Karpagam Jcs Vol. 5 issue 4 May - June 2011

A Comparative Study of Texture Features for

Image Segmentation

G Madasamy Raja’ and V.Sadasivam?®

ABSTRACT

Image segmentation is one of the most significant tasks
In image processing, The outcome of image segmentation
is a group of regions that collectively cover the entire
image, each of the pixels in a region are homogeneous
with respect to some characteristic or computed property,
such as color, intensity, or texture. Already there are many
approaches proposed for texture feature extraction which
can be useful for image segmentation. One of the
important issues here is how well these methods work on
differentiating various textures that are available in a
single image. This paper considers two texture measures
namely Texture Spectrum and Uniform Local Binary
Pattern for texture segmentation and evaluates their
performance based on the segmentation accuracy. Two
different synthetic images are used in experiments. One
image contains four different textures and another one
contains two different textures. MATLAB has been used

for the implementation purpose.
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L InTRODUCTION

MAGE segmentation refers to the process of partitioning
a digital image into multiple regions (sets of pixels) [1].
The goal of segmentation is to simplify and/or change
the representation of an image into something that is

more
meaningful and easier to analyze. The result of image

segmentation is a set of regions that collectively cover
the entire image, or a set of contours extracted from the
image.

I Each of the pixels in a segmented region is similar with
respect to some characteristic or computed property, such

as color, intensity, or texture, Some of the practical

applications of image segmentation are :
¢ Medical Imaging

o Locate tumors and other pathologies

o Measure tissue volumes

o Computer-guided surgery

o Diagnosis

o Study of anatomical structure
e Locate objects in satellite images (roads, forests, etc.)
¢ Face recognition.
Segmentation merely based on the grey value alone is
not efficient and features like color, texture, gradient
magnitude or orientation, measure of a template match
etc., can also be considered for the better output. Texture
is an important characteristic for the analysis of many

types of irnages [2].

Image texture is believed to be a rich source of visual
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information about the nature and three-dimensional shape

of physical objects. Nowadays texture based finger print

matching is an active research area because textures are

cqmplex visual patterns composed of entities ot sub-
patterns that have characteristic brightness, color, slope,

size, etc., [3].

Texture measurements can also be used to segment an
image and classify its segments [4]. Texture segmentation
is to segment an image into regions according to the
textures of the regions. Texture classification or
segmentation is not an easy problem because there is

not any precise definition of what a texture is.

This paper evaluates two important texture measutes that
are widely used in the present research for image
segmentation in variety of applications. In this paper rest
of the portion is organized as follows. Section IT describes
the texture measures that are used in this study and
section 111 discusses the algorithm which is used for the
segrentation. Experimental results are provided in section

IV and finally the results with concluding remarks are
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Figure 1, Texture Unit.
1L TexTure MEeasures Usep In THis STudy
A. Texture Spectrum Method

The Texture Spectrum, one of a statistical method of
texture analysis, focuses on texture characterization and
discrimination [5]-[7]. The texture spectrum is based on

the computation of the relative intensity relations

between the pixels in a small neighborhood and not on
their absolute intensity values. The importance of the
texture spectrum method is determined by the extraction
of local texture information for each pixel and of the
characterization of textural aspect of a digital image in
the form of a spectrum. The texture spectrum method
results in a vector which characterizes the original image
and the output spectrum maintains the texture

characteristics of the input image.

Texture Spectrum method uses 2 basic concept calted
Texture Unit (TU). A Texture unit is characterized by eight
pixels each of which has one of three possible values
(0,1,2), obtained from a neighborhood of 3%3 pixels.‘ Fig.
1. shows the method of forming the Texture Unit, If the
intensity value of the central pixel is considered as X0
and the intensity value of each neighboring pixel as Xi,
the set that is considered as the smallest compiete unit of
the under consideration image is: X = {¥0,%X1,%X2, ...,
X8} . This technique compares the greylevel of the central

. pixel (the one which is currently being processed), X0,
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with those of its neighbors, Xi (1<i<8), and records three
logical relationships: smaller, equal and greater; noted
by E, and coded as “0” wi” or “2”, respectively(1}. By
this way, each image pixel generates a Texture Feature
Vector, called as Texture Unit which is defined as: TU =

{E1...E8}.Equation (1}is used for derving TU.

[y if X, < Xy
E,- = 1 if XV; = 'X-D fol‘i :].. 2\...8.
2 if X, > X
6|82
—] Thuwshold Binary: 110110
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Figure 2 : Abasic LBP operator.
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According to equation (1), each element can be assigned
one of three possible values so that the total number of
possible texture units for the eight elements can be
estimated as 38 =656 1. As there is no unique method for
labeling the texture units, equation (2) is followed for

numbering the texture units.
8

Ny, = ZE:. * 301 @

i=1
In the equation (2) NTU varies from 0 to 6560. Texture
spectrum method is still a dominating texture measure in
the research to reveal texture information in digital images
and'it has a promising discriminéting performance for

different textures [8].
B.-Uniform Local Binary Patterns Meihod (ULBP)

Local Binary Patterns (LBP) operator introduced by Ojala
et al [9] is a simple filter that labels an image by
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thresholding the neighborhood of each pixel with the

value of the center pixel and gives the obtained result in

binary values, Histogranﬁ of the labeled image is then '

used as a mean of texture description, The basic LBP
operator is illustrated in Fig. 2. Many researches have
been going on this texture descriptor method to enhance
its uses for the various applications mainly for the reason

that it is having very low computational complexity [10]-
{13].

