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Figure 1: Standard photographs for the assessment

out SPs. To images without SPs, we do not apply
the gray level transform. For the discrimination, we
note the fact that textures in suits are usually regu-
lar pattern, like striped pattern.

2.1 To Distinguish Image with SPs from
One without SPs

Appearance of SPs is like that of an irregular pat-
tern, whereas a texture is formed with regular itera-
tion patterns. For a given image of M x N, we calcu-
late the variance o}, in the range of p x p. Then we
take the average, ave o3, according to the following
equation,

1
(M —p+ 1)(N —p+ 1)p?

o3
ave 0y, =

M-pN-pp-1p-1

i=0 7=0 k=01=0
(=01 ,M—1, j=0,1,-++,N = 1),

where f(i, j) is a target image, and f(i, j) is an aver-
age of gray levels in the target region. If an image in-
cludes SPs, the image is irregular, consequently the
ave o} is large compared to the ave o}, obtained from
an image of regular pattern (without SPs). An ex-
ample of images with SPs and without SPs is shown
in Fig.2. The ave v} of Fig.2(a) and (b) is shown in
Table 1. In the bottom row, the ratios ave 0%,/ave
o3 are shown. The average ratio is small for image
without SPs, as we expected. Experimentally, we
set the value of threshold to discriminate the images
at 3.3 (ave u$,/ave v3).

Using this threshold value, we distinguish images
including SPs from images without SPs.
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(a)

(b)

Figure 2: An example of images: (a) an image with
SPs, (b) an image without SPs

Table 1: ave o} (p = 2, 10) of Fig.2(a),(b)

(a) (b)
ave 03 44.55 | 8.00
ave 07, 197.29 | 16.37
ave 03, /ave 03 443 | 2.05

2.2 Contrast Transform

For images having SPs, the linear contrast trans-
form is applied, but for images without SPs, the
transform is not applied.

2.3 Filtering

For both transformed images and images to which
the transform is not applied, the median filter,
smoothing filter, then band-pass filter are applied.
The band pass filter deletes noises and unnecessary
low-(spatial)frequency information. We designed
the bandpass filter using the discrete cosine trans-
form(Type 1I). The transfer function of the band-



pass filter is determined by the convolution of high-
pass filter and lowpass filter,

H (u,v) == (Du /D(uw))*~(D(u,v)/DL)" (2)
where Dy (Dy) is the cut-off frequency of low-
pass(highpass) filter, D(u,v) is the distance to the
origin of u — v plane. In our experiment, we set
n = 2. We make the locus of the D(u,v) elliptic as

shown below,

128

D(u,v) =y /u? + (—ﬁt=}2. (3)

3 Feature Extraction

We cut a target portion (16x 128) including SPs
out of the central part of each photograph of Fig.1,
as shown in Fig.2(a),(b). From these images we ob-
tain the fractal dimensions. In order to make it easy
to obtain the fractal dimension of the appearance of
SPs, we calculate the average of gray levels in each
horizontal line and plot the average value. For ex-
ample, from the target image of Fig.3(a), we get the
horizontal average gray level as shown in Fig.3(b).
From the curve, we calculate the fractal dimensions
using the mPD method|9],[10].

LV N

Vertical position

0 255

Average of gray levels

(a) Target image (b) Resultant curve

Figure 3: Target image and plots of the horizontal
average gray levels of (a)

The fractal dimensions (obtained from the five
photographs) vs. the ratings of photographic stan-
dards are plotted in Fig.4. This curve shows that
the interset distances are almost equal. This means
that the fractal dimension is a good feature for the
evaluation.

457

1114
11+

108
107 4
106
106 4
104 4
100
102 -
101 A

Fractasl dimensions

T T T

class

Figure 4: Features of Template Patterns

4 Assessment

The assessment is processed as the pattern recog-
nition. For the evaluation we calculate,
D; =

(i=1~05), (4)

X=Xl .,

where X and X; are the fractal dimensions of an
input(test) sample and the photographic standards,
respectively. If the D; has the minimum value, we
assign the rating ¢ to the input sample. Using 20
suits, we made an evaluation experiment. In order
to check the validity of the evaluation, the result
of human visual inspection was used for reference,
because at the present time it is the most general
purpose vision system. As the human visual inspec-
tion, we took the average of the evaluations of ten
students. We define the following value D, which in-
dicates the deviation from the evaluation by human
being,

D=|H-I|, (5)

where H and I stand for the ratings determined by
the human being and by the present system, respec-
tively. The average value of D was 0.45. This means
that the evaluation of the new method is close to
that of human being.

5 Comparison with the Evaluation
Based on the Wavelet Features

In[8], we proposed a method of assessment of the
SPs based on the wavelet transform, where we used
the Haar transform.The laveling of wavelet trans-
form at the third step is shown in Fig.5.
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Figure 5: Laveling of wavelet transform at the 3rd
step

We formed a feature vector C as follows:

C = (ALH,, AHH,, ALH,,

AHHjy, ALH3, AH H3), (6)
where AXY; indicates the average of the compo-
nents of XY; region. For the same samples used
in the above experiment, we carried out the evalu-
ation experiment using the feature vector of eq.(6).
The average deviation D was 1.10. Comparing this
value with the value 0.45 (in the case of fractal di-
mensions) we can say that the method proposed in
this paper shows the noticeable improvement.

6 Conclusion

We have proposed a fundamental method of as-
sessment of the appearance of SPs on suits, and have
obtained a result almost similar to that of human
inspetion. We distinguished images containing SPs
from images without SPs, using the concept of vari-
ance. This played an important role for the good
evaluation. Further, to calculate fractal dimensions
of SPs, we got. the curve containing the gray level
variation of SPs. The result of experiment suggests
that there is a possibility of the automatic assess-
ment. For practical use, however, much efforts must
be done. Methods of preprocessing, conditions of
taking photographs, and the use of 3-D images are
future problems to be studied.
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