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ABSTRACT
This paper aims to discuss the design and development of an Artificial Neural Networks (ANNS)
model to understand a human perception of the tactile prickliness properties of textile wear fabric
materials, and create an objective system to express those prickle perceptions in terms of
measurable mechanical properties. The objective and also subjective hand measurement of the
textile materials used for wear fabric has been check up on with consideration given the aspects
of both dermatitis and comfort. In this study, attempt to predict the prickliness (itchiness) of wear
fabric by their physical properties using a back-propagation network and a stepwise regression.
Handle properties of fabrics were measured by universal test equipment (KES-F) and total
prickle-score (TPS) values of the wear fabrics were determined by a group of panelists consisting
of some textile experts. The optimum construction of neural network was investigated through
the change of layer and neuron number. The results showed that the back-propagation network
could predict the (TPS) values of wear fabric with a meaningful difference. These wear fabrics
were used to show that the results of neural network were in good agreement with subjective test
results.
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INTRODUCTION

There are mainly four types of mechanical sensory perceptions of wear fabrics. Namely: wear
sensations during activity; prickle, itch and rashes; touch and pressure sensations; and roughness
and scratchiness sensation (Y. Li, 2001). We know that in wear fabrics, skin comfort is a key
feature in garment manufacturing, especially for the “next to” skin fabric materials (Apurba Das
et al., 2010). When a fabric is worn next to the skin, occasionally an unpleasant sensation known
as fabric-evoked prickle originates, this sensation results from the mechanical stimulation of
specific nerve endings in the human skin rather than an allergic reaction (Garnsworthy et al.,
1988; Garnsworthy R. K. et al. 1988; Matsudaira et al., 1990). Therefore, fabric-evoked prickle
is defined as the discomfort feeling when worn garment next to human skin. It is the combination
of physical, biological and psychological processes (Garnsworthy R.K. et al., 1988; Naylor
G.R.S., 1992; Li Y., 2006). According to this definition, the nociceptors are the sensory receptors
which are responsible for sensing the prickle pain when a garment is worn (Goldstein, 2010;
Sleivert, 2002). These receptors have relatively high thresholds to act as warning devices that
enable the organism to take protective action in time (Dargahi et al., 2004). Thus, the degree of
discomfort caused by fabric prickle varies from person to person, skin type, humidity and
temperature of the atmosphere as well as in the microclimate, type of fiber used in garment, etc.
(Westerman et al., 1984). A number of studies (Garnsworthy R. K., 1988; Garnsworthy R. K. et
al., 1988; M atsudaira et al., 1990; Naylor G.R.S., 1992; Ramsay, et al., 2012; Naylor G. R. S.,
1992; Vlattas et al., 1991) have been carried out to understand the prickle characteristics of
fabrics. They conclude from their results that, stiff fiber ends protruding from a fabric surface
and contacting the skin during wear, act mechanically as simple Euler’s rods and if they are able
to sustain a sufficient force before the buckling, they trigger the nerve endings resulting in the
“prickle” sensation.
Gransworthy et al. carried out extensive study to understand the causes of prickle and itch from
the skin contact of fabrics. They concluded that, fabric-evoked prickle is the result of low-grade
activity in nociceptors, and that the stimuli are protruding fiber ends exerting loads of
approximately 75 mN or more against the skin (Garnsworthy et al., 1988; Matsudaira et al.,
1990).
Measuring and assessment of the tactile prickle propensity of a fabric is a difficult task with the
primary assessment being subjective to sensory responses from wearers and handle feeling. From
a research perspective, collection of this data is both time consuming and relatively expensive.
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Therefore, a number of scientists have tried to measure and evaluate fabric prickliness.
Matsudaira et al. they developed laser hairiness meter, where the fibers protruding from the
fabric surface are counted by laser beam. This study gives a fairly good indication of prickliness
of fabric (Matsudaira et al., 1990; Matsudairaet al., 1990). In addition, Matsudaira et al. they
used a modified audio pick-up technique for measuring the mean force per contact with the
protruding fiber (Matsudaira et al., 1990). They observed that this technique is the most effective
measure of fabric prickle and the result obtained from this instrument correlate well with the
subjective perception of fabric prickle. Ramsay et al. were developed a new technique and
prototype instrument for rapidly assessing the propensity of fabric-evoked prickle on single
jersey acrylic and wool fabrics. The instrument gave results consistent with the known coarse
fiber content of the fabric. In both cases, the instrument results were highly correlated with
human assessment of the fabrics, ranking them in the same order as an expert panel of judges
(Ramsay et al., 2012).