.Equation (3) describes how each pattern in the image

should be assigned a unique label.
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Figure 3 : The 36 unique rotation invariant binary patterns that can occur in the circularly symmetric neighbor-

hood. Black and white circles correspond to bit values of 0 and 1 in the 8-bit output of the operator. The first row

contains nine “uniform” patterns.
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In equation (3) ge is the intensity of the center pixel, gp is
the intensity of the neighbor p, s(x) is the step function,
P represents angular resolution and R represents spatial
resolution. The LBP(P,R) operator produces 2P different
patterns, It is clear that LBP defined in the equation(3) is
not rotation-invariant as the intensity value of gp
changes when the neighborhood circle is rotated by a
specific angle. When the image is rotated, the pixels values
will correspondingly move along the perimeter of the circle
around. In order to remove the effect of rotation, Rotation
Invariant Local Binary Pattern method was introduced

and was defined as :
LBP.. min {ROR (LBP , i) |i=0, L,...., P-1} (4)

where ROR(x,i) performs a circular bit-wise right shift on

Pbit number x , 1 times.

Two patterns should be treated as “Uniform”, if one can
be obtained from the other through rotating by a certain
angle. The extension of Local binary pattern method in
which uniformity measure, U, is defined as the number of
spatial transitions between 1s and Os in the pattern is
called Uniform Local Binary Pattern method. Patterns that
have uniformity values of at most 2 are designated as
uniform patterns. The extended LBP which deals with

uniform pattern is defined as per the equation (5).
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LBP:!, can have 36 unique rotation invariant binary
patterns in the circularly symmetric neighbor set, which
are shown in the Fig. 3. It was observed that more than 90
percent of ail 3*3 neighborhood pixels present n any

texture images are falling within this uniform patterns.

As Uniform Local Binary Pattern was not capable of
effectively retrieving the textural information by merely
considering the histogram of the uniform patterns, a new
concept called DLBP was introduced. The dominant Local
binary patterns (DLBP) concept, by S.liao et al. [14],
considers the most frequently occurred patterns to
capture descriptive textural information. DLBP does not
contain any information about the dontinant pattern types
but the occurrence frequencies only. Recently the DLEP
method has been successfully used for detecting the

bleeding regions in human digestive tract [15] also.

In the conventional Uniform Local Binary Pattern method,
sometimes the availability of noise converts useful
patterns into non- uniform patterns so that they are not
considered as uniform patterns. This problem is avoided
in DLBP method {14]. Though DLBP was very good in
encoding the pixel-wise information in the texture images,
it does not consider the pixel interaction that takes place
outside the coverage of its circular neighborhood system,
which plays an important role in feature extraction in

texture models,

Sample Texture Feature
Database

v 4

Classified / Segmented
output Image

Figure 4 : Block diagram for segmentation
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I ALGoriTHM FOR SEGMENTATION

By following supervised segmentation, texture sample

distributions are obtained by scanning the texture samples

with the corresponding texture descriptors and
corresponding histograms are calculated. The Fig. 4.
shows the Block diagram for the following algorithm

which is used for segmentation.
The segmentation algorithm is described as follows:

1. Arandomsample sub-image with the size of 30%30
pixels from each texture image {one sample per

texture) is retrieved.

- Texture Model is calculated for all sample texture

images.

The input image is scanned by a window of 30*30
pixels and again the Texture Model is calculated for

each window.

Texture model for every window of size 30*30 of
the input image, is compared with the texture model
of the each sample and the absolute difference (D)

between them is calculated.

The central pixei of the window considered will be
assigned to class K such that D{K) is minimum
among all the D(i), for i= 1,2,3,4,......,where i

represents the sample texture image.
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IV. EXPERIMENTAL RESULTS

For this supervised study, five different texture images
are used and sarmples are taken from the image with 25%25
pixels in size. Two synthetic images, one with four
different textures and another with two different textures,

are used as input images.
Experiment Setup #1
The above segmentation algorithm is applied to the four

texture synthetic image by using Texture Spectrum as
the

feature descriptor with varying scanning window size.
The segmented results are shown in the Fig. 5., where
four different textures are represented by four different

grey levels,

In the second approach, the same four texture synthetic
image is given as the input for the same segmentation
algorithm by using Uniform Local Binary Pattern method
as the texture feature descriptor with