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Abstract. A new rotation invariant Weber Local texture Descriptor(WLD) is
proposed here. Performance of the developed features is evaluated on the basis
of the recognition accuracies of SVM classifiers, trained and tested with the
extracted features from the images of skins affected with three popular skin dis-
eases such as Leprosy, Tineaversicolor, Vitiligo, and also normal skin, col-
lected from School of Tropical Medicine, Kolkata. The WLD features are
extracted with variations of the radius from 1 to 3 considering perimeters of
having 8, 16 and 24 pixels respectively. The modified WLD provides an aver-
age improvement of 4.79% in recognition accuracy over the normal WLD in
the present four class problem. Dividing each sample image into 4 sub-regions
through its centre of gravity and extracting WLD features from each of them.
Thus we have extracted two different feature sets having normal WLD and rota-
tion invariant WLD. They provide the maximum recognition accuracies of
85.06% and 87.36% respectively using SVM classiifiers on test set.
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1 Introduction

Nowadays different types of texture features are popularly used in computer vision
problems in many areas such as industrial automation, biomedical image processing,
remote sensing, biometric identification, face recognition, robot vision etc. In general,
texture representations are mainly of three types namely Statistical, Spectral, and
Structural. For statistical approaches different statistical moments are used to describe
the texture of digital images. These approaches are based on Gray Level Co-
occurrence matrix[1, 2], run length matrix[3], auto correlation, auto regression, MRF,
moments etc. as found in literature. Spectral approach analyzes image texture in the
frequency domain. As textures are periodic patterns, the entire frequency domain
contains as much information as the image itself. Using this concept, several texture
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descriptors have been proposed. For structural approaches the basic scheme is to build
a grammar for the texture and then parse the texture to see if it matches the grammar.
The idea can be extended by defining texture primitives, simple patterns from which
more complicated ones can be built. In that case, the parse tree for the pattern in a
particular region can be used as a descriptor. Recently some local descriptors such as
Local Binary Pattern(LBP)[4], Local Directional Pattern (LDP)[5], Weber Local
Descriptor (WLD)[6] have been proposed. Among which, LBP is very popular
compared to others. This is due to its easy implementation, short execution time, gray
scale and rotation invariant property. Though WLD is more robust than LBP for noisy
images, but the original WLD feature set is not rotation invariant. This motivated us
to introduce rotation invariant property into the WLD feature set. Here the developed
feature set is used to recognize three popular skin diseases such as Leprosy,
Tineaversicolor and Vitiligo whose manifestations are all but similar in color. Later
sample images are divided into four sub-regions by partitioning through it’s center of
gravity (CG) from where WLD features are extracted. This process emphasizes the
local information in the feature set.

2 Weber Local Descriptor (WLD)

Weber’s Law[7] states that the ratio of the increment threshold to the background

intensity is a constant. This can be represented as
N

77k ey
where Al is the increment threshold, which signifies the noticeable difference in ‘T’
for discrimination, ‘I’ represents the initial stimulus intensity, and ‘k’ is a constant.
The fraction of the equation 1 is known as the Weber fraction. Using this law WLD
has been proposed. It has two components 1) differential excitation (&) and 2) orien-
tation (0). For computing WLD for any pixel, it’s neighborhood has to be defined
first. The neighborhood is generally circular with a fixed number of pixels on the
perimeter of the circle. Thus, the neighborhood is defined in terms of the radius R of
the circle and the number of neighboring pixels P. Some typical neighborhoods are
shown in Figure 1.

=

P=8 and R=1 P=16 and R=2 P=24 and R=3

Fig. 1. Different neighborhood distribution
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2.1 Differential Excitation (&)

This component tries to find the salient variations within an image to simulate the
pattern perception of human beings. To compute differential excitation &(x.) of a cur-
rent pixel x., the sum of differences of intensities between it and its neighbors is cal-
culated by using following equation .

0=y A=Y [I(x)~I(x,)] @
where x; (i=0, 1,...... ,P-1) denotes the ith neighbors of x. and P is the number of

neighbors and I(x;) represents the intensity of the pixel x;. Using Weber’s Law, the
ratio of the intensity differences to the intensity of the current pixel is then computed
by using the following equation:

0
k(x,) = 3)
I(x,)
The differential excitation of the current pixel £(x.) is then computed as:
p-l _
&(x,) =arctan[k(x,)] =arctan {ZM} “)
i=0 I(x,)

Obviously &(x.) takes negative value if the neighbors’ intensities are smaller than
that of the current pixel i.e. the surroundings are darker than the current pixel and
takes positive values when the surroundings are lighter than the current pixel. To
preserve this darker or brighter discriminating information &(X.) is not confined by
taking absolute value of the numerator.