Many studies have been conducted to analyze the relationship between various fabric parameters
and tactile prickle comfort properties by using statistical methods (Ti Li, et al. 2012; Naebe, et al.
2013; Maryam et al., 2014; Naylor et al.2014; Stanton et al., 2014). However, the statistical
methods used have some limitations. One of the most common problems faced in statistical
modeling is the non-linear relationship of different fabric parameters with tactile prickle comfort
properties. Furthermore, most of the fabric parameters which directly influence the prickliness
properties such as thickness, fabric weight, bending, etc., are related to each other and are
derived from basic fabric specifications such as fiber length and diameter, yarn linear density,
etc. Hence, it is difficult to study the effect of one parameter without changing the other.
Therefore, a system is required which can predict the tactile prickle comfort parameters of the
fabric by considering the collective influence of all the fabric parameters at the same time. This
is where artificial neural network can be effectively put to use. An artificial neural networks
(ANNSs) has proved useful for many prediction-related problems in textiles research such as: the
prediction of characteristics of textiles; identification, classification and analysis of defects;
process optimization; and marketing and planning (Mukhopadhyay, 2002; Mukhopadhyay, et al.
2003). Researchers have already tried to use neural networks to predict various comfort-related
properties such as human sensory perceptions and overall comfort of wear fabric (Ti T. Li et al.,
2012; Wong, 2003).

Therefore, in this paper an artificial neural network is used to predict the tactile prickle
discomfort sensation behavior of different wear fabric, when the fabric weaving and construction
handle parameters are given as inputs. The ANNSs system consisted of one network with one
output. The networks were trained with a training data set and then tested with a set of untrained
values of fabric parameters. The total prickle score (TPS) values obtained from the network were
compared with actual values obtained from the subjective evaluation score result of total prickle
score (TPS) values.

Gezira Journal of Engineering and Applied Sciences vol (14) num-1-2019



Gezira Journal of Engineering and Applied Sciences vol (14) num-1-2019

MATERIALS AND METHODS

Experimental Materials:

Fifty-six samples of several fabrics such as cotton, cashmere, linen, hemp, ramie, jute, wool,
wool/cotton, cotton/ polyester and wool/polyester, woolen fabrics were used for the present
study. The samples were collected from different sources, including markets and factories. It
involved a wide range of end users, and thus they differed a lot in fiber content, density,
thickness, weight and fabric weave type.

Characteristic Parameters:

The characteristic parameters of input layers are the major factors for determining the
recognition rate. In this study the proposed method with KES-F instruments, which measure the
handle properties of the wear fabrics (Kawabata et al., 1991). The KES-F system consists of
subsystems which have the function of measuring different handle properties such as surface
property, compression property, bending property, thickness and weight properties.

For this study they choose five parameters from KES-F parameter namely, bending, competition,
surface, thickness and weight. Wear fabric when in contact with human skin, many parameters
influence the pleasant situation of human comfort such as fabric bending (rigidity and hysteresis)
when human worn fabric especially the bending of protruding single fiber from the fabric
surface. Therefore, when wear fabric has low bending and hysteresis, it may become discomfort
especially for wear fabric prickle. The second KES-F parameter compression of wear fabric, also
have large influence on clothing comfort and discomfort. Furthermore, wear fabric surface
friction and geometrical roughness play very important parameter for wear fabric comfort, when
it is worn next to human skin. Also wear fabric weight and thickness are very important for
fabric tactile comfort because the weight and thickness have high influence on fiber bending and
hysteresis. Therefore, for all this reason they those five parameters and the details of ten
categories of five mechanical properties for wear fabrics are given in the Table (1).
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Table 1: The mechanical properties of wear fabrics measured on KES—F system

