber brought into equilibrium with a standard atmosphere
after partial drying, calculated as a percentage of the moisture-free weight. Extension means the amount, degree, or
range to which a fiber extends or can extend.
The measurement of the parameters have shown in the table 1.
Table 1: The measurement of the parameters
resilience
where is the yield strength and E is
the Young's modulus
DrycentiNewton/tex (cN/tex)-> x 0.1132
tenacity
Grams-force/Denier (G/D)
WetcentiNewton/tex (cN/tex)-> x 0.1132
tenacity
Grams-force/Denier (G/D)
MoistureMoisture absorbency in percentage
regain
moisture regain. e.g. = 0.7, Absorbance
units = 70%.
flexibility

Young’s modulus=Tensile stress /tensile
strain=
F is the force exerted on a fiber under
tension;
A0 is the original cross-sectional area of a
fiber through which the force is applied;
ΔL is the amount by which the length of
the fiber changes;
L0 is the original length of the fiber.

The classification values are Animal fibers (1), vegetable fibers (2), minerals fibers (3), Natural polymer fibers (4),
Organic synthetic polymer fibers (5).
IV. NEURAL NETWORK BASED FIBER CLASSIFICATION
As Artificial neural networks (ANN) [11] are developed for pattern recognition by using the computational complexity
between input and output, we here want to build an approach for thousands of fiber recognition by their physical
properties. Here out of these 13 parameters, we select only 5 parameters as suggested by the handloom and textile
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department of Tripura govt. Using these 5 parameters we design a neural network using 8 hidden neurons represent good
training result as shown in table 4.These 5 parameters found to be very useful for recognizing the no. of fibers in the
training phase as well as in testing phase.

Figure 2: three layered multi-layer perceptron (5-8-5)
Ideally a system designer wants the same range of values for each input feature in order to minimize bias within the
neural network for one feature over another. Data normalization can also speed up training time by starting the training
process for each feature within same scale[20]. It is especially useful for modeling applications where the inputs are
generally on widely different scales. The normalized data is determined by
Min-max normalization and is expressed as
X = (p-minp)/ (maxp-minp)
Where
X = normalized value
Minp= minimum in input
Maxp= maximum in input
The fiber test data is divided into 2 parts using 70:30 mode of distribution. A total of 67 fibers which is obtained from
different parts of chitter district with wide range of WL from laboratory tests. Among 45 fibers data is used for testing
and remaining 22 fibers data is used for training. The typical normalized data used for training phase is presented in
Table 2 and in Table 3 presents the typical normalized data used for testing phase. The symbols used for the input
parameters are resiln (resilience), dt (dry-tenacity), wt (wet tenacity), ex (extension), M.R (moisture regain), output,
45 fibers test data was used for training the neuron, typical training data is presented in Table-1 [4][5][8][9][10].
Remaining 22 fibers test data was used for testing the network model developed for prediction of Category of fibers.
Typical testing data is presented in Table-2 [4][5][8][9][10]. The feed forward back propagation training network models
have been coded into a MATLAB program using neural network toolbox. The MATLAB software enables training with
different convergence criteria, tolerance level, activation functions and number of epochs. The neural network models
studied in this investigation uses transfer function = ‘TANSIG’ as activation function. A constant value of learning rate
equals to 0.2 was assigned for all the models. The network training/learning halts automatically once the mean square
error value converges to a tolerances value of 0.05 or the Number epochs become equal to 3000 whichever is earlier.
After this the network model is ready for prediction of desired output.
TABLE 2. TRAINING DATA
Resiln

dt(cn wt(cn
/tex)

Ex(%) M.R(%) o/p

/tex)

o/p

(actual) (target)

0.96

1

0.95

0.36

0.2

0.7

1

1

0.98

1

0.42

0.18

1.2

1

0.63

0.83

0.77

0.85

0.55

1.7

2

0.67

0.66

0.54

0.81

0.54

2.2

2

1

0.78

0.41

1

1

2.12

2

0.52

1

0.88

0.55

0.91

3.05

3

0.52

0.9

0.86

0.6

0.91

2.78

3

0.13

0.96

0.54

0.76

0.26

4.2

4

0.13

0.68

0.61

0.69

0.25

3.7

4

0.52

0.51

0.61

0.97

0.28

4.06

4

0.52

0.49

0.72

0.97

0.28

4.03

4

0.68

0.7

0.59

0.88

0.99

4.67

5

0.68

0.81

0.74

1

1

4.82

5

© 2015, IJARCSSE All Rights Reserved

Page | 388

Deb et al., International Journal of Advanced Research in Computer Science and Software Engineering 5(1),
January - 2015, pp. 385-392