2.2 Orientation

The orientation component of WLD is computed as:
1

O(x,)= arctan(j—’z) (5)

1
where dl1 is the difference intensity between two diagonally opposite neighbors d12

is the difference intensity between another pair of neighbors situated at the ends of a
diagonal perpendicular to the previous one. For P=8 and R=1 the numerator and de-
nominator are defined as below:
d; =1(x)—1(x) (6)
d; =1(x,)—1(x;) (M

2.3 Rotation Invariant WLD Descriptor (WLDRI)

The differential excitation is rotation invariant as it computes the sum of intensity
difference of center pixel with neighbor pixels so we get same value for any orienta-
tion of image pixels. But orientation component of WLD will not be fixed if the
image is rotated. So, to make orientation component rotation invariant, all possible
mutually perpendicular diagonal pairs are considered for computing 6; as shown in
equation 8 and out of them minimum one is chosen as shown in equation 9.
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T(Xpraimoa p) = 1(X) ) 8)

6, = arctan(
(x((3P/4)+i)mod P ) - I(x((P/4)+i)mod P)

6(x,) = min(6) 9

i=0

(a) T.eprosy (b) Tineaversicolor (b) Vitiligo

Fig. 2. Diseases affected skin images

2.4  WLD Histogram

Obviously both Differential Excitation and Orientation can take values in between —
n/2 and +n/2.The angle for Differential Excitation quantized into T equal width bins
and for Orientation it is quantized into M equal width bins. Now we get a two dimen-
sional histogram h, . This histogram gives the feature of the image. Two pixel get
same h,,, value when these two pixels differential excitations belong to the same bin,
and orientations are also belonging to the same bin.

3 Experimental Setup

As mentioned earlier, we have used the developed rotation invariant WLD for the
recognition of three popular skin diseases named as Leprosy, Tineaversicolor and
Vitiligo which are all but similar in color while affected. The color changes due to
formation of hypo-pigmented skin lesions in Leprosy, Tineaversicolor and formation
of de-pigmented skin lesions in Vitiligo. The color of the lesions becomes lighter
than the normal skin color for all three cases. We have collected the images of the
affected regions from the outdoor patients of department of Dermatology, School of
Tropical Medicine (STM) during the period April 2011- March 2012. During that
period, we have managed to get images of the affected skin regions from 141 patients
whose diseases were properly diagnosed by the dermatologists of the STM. The
KODAK Easy share 143 camera having 3X optical Zoom and 12 megapixel resolu-
tions has been used for capturing those images. The patients, already under treatment,
was not considered in our study; only new cases were included. Multiple images were
captured from the patients having more than one skin lesions. It is worthy to mention
here that the images of normal skin of patients were also captured during the proce-
dure. We have selected 876 images randomly from the collected images. The images
are divided into two parts training and testing set maintaining nearly 4:1 ratio for each
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of the four classes including normal skin. Some sample images of the affected regions
are shown in Figure 2. The skin images are classified using a SVM based classifica-
tion technique on the basis of WLD features (both WLD and WLDRI) extracted from
those images. For WLD features, bins considers for §(x.) and 6(x.) are 8 and 6 respec-
tively. Here two variations in feature extraction process are considered as described
below:

1) WLD features with fixed set of (P, R) values are extracted from the whole
image.

2) Each image sample is partitioned into four regions by drawing a horizontal and a
vertical line through the CG of the image. Here partitioning is done for giving empha-
sis on regional features extracted from the image samples and CG is chosen as the
partitioning point for getting similar gray level distribution in all the four regions. Let
the CG is the co-ordinate C(cy, cy) then the equation for calculating CG of an image is
given as below:

S ifGh XY G
- e
DIDINACSI NI WA
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(10)

Here the dimension of the image is MxN and f(i,j) is the intensity value at (i,j). WLD
features with fixed set of (P,R) values are extracted from each of the four sub regions
which are concatenated to form the feature set variations 1 and 2, mentioned above
are repeated with different sets of values for P and R. Finally the features extracted in
variation 3 are concatenated to form a new set.

4 Result and Discussion

The above mentioned features extraction techniques are applied to obtain different
feature sets. The different sets of P and R values considered here are P=8 and R=1,
P=16 and R=2, P=24 and R=3. The classification ability of these feature sets is tested
by using multiclass SVM available in Weka 3.7.9 [8] tool. Train dataset is constructed
here with 702 image samples and the rest 174 image samples are used as a test dataset
for the present work. The recognition accuracy achieved with each feature extraction
process is listed in Tablel.We see that in all cases WLDRI is performed better than
normal WLD and CG based partitioning increases the accuracy.

Table 1. Recognition accuracies obtained from different feature extraction techniques

Recognition Accuracy (in %)

No Feature set used Without Partition | CG Based Partition
1. | WLD T=8,M=6,P=8 R=1 72.98 74.14

2. | WLD T=8,M=6,P=16,R=2 74.71 78.16

3. | WLD T=8,M=6,P=24 R=3 71.84 85.06

4. | WLDRI T=8,M=6,P=8 R=1 74.71 78.74

5. | WLDRI T=8,M=6,P=16,R=2 79.31 82.76

6. | WLDRI T=8,M=6,P=24 R=3 79.88 87.36

7. Concatenation of feature set 1, 2 and 3 83.91 86.78

8. Concatenation of feature set 4, 5 and 6 85.06 89.08
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5 Conclusion

In the present work, a new rotation invariant Weber Local texture descriptor (WLD)
is proposed to identify three similar looking skin diseases such as Leprosy, Tineaver-
sicolor and Vitiligo on the basis of the performance of SVM classifier. The developed
feature performs better than the original WLD and provides an average improvement
of 4.79% in recognition accuracy in the present four class problem. We have also
proposed a CG based region partitioning scheme to divide sample images into 4 sub-
regions for extraction of more local information from every sub-regions. This pro-
vides the maximum recognition accuracy of 85.06% and 87.36% for normalfor nor-
mal WLD and rotation invariant WLD respectively. Multiscale analysis of both the
features are also done here by choosing three sets of (P, R) values and a highest rec-
ognition accuracy of 89.08% is achieved with WLDRI and CG based partitioning.
The obtained recognition accuracy is quite satisfactory. Introduction of stronger fea-
ture set and/or with different classifier combination or fusion techniques may be
explored further.
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