Property Symbol | Parameter measured Unit Device
Bending rigidity, the average slope
B of the linear regions of the bending | [of
hysteresis curve to 1.5 cm™* cm?/cm] KES.
Bending curvature FB2
Bending hysteresis, the average [qf
2HB width of the bending hysteresis g
4 cm/cm]
loop at £0.5 cm™ curvature
MIU Cgefﬁment of fabric surface L]
Surface friction KES-
MMD Mean deviation of MIU [-] FB4
SMD Geometrical roughness (L m]
LC Linearity of compression—thickness L]
curve
. wC Compression energy per unit area Lof ) KES-
Compression cm/cm?] FB3
Compressional resilience, the
RC ability of recovering from [%]
compressional deformation
. o ) KES-
Thickness T Fabric thickness at 50 N/m [mm] FB3
Weight W Fabric weight per unit area [mg/cm?] Digital
Balance

MEASUREMENT OF MECHANICAL PROPERTIES AND SUBJECTIVE
EVALUATION OF WEAR FABRIC

Wear Fabric Mechanical Properties:

Fabric mechanical properties namely; surface (friction), compression, bending, thickness and
weight were measured by test methods which were discovered by Kawabata, S. and Niwa M.
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(Kawabata et al., 1991). Mechanical properties were measured under the conditions of high
sensitivity. All measurements were performed at 65+2% relative humidity and 20+1 °C. For each
sample, 5 measurements were performed. In order to evaluate total hand value of the samples,
paired comparison methods were carried out.

Wear Fabric Subjective Evaluation:

Subjective evaluation of prickliness felling score was performed via forearm experiment to
test the samples covered in a box which could not be seen by the evaluators. A total of 31
students who had textile education (age: 19-38), participated in the evaluation. The human
perception score of prickliness was measured by the 1-7 prickle rating scale. This scale was
developed by TMT research group in Donghua University, the range of prickliness values varied
between 1 and 7, where 7 corresponds the least prickle value, and 1 to the most prickle value.
The questionnaires were composed of 7 questions; not prickle at all, very slight prickle, slight
prickle, moderate prickle, strong prickle, very strong prickle and extremely strong prickle. High
deviations obtained from the subjective evaluation were not included in the evaluation process.
The range of mechanical properties as measured using the KES-F module and total prickle score
(TPS) values is given in Table (2).

Table 2: Range of the mechanical properties as measured using KES-F module and TPS
measured by subjective evaluation test

Minimum Maximum
Property

value value
B 0.031 0.500
2HB 0.026 0.704
MIU 0.124 0.248
MMD 0.010 0.059
SMD 5.890 14.29
LC 0.130 0.350
WC 0.121 1.200
RC 50.00 85.70
T 0.557 1.870
w 13.60 55.80
TPS 1.645 6.871
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ARCHITECTURE OF NEURAL NETWORKS
Principle Of Artificial Neural Networks (ANNS):

ANNSs can be defined as an interconnection of neurons, such that the neuron outputs are
connected through weights, along with biases to all other neurons. Like its biological
counterpart, an ANNs is simply composed of many neurons and inter-connections with weights.
These mathematical units are conventionally constructed with three layers, i.e. input, hidden and
output layers, according to the function as shown in Figure (1). The hidden layer usually contains
one or several layers, and the number of neurons in each layer can be different (Hagan, 1996; H.
S., 1999). For the convenience of description, the structure of the ANNSs is expressed as
Nin—(Nl—NZ—N3...Nh)h—NOut (1)

Where, Nin and Noy: refer to the number of input and output parameters, respectively. h denotes
the number of hidden layers, and N1, N> and Ny are the number of neurons in each hidden
layer. Therefore, each layer, except the input layer, takes the output of the preceding layer as an
input, which is modulated by transfer function and weights in the neuron for the output to the
next layer. This procedure can be described as

Xj™ = £ (3 WjiOXi"2) @)

Where, f(x) is a transfer function which is usually nonlinear. Xj ™ is the output of node j in the
nth layer, and Wji ™ represents the weight from node i in the (n-1)th layer to node j in the nth
layer. The ANNs works like a ““black box’’. An input vector is imported to the nodes in the input
layer, and the results are then expected to export at the output layer through a series of
computation in the hidden layer. The learning algorithm is based on a gradient search to optimize
the performance function of the network, which is generally evaluated by mean squared errors
between the predicted and desired values.

1< )
E= Z;[d ) -p®)] 3)

Where, L equals the number of training samples, d(t) is the desired output value, and p(t) refers
to the target output value predicted by the ANNSs for the tth sample. For the purpose of
minimizing E, the weights of the inter-connections are adjusted during the training procedure
until the expected error level is achieved or the maximum iteration is reached. It should be noted
here that the sensitivity factor propagates (S) backwards from the last layer to the first layer [S
(nt1) - S (n) — .... = S(2) — S(1)], hence the name back-propagation algorithm is used
(Graupe, 1997; Hagan MT, 1996; Haykin S., 1999).

The architecture, transfer function, training algorithm and other parameters of the neural network
should be carefully set and modified during optimization. Thus, the well-trained neural network
can be used to obtain the solutions of new input data in the same domain of the experimental
database. This process can be summarized in the following four stages: 1) Collect and pre-
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process the experimental data; 2) Train the ANN, and optimize its configuration; 3) Evaluate the
performance of the ANN, return to stage if the performance is not satisfactory; 4) Use the trained
ANN for simulation or prediction.
For the present study, fabric mechanical properties B, 2HB, MIU, MMD, SMD, LC, WC, RC, T
and W were selected as input variables, and total prickle score (TPS) values were chosen as
output parameters as shown in Figure 1. In ANNSs analysis, a multilayer feed forward network
with ten hidden layers trained by back propagation algorithm was used to predict the (TPS)
values of the wear fabric. Several analyses were done and it was observed that ten hidden layered
neural networks gave minimum error and higher estimation of coefficient. In the input layer of
the network, ten inputs were used. In the hidden layers of the network, twenty neurons were
selected. As the purpose of the study was to estimate the TPS value of wear fabric, one output,
TPS, takes parts in the output layer. While linear transfer function was used in the input and
output layers of the neural network, a nonlinear hyperbolic transfer function was used in the
hidden layers. The training of the network was performed in two phases. In the first stage, back
propagation algorithm was applied for 1000 epochs. Learning rate and momentum coefficient
used in the back-propagation algorithm were set to 0.01 and 0.001 respectively, since decreasing
the learning rate improve the performance of network. Furthermore, the training time increased.
In the second stage of the training, conjugate gradient descent algorithm was applied for 1000
epochs. Increasing the number of epochs for the second phase of the training improves the
training and testing performances. The details of the architecture and the set parameters for
training and testing phases are as shown in Table 3.
A typical artificial neural network (ANNS) structure and a neuron within a neural network of the
56 wear fabric samples, 41 (=75%) samples were chosen as the training set, while the rest 15
(=25 %) were chosen for the testing set at random. A nonlinear hyperbolic transfer function [f(x)
=e* — e™/e* + e™] served in the hidden layers, and a linear transfer function f(x) = x was used in
the input and the output layers to avoid limiting the output value to a small range.

Table 3: Details of the neural network architecture

Parameter Value

Feed forward back
propagation
Number of input neurons | 10

Number of hidden layers | 1
Number of hidden
neurons

Learning algorithm

10
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Number of output neurons | 1
Number of Epochs 2000
Mean square of error
. - 0.01
(termination criteria)
Activation function Hyperbolic tangent
Total data set 56 (11 fabrics x 5
samples)
Training data set 41 (<75 percent of 55)
Training data set 15 (<25 percent of 55)

MILP10:10-10-1:1

B
2HB
MIU
MMD
SMD
Toral Prickle Score
LC (TPS)
LC e—(
wC e—(
T Z ~
M
Inpxdl.aier (10) Hidden Layer (10) Outpur Layer (1)
e
~ L ™
nputs I —
e { -—;)é’ :IJf L x

Connection Non-linear Neuron

Figure 1: The architecture of neural networks (ANNS)

RESULTS AND DISCUSSION

Predictions of Total Prickle Score (TPS) Values:

The whole data was split into two parts, namely, training set and testing set. The proportions
of these data sets are = (75 and 25) %, respectively. Following the training phase, the neural
network is tested for its performance using the test data. The data of input layer was entered into
the established BP neural network using MATLAB program for simulation training value as
shown on Figure 2. The comparison between output value and subjective evaluation value were
listed in Table (4) and Figure (3). The data in Table (4) and Figure (3) illustrate that relative
errors between output value from neural network and subjective evaluation value is below 5.0%.
Therefore, the BP neural network method is considerably accurate for evaluating prickle instead
of subjective appraisal. Therefore, from the results, we had seen that no significant difference
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between actual and predicted values of total prickle score TPS, refer to good training
performance process of ANNSs designed with low error as shown in Figure 2.
Best Training Performance is 9.458e-05 atepoch 25

Mean Squared Error (mse)

10°L . . . . i
0 5 10 15 20 25
25 Epochs

Figure 2: Training performance process of ANNs designed to predicted the wear fabric prickle
score

Table 4: Actual and predicted result data of TPS

Test Subject_ive Outpgt
data evaluation (Predicted) Error value
number (Actual) value value from (%)
(TPS) ANNSs
1 1.871 1.809 3.426
2 5.290 5.226 1.231
3 6.097 5.892 3.475
4 6.134 6.039 1.580
5 2.190 2.102 4.202
6 1.710 1.637 4.440
7 1.935 1.877 3.116
8 5.419 5.375 0.825
9 6.110 5911 3.565
10 2.161 2.018 2.145
11 4.581 4.431 3.377
12 6.210 5.937 4.593
13 1.677 1.66 1.049
14 2.925 2.834 3.202
15 6.742 6.478 4.074
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Testing result of (TPS)

7 - Actual value (TPS) from subjective

m Predicted value from ANNs

Wear fabric prickle score

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Specimen
Figure 3: Compression between prediction and actual data of total prickle score (TPS) using
ANNSs engine

COMPARISON OF TOTAL PRICKLE SCORE OF ANNS AND REGRESSION WITH
SUBJECTIVE JUDGMENT EVALUATION TEST

Ten input parameters, of wear fabrics, were experimentally measured. The above-prepared
samples are considered as control and using those input parameters, the output parameters total
prickle scores (TPS) were predicted. Using the results from the subjective evaluation test, mean
square error was used to compare and verify which method is a good agreement with the
subjective test result of neural networks and regression analysis as shown in Table (5). From this
investigation, mean square errors (MSE) for TPSsu-TPSann and TPSsus-TPSrec are 0.0841 and
0.152, respectively. It was found that the results of subjective assessment were more consistent
with neural networks method rather than the regression method because MSE of TPSsu-TPSann
is smaller than MSE of TPSsu-TPSrec. The summary statistics of ANNSs are given in Table 5, it
can be seen that even the error values of testing are lower and estimation coefficient values are
higher compared to the results of regression analysis. The difference between the RMSE of
testing and RMSE error of regression is 0.1619. Since TPS values range is 1.6 to 6.8, this
difference in RMSE causes 3-5 % improvement in the estimation of total prickle score values
with ANNs methods as shown in Figure (4), correlation between subjective and ANNSs total
prickle score was high R?= 0.9472.
Table 5: Summary statistics of total, training, and testing set
Summary Statistics of models Total | Training | Testing | Regression
Mean Square Error | 0.0621 | 0.0850 | 0.0241 0.1520
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Root Mean Square Error | 0.2251 | 0.1419 | 0.3514 0.5192
Absolute Error Mean | 0.1531 | 0.1436 | 0.3001 0.4335

Mean Percentage of Absolute
Error

Correlation | 0.9985 | 0.9472 | 0.9845 0.8791

Regression | 0.8761 | 0.9201 | 0.8715 0.7431

0.0650 | 0.0416 | 0.0929 0.1767

Training: R=0.94723
T T T T T T T LEe

Output~= 0.87'Target + 0.056

1 L 1 1 1 1 1 1 1
02 025 0.2 035 04 045 05 0.5 06 0€5
Target

Figure 4: The correlation between subjective and ANNSs total prickle score

Predictions of TPS Value Using Reduced Attributes:

In order to minimize the “curse of dimensionality” and reduce the computational resources, an
attempt is made to reduce the number of attributes and design an engine that can predict the
human perception of total prickle score using the reduced attributes. Also, to reduce the number
of attributes, a subset evaluation algorithm was used. The WEKA software is used for the subset
evaluation with the “best first” search algorithm. Subset evaluation is based on the worth of a
subset of attributes by considering the individual predictive ability of each feature along with the
degree of redundancy between them. Best first approach is used as the search method in selecting
the attributes. While evaluating the subset contribution, a 10 cross-validation was set to avoid
over-fitting. At the end of the validations, seven attributes are identified as the best contributing
parameters and are listed below:

1. B (Bending rigidity)

2. 2HB (Bending hysteresis)

3.  MIU (Coefficient of fabric surface friction)
4. MMD (Mean deviation of MIU)
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5. SMD (Geometrical roughness)
6. T (Fabric thickness)
7. W (Fabric weight)
Consequently, when the bending rigidity nature of the fabric is in contact with human skin, it
influences the tactile prickle comfort and human subject perception is reflected by the B, and
2HB properties. The next major influential stimulation is the frictional property of the wear
fabric, which is reflected in the MIU property. Similarly, the subset evaluation with the search
algorithm changed to genetic search was run and it yielded the same set of attributes. The new
neural network is then trained using the selected attributes (seven attributes) as the input and the
total prickle score (TPS) the main output as shown in Figure 5 and training process performance
as shown on Figure (6). The coefficient of determination in this case is around 0.9986 as shown
in Figure (7). While using all the 10 attributes, the R? value was around 0.9472 as shown in
Figure 4 and with a loss of 0.05, when the numbers of attributes are reduced to seven attributes
hence giving us more evidence.
MLP 7:10-10-1:1

Total Prickle Score
(TPS)

Input Layer (7) Hidden Layer (10) Output Layer (1)

Figure 5: The architecture of neural networks after reduced attributes
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Best Training Performance is 9.9852e-05 at epoch 85

Train |:

Mean Squared Emror (mse)

0 10 20 30 40 50 60 70 80
85 Epochs

Figure 6: Training process of ANNSs designed to predicted the wear fabric prickle score
after reduction attributes

Training: R=0.99858

() Data
Fit
Y =T

1*Target +0.0018

Output ~
0

0.2 025 0.3 035 04 045 0.5 O0.55 0.6 0.65
Target

Figure 7: The correlation between subjective and ANNSs total prickle score using reduced
attributes

Further, the comparison between output value and subjective evaluation value were listed in
Table 6 and Figure 8 after attribute reduction. Therefore, the data in Table (6) and Figure (8)
illustrate that relative errors between output value from neural network and subjective evaluation
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value is below 3.0%. Hence, from the results, we had seen that no significant difference between
actual and predicted values of total prickle score TPS after reduction.

Table 6: Details of the test data and the predicted result of TPS

Subjective Output
Test ) .
data evaluation (Predicted ) Error value
number (Actual) value value from (%)

(TPS) ANNs
1 1.871 1.830 2.181
2 5.290 5.253 0.699
3 6.097 5.991 1.739
4 6.134 6.148 -0.228
5 2.190 2.069 5.525
6 1.710 1.744 -1.988
7 1.935 2.061 -6.512
8 5.419 5.367 0.960
9 6.110 6.154 -0.720
10 2.161 2.138 1.064
11 4.581 4.481 2.183
12 6.210 6.252 -0.676
13 1.677 1.684 -0.417
14 2.925 2.869 1.915
15 6.742 6.675 0.994
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Prediction result after reduction
- Actual value (TPS) from subjective

m Predicted value from ANNs

4

Wear fabric prickle score

1
ANANRNNNNANNNN
ANNENNRNNNNE
ANANNNENNANNAN

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Specimen

Figure 8: Compression between prediction and actual data of total prickle score (TPS) using
ANNSs engine after reduction attributes

The configuration of adopted architecture of the neural network for wear fabric overall hand
evaluation was shown in Figure (7) and (9). Therefore, from Figure (7) and (9) the predicted and
subjective total prickle score (TPS) values for both training and testing sets were compared. The
correlation coefficient R? of the predicted (training and testing) and subjective TPS values are
0.9975 (p<0.001) and 0.9874 (p<0.001), respectively.

O  Prickle Score
Linear fi¢ of prickle score

R2=0. 9845

Predictesd value from ANNs
o
1

l I 1 ) ) T I
1 2 3 4 5 6 7
Actnal value (TPS) from subjective evaluation

Figure 9: The correlation between Predicted and actual total prickle score (TPS) for testing data
after reduction attributes of ANNs
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NEURAL NETWORK ANALYSIS

To examine the significance levels of each variable taking place in the network, sensitivity
analysis was performed (Yeung, et al., 2010). Sensitivity expresses the relative contribution of
each variable to the overall prediction of the network. Therefore, this analysis gives an idea
about the significance levels of each variable in the network. The sensitivity is calculated as the
ratio of the error with missing value substitution to the original error. If this ratio is high, the
deterioration will be high which means that the network is more sensitive to that particular
variable. After all sensitivities of all variables have been calculated, the variables can be ranked
by their importance. The ranks indicate the order of variables by the magnitude of the quotient.
The variable ranked first is the most important. The results of the sensitivity analysis carried out
for seven input quantities based on the neural network are summarized in Table (7).

Table 7: Sensitivity analysis of the Neural Networks Networks

Input. B |2HB |MIU|MMD|SMD|T |w
quantity

Quotient 238|211 | 536 |2.71 | 511 | 454|342
Rank 6 7 1 5 2 3 4

From the obtained results it has been found that all of the input quantities significantly influence
the values of the input quantities of the three-layered perception. The most important parameter
affecting on the total prickle score values of the wear fabric as a result of the neural networks is
coefficient of fabric surface friction (MIU). The second one is geometrical roughness (SMD) of
the wear fabric in that order from Table 8. Based on our study, we can recommend that wear
fabric physical properties can be used to predict total prickle score value with the application of
the ANNs predictive model that can closely simulate human sensory perception and judgment
processes.

CONCLUSION

It has been indicated that the technique of neural networks showed better agreement with the
forearm subjective evaluation test method than regression analysis when evaluating the total
prickle score (TPS) value. In this study the neural networks method revealed a good coincidence
with the results of subjective test assessment. Another advantage of automatic total prickle score
(TPS) evaluator that it is simple in application, and was applicable to different textile markets or
areas of survey and for a wide range of textile materials. Therefore, it can be stated that the
neural network approach suffices an effective tool for simulating the overall hand feeling of
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textile materials especially prickliness feeling score. Using the dimension reduction algorithms,
the numbers of attributes that contribute effectively to the output are chosen. The seven attributes
fall under four groups of human tactile sensations such as bending rigidity of the material,
compressibility and friction, and the subset evaluation scheme was able to identify these
influencing parameters. Thus, the ANNSs approach provides a successful platform for cognitive
perception analysis of tactile prickling feeling.
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