FIGURE 3: PLOT REGRESSION FOR TRAINING (ACTUAL VS. TARGET)

TABLE 3. TESTING DATA
Resiln dt(cn wt(cn
/tex)

Ex(%) M.R(%) o/p

/tex)

o/p

(actual) (target)

0.96

1

0.95

0.36

0.2

0.7

1

1

0.98

1

0.42

0.18

1.2

1

0.63

0.83

0.77

0.85

0.55

1.7

2

0.67

0.66

0.54

0.81

0.54

2.2

2

1

0.78

0.41

1

1

2.12

2

0.52

1

0.88

0.55

0.91

3.05

3

0.52

0.9

0.86

0.6

0.91

2.78

3

0.13

0.96

0.54

0.76

0.26

4.2

4

0.13

0.68

0.61

0.69

0.25

3.7

4

0.52

0.51

0.61

0.97

0.28

4.06

4

0.52

0.49

0.72

0.97

0.28

4.03

4

0.68

0.7

0.59

0.88

0.99

4.67

5

0.68

0.81

0.74

1

1

4.82

5

FIGURE 4: PLOT REGRESSION FOR TESTING (ACTUAL VS. TARGET)

V. RESULT AND SUCCESS RATE
The no. of hidden neurons used and the performance and prediction percentage has shown in table 4. Here we have
started evaluating the no of hidden neurons which will give the minimum error rate during training phase. And after
testing the no of hidden neurons (5, 7 and 8) will come to the conclusion that using 8 hidden neurons will give the
minimum error rate.
We first train the network using Plot regression for training data has shown in figure 3. Plot regression (targets (T),
outputs (Y)) plots the linear regression of targets relative to outputs. For a perfect fit, the data should fall along a 45
degree line, where the network outputs are equal to the targets. For this problem, the fit is reasonably good for all data
sets, with R values in each case of 0.93 or above. The blue line shows the best fit. And the classes 1, 2,3,4,5 are perfectly
classified along the plot regression.
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The plot regression for validation is shown in figure 5. The validation set is generally used to compare the different
architectures or parameters of the neural network. For example, while the training set is used to train the network, the
validation set would be used to determine how many layers/nodes to have. The purpose of this validation set is to
determine when to stop the training before the NN starts over fitting. The green line shows the best fit for validation.
In this training we observed that the mean square error for training the samples is 0.00175. Using this training
performance we experiment it on the testing data and plot regression for testing data has shown in figure 4. As like as the
blue line shows the best fit for training, the red line shows the best fit for testing. As we observe the mean square error
from the plot regression for the testing data is 0.00194 which is the almost the minimum error rate occurred during
testing phase.
The plot regression for all training, validation and testing is shown in figure 6.The black line shows the fit.
Gradient descent with momentum, implemented by traingdm, allows a network to respond not only to the local gradient,
but also to recent trends in the error surface. Acting like a low pass filter, momentum allows the network to ignore small
features in the error surface. Without momentum a network can get stuck in a shallow local minimum. With momentum a
network can slide through such a minimum. Gradient descent with momentum depends on two training parameters. The
parameter lr indicates the learning rate, similar to the simple gradient descent. The parameter mc is the momentum
constant that defines the amount of momentum. mc is set between 0 (no momentum) and values close to 1 (lots of
momentum). We need to be able to compute the gradient G of the loss function with respect to each weight of the
network. It tells us how a small change in that weight will affect the overall error. Figure 7 shows the gradient value of
the network.
Figure 8 shows the performance analysis. This figure doesn't indicate any major problems with the training. The
validation and test curves are very similar. If the test curve had increased significantly before the validation curve
increased, then it is possible that some over fitting might have occurred. Here the best validation performance is
0.015058 at epoch 11.
The mean square error rate for training and testing data has shown in table 5.
Table 5: mean square error rate for training and testing data
Ann data
Mean square error
Training data
0.00175
Testing data
0.00194

Figure 5: plot regression for validation

Figure 6: plot regression for training, validation and testing regression.
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Figure 7: gradient value
Table 4: performance evaluation
Ann network

performance

prediction

5-5-1

0.734

55%

5-7-1
5-8-1

0.832
0.868

72%
95%

Figure 8: performance validation
VI. SCOPE AND FUTURE WORK
The textile fiber classification with other neural network applications like radial basis neural network, recurrent neural
network can also useful for classifying the fibers which will decrease the overhead calculation time for several thousand
fibers. The area and color prediction can also be done by collecting more data sets collected from different places in the
world which needs huge amount of searching of different fibers from different corners of the world.
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