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ABSTRACT

To evaluate the surface roughness of textile fabrics, we designed and carried out a new test bench called
“Textile Surface Tester”. The evaluation method is based on the principle of linear displacement of an
inductive sensor where the delivered tension is measured. To extract the interesting data from the signal, we
applied two kinds of decompositions based on the wavelet transform (WT) and the Fourier transform (FT). In
the present paper we have intended to outline a comprehensive theoretical framework of signal decomposition
by the two methods and illustrate its application to evaluate the fabric roughness by the new Textile Surface
Tester. For the decomposition by the FT we used the FFT algorithm and a filtering process was used to
separate the two signal components, low and high frequency. For the same target, we used the algorithm of
Mallat to carry out the decomposition by the WT. The aim of this work is to find out the nearest
approximation to the shape of the original signal and defining the sample surface roughness. 
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Introduction

Fabric surface properties such as roughness, wrinkle and smoothness are important factors for quality
control during manufacturing as well as aesthetic aspects for consumer choice Harlock, S.C., (1989). Roughness
is one of the most important fabric surface properties used to objectively evaluate its hand. Therefore, both
fabric and garment manufacturers have made considerable efforts to control the fabric roughness and to
establish a test method to quantify it. The accurate measurement of fabric surface roughness will contribute
to the determination of the optimum processing conditions to improve the dimensional stability of fabric
properties (Kawabata, S., 1982; Postle, R., 1989). The evaluation method of fabric surface properties has been
based on subjective comparison of the specimen with either the standard replica Kawabata, S., (1982) or on
objective evaluation by specific materials like the Kawabata Evaluation System for Fabric (KES-F) (Bishop,
D.P, 1996; Kawabata, S., 1982). A considerable amount of works has been done by many researchers (Chen,
et al., 1992; Gersak, J. and A. Saric, 1995; Gong, R.H., 1995; Kawabata, S., 1982) to precisely evaluate fabric
surface roughness.

One of the main goals of signal and data processing is to extract useful information from recorded data.
Successful decomposition of the signal into one useful and another noise-like component is of fundamental
importance in various applications and can be achieved by the use of Wavelet and Fourier Transforms. Noise
is usually present in collected data in the form of a high frequency low amplitude component of the signal.
With an aim of designing a specific test bench dedicated to the evaluation of the surface properties of knitted
fabrics, we adopted the roughness measurement method with contact. An inductive sensor was used to measure
the changes of the sample relief following the yarns interlacing. The signal, emitted by this sensor, is
composed of two parts: one which represents the sample roughness and another, the more significant, which
is caused by the imperfect horizontality of the sample plan. In this paper, we will propose a method of this
signal decomposition in order to extract the part which represents the sample roughness.

Materials and Methods
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1. The new Textile Surface Tester:

Textile Surface Tester (fig. 1) is a new test bench dedicated to evaluate the surface properties of knitted
fabrics. Fabric surface properties such as roughness and friction properties can be evaluated by this tester. An
LVDT inductive sensor is fixed on the table and the sample is animated by rotation movement. The sensor
was placed over the fabric and its vertical displacement was measured. Thus, the sensor transforms the changes
of the fabric surface altitude into an electric stream. Signal is digitized, stored online into the computer hard
disk, and visualized on the computer screen by using a data acquisition Agilent 34970A and analysis program
Agilent 34825A BenchLink Data Logger 3. By its rotation and its relief, the sample makes the sensor vibrate
producing a signal which will be treated later to evaluate the surface roughness.

Fig. 1: The new Textile Surface Tester

2. The sensor-fabric contact approach

The sensor behavior is influenced by the fabric characteristics, such as the knitting machine gauge, the
yarn count, the shape and dimensions of the sensor feeler and the force applied on the fabric, etc. Also, several
parameters influence the sensor slipping on the fabric, which are the sample revolutions and the distance
between the sample center and the sensor-fabric contact point. The fabric surface properties condition the
sensor-fabric friction. Figure (fig. 2) shows the approach which we adopt to evaluate the surface properties of
the sample by the Textile Surface Tester.

Fig. 2: Adopted approach for the Textile Surface Tester

The plain knitted fabric 3-D loop geometry contains sites where the sensor feeler can penetrate partially.
Courses and vales directions cross-sections of plain knitted fabric (Fig. 3) allow simulating the sensor
trajectory. This trajectory is made of periodic oscillations with amplitudes (δx and δy) and periods dependent
on the fabric geometry. It should be noted that the signal depends on the sample surface properties and the
sensor supplying voltage, which varies between 0.5 and 6 volts. 

3. Testing conditions

The experimental tests were carried out within a conditioned laboratory. The samples are weft knitted
fabrics produced with jersey structure medium densities by 125 tex count yarn, 50% cotton 50% acrylic, and
knitted using an E7 gauge electric weft knitting machine (Protti PT221). The sample has a disc shape with a
ray of 30 cm, fixed on a plate which rotates at a constant speedω=0.17(rad/s). The sensor feeler force applied
on the sample is variable and it takes three levels: F1=0.83N, F2=1.08N and F3=1.27N. The variation of this
force is according to the heights of the sensor compared to the sample plan and made by the sensor crank
revolutions. The sensor has an integrated spring and its stiffness gives the force its value. Also, three levels
were taken for the signal sampling time: Ts1=5ms, Ts2=12ms and Ts3=20ms.
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Fig. 3: Sensor-fabric contact vales and courses directions

Before launching the tests, a calibration of the sensor was carried out. This calibration transforms the
tension (v) delivered in volt into a displacement (d) measured in mm. During tests, the sensor supply voltage
was fixed at 3 Volts and the transformation equation is as follows:  

  (1)d=778.44v+0.05

4. Signal characteristics 

The obtained signal seems to be sinusoidal with low frequency and high amplitude and also high frequency
noise (Fig. 4). Indeed, imperfect horizontality of the fabric plane gives to the signal its global form. What is
observed as noise for the moment is only the required signal which represents the sample surface roughness.
The aim of this work is to extract this part of signal.

Fig. 4: Signal resulting from a test on E7 gauge knitted fabric

To extract the part of the signal which represents the sample surface properties, we applied a
decomposition process by the Fourier and the Wavelet Transforms. 

Theoretical background:
1. The wavelet transform:

Morlet and Grossman Morlet, et al., (1993) are the firsts who defined a Continuous Wavelet Transform
(CWT). Mallat Kim et al., (2007) introduces the signal decomposition algorithm by the wavelet transform. His
procedure is widely used in signal and image processing. Later, the works of Daubechies et al (2005) are the
next significant steps in the wavelet evolution where families of wavelets with compact support are constructed.
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The Continuous Wavelet Transform (CWT) Coifman et al., (2001) is a linear multi-resolution data processing
method which may be employed to detect and quantify the features and nature of measured signals. The
formula for the CWT of a signal x(t) is defined as:

  (2)CWTx( a,b ) x( t ) ( t )dta,b



 

        can be derived from the mother wavelet       by dilatation or contraction (parameter a) and by timea,b( t ) ( t )

shifts (parameter b) as following:

  (3)t b1/ 2( t ) a ( )a,b a  

Fig. 5: Shifted and scaled Meyer wavelet
Wavelet transform is used to represent the signals in time-scale (frequency) domain by using basis

functions which are the scaled and translated versions of the mother wavelet. The advantage of this transform
among the other time–frequency domain transforms is the multi-resolution property, which allows signal
decomposition according to its frequency in time domain and thus simultaneous observation of the slowly
changing features and the high frequency components of a signal. CWT provides a time-scale description so
is able to resolve both time and scale (frequency) events.

Each wavelet coefficient calculated during CWT is the correlation between the basis function and the
signal at a given scale and position. In particular, if the ideal signal in the considered problem has an exact,
well specified shape, it may be used as the ground for definition of a dedicated basis function (Daubechies,
I. and G. Teschke, 2005; Kim et al., 2007).

In practical computations, the analyzed signal is often a sampled data. The discrete wavelet transform
(DWT) must be used according to the following expression:

  (4)
N 1

1 / 2 s
s s s

s
n 0

( n k )T
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Ts is the signal sampling. Comparing equations (2) and (3) with equation (4), we can notice that t and b
are discredited and then translated into nTs and kTs, respectively. In equation (4), n is a subsequent number
of the measured data point and k indicates the number of translations. k and n varies from 0 to N-1, where
N denotes the number of samples in the measured signal (Coifman et al., 2001; Kim et al., 2007).

Generally, signal can be decomposed into two elements of low and high frequency. In certain signals, the
low-frequency content is most significant. The high-frequency content, on the other hand, is considered
sometimes as details or noises (Daubechies and Teschke, 2005; Kim et al., 2007). In wavelet analysis, we often
speak about approximations and details. The approximations are the high-scale and low-frequency components
of the signal, and the details are the low-scale and high-frequency components. The decomposition process
consists in decomposing the signal (S) into approximation (A) and detail (D) while passing it in two, low-pass
and high-pass, complementary filters (fig. 6), S=A+D.

Fig. 6: Signal decomposition process according to the Mallat method Kawabata, S., (1982)



264J. Appl. Sci. Res., 7(3): 260-269, 2011

This process can be iterated, with successive approximations being decomposed, so that one signal is
broken down into many lower resolution components. The step is done by decomposing the approximation
resulting from the precedent iteration. With each level we apply the same above-mentioned principle of
decomposition on the approximation (A) given by the precedent level. By increasing the level of
decomposition, the detail (D) of a signal will be isolated more and more. 

In this case two important parameters must be selected according to the type and the shape of the signal,
i.e., the mother wavelet used and the level of decomposition. The choice is done according to the quality
obtained after the application of each parameter. 

2. The Fourier transform

Fourier Transform concepts provide a unifying mathematical approach to the study of a wide range of
phenomena in physics and engineering [5,9]. While Fourier transforms may be seen as abstract mathematical
entities, they have a concrete physical basis-for many applications. For example, the waveform of an electrical,
optical, or acoustical signal describes its time variation. A spectral analyzer or a spectroscope permits to have
the spectrum, i. e., the frequency content of the waveform, to be seen. 

The Fourier Transform provides the link between a waveform in the time domain and its spectrum in the
frequency domain. The Fourier theorem states that any signal can be represented by a sum of sine and cosine
waves of various frequencies and amplitudes. The contribution of each frequency of the signal is determined
by the amplitude of its Fourier coefficient. The Fourier transform X(f) of x(t) who is a continuous function
of a real variable t, is defined as 

  (5)
j 2 ftX ( f ) x( t )e dt 


 

where          . The variable f is often referred to as the frequency variable. x(t) can be obtained by using the2j 1 

inverse Fourier transform:

  (6)
+ j2πft

-
x(t)= X(f)e df




Supposing x(t) is a signal sampled at N points, a distance Ts apart, so that t now assumes the discrete

values 0, Ts, 2Ts,....., (N–1)Ts. The discrete Fourier transform (DFT) pair that applies to sampled data functions
for f= 0, Fs, 2Fs... (N–1)Fs is given by:

  (7)
s

N 1 j2 fkT
N

s
k 0

1
X( f ) x( kT )e
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and for t= 0, Ts, 2Ts, ....., (N–1)Ts:

  (8)
s

N 1 j 2 kF t
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k 0

x( t ) X ( kF )e




 
There is a unique correspondence between x(t) and X(f), and the two functions are frequently termed a

Fourier transform pair. The sampling increments Fs and Ts are related by the expression

  (9)s
s

1
F

NT


The Fourier transform of a real function is generally complex, with real and imaginary components R(f)
and I(f), respectively:

 (10)X( f ) R( f ) jI( f ) 

Equation Section 0Equation Section 1The square of the magnitude function           is a real function andX( f )
is commonly referred to as the power spectrum P(f) of x(t):

Equation Section (Next)(11)
2 2 2P( f ) X ( f ) R ( f ) I ( f )  

In practice, the most common algorithm to implement the DFT is called fast Fourier transform (FFT). It
is an efficient algorithm that considerably reduces the computational time in the calculation of the DFT. 
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Results and discussion

1. Resulting signals

By traversing various sampling times Ts and forces F selected as described previously, nine tests were
carried out as indicated in table 1. Thus, each test gives signal that will be treated later.

Table 1: Sampling times and forces applied by the sensor feeler on the fabric for each test
Test 1 2 3 4 5 6 7 8 9
Ts(ms) 5 5 5 12 12 12 20 20 20
F(N) 0.83 1.08 1.27 0.83 1.08 1.27 0.83 1.08 1.27

The figure (fig. 7), illustrates the obtained nine signals. These signals will be treated later by the Fourier
and the wavelet transforms in order to extract the tested sample surface properties.

Fig. 7: The nine signals obtamed by traversing various sam pling times T, and forces F

2. Signal decompositions
2.1. Decomposition by the Wavelet Transform 

To separate the two components, approximation and detail, from the signal by the wavelet transform, the
first and most important step is the mother wavelet and the level of decomposition selections. From the signal,
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we need only the part which we will use for the sample surface roughness evaluation. This component seems
to be a noise and so we consider it as a detail for the moment.  

The signal (S) decomposition process is applied as shown in (fig. 5) and the result of the decomposition
algorithm is the approximation A, so the detail D can be obtained by

D=S-A       (12)

The result quality judgment is based on the approximation (A) form. Indeed, this approximation must be
also close to the original signal global form. To find the suitable mother wavelet for the decomposition we
applied the decomposition of the signals by using various mother wavelets (dbn, coifn, dmey, sym…) and at
various levels of decomposition. We noticed that always the dmey wavelet gives the best results. We noticed
also that the level of decomposition depends on the sampling time (Ts) of the signal, so for Ts=5ms, level L=6
gives the best result, similar for Ts=12ms L=5 and Ts=20ms L=4.

2.2. Decomposition by the Fourier Transform

The signal can be presented in frequency domain via the Fourier transform. Spectrum Sp(f) can be obtained
as mentioned to Equation (11) composed of two principal parts: a low frequency part which represent the
general shape of the signal and a high frequency part which represents what is considered as noise for the
moment. Noise will be extracted from the signal which is sampled at sampling time Ts. 

       (13)s l _ f s h _ f ss( t ) s( kT ) s ( kT ) s ( kT )  

For that, we truncate the spectrum Sp in two parts: low and high frequency at a truncation frequency Ft

and we apply the inverse Fourier transform to the second part. Thus, we can obtain the part of the original
signal which represents the sample surface properties. By applying Equation (7) we obtain the Fourier
transform of the signal s(t):

       (14)
s
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To rebuild the two parts, high and low frequency of the signal s(t), we apply Equation (8) as

       (15)
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The problem is to find the truncation frequency Ft of the spectrum. This frequency depends on the tests

conditions, e.g. the sampling time of the signal and the sample revolutions. Below, we group the truncation
frequencies for each sampling times of the signal.

Table 2: Sampling time and truncation frequencies
Ts (ms) 5 12 20
Ft (Hz) 24 56 93

In the same way of the decomposition by the wavelet transform, the result quality judgment is based on
the obtained approximation form which must be also close to the global shape of the original signal.

3. Comparison of the decompositions:

The signals decompositions using the FT and the WT present a clear difference between their
approximations forms. In the figures (fig. 8 fig.9 and fig.10) some differences are indicated by ellipses. We
notice that, especially for the tests where the sampling time is Ts=5 ms and Ts=12 ms (test 1 to test 6), which
the decompositions by the FT resulting approximations are much closer to the shapes of the original signals.
This is especially clear at the peaks of sinusoids. Whereas the approximations obtained by WT cannot follow
these brutal variations, they follow only the general shape of the signal at the level of amplitude and period.
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Fig. 8: (A) Records of each signals from tests 1-3 and (B) its approximations obtained by the Fourier
transform (FT) and the wavelet transform (WT) 

Fig. 9: (A) Records of each signals from tests 4-6 and (B) its approximations obtained by the Fourier
transform (FT) and the wavelet transform (WT) 
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For the tests where the sampling time is 20ms, we notice that the approximations obtained by the WT
decomposition become closer to the original signals shape, whereas those obtained by the FT decomposition
moves away a little from the general shape of the signals. This is due to the truncation frequency (Ft) which
becomes more significant whereas the brutal changes of the signal are of relative low frequency, and
consequently the approximation did not follow the brutal changes in the signal shape. 

Fig. 10: (A) Records of each signals from tests 7-9 and (B) its approximations obtained by the Fourier
transform (FT) and the wavelet transform (WT) 

By increasing the sensor feeler applied force (F) to the sample (tests 3, 6 and 9), the signal amplitude
increases considerably and especially the amplitude of the brutal variations increases too. This can be explained
by the sensor sensitivity to the sample surface roughness which increases with this force. Thus, the obtained
detail (D) would be much more representative of the sample surface roughness while getting rid of the
variations brutal and significant of the signal without being a real cause on the sample surface characteristics.
Consequently, to evaluate the fabrics surface roughness by the signals resulting from the new Textile Surface
Tester, we will adopt the two methods of decomposition, by FT and WT. Generally, for the short sampling
times (Ts=5 and Ts=12 ms) we will use the approximations resulting from the decomposition by the FT and
for a sampling time of Ts=20ms we will use the approximations resulting from the decomposition by the WT.
In any case we will apply the two methods to all testing conditions and we will always choose the
approximation where the form is the closest to the original signal.

Conclusion:

The two decomposition methods give acceptable but different approximations. For the decomposition by
the WT, we had to find out that the mother wavelet dmey gives the best results while knowing that the level
of decomposition is relatively connected to the signal sampling time. The most significant parameter during
the decomposition by the FT is the truncation frequency which is deeply connected to the test conditions, e.g.
sampling time, sample revolutions, etc…

In the majority of the cases, the decomposition by the FT gives the closest approximations to the shapes
of the original signals. This is clearly seen for the signals where the times of sampling are smaller. Whereas
the decomposition by the WT gives good results only for the signals where the sampling time is more
significant where the FT gives bad approximations.
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It is always recommended to apply the two decomposition methods and to choose the nearest
approximation to the shape of the original signal. It is the one which follows the signal in its periodicity, its
amplitude and which follows the brutal variations of its amplitude and which are not connected to the
roughness of the sample. 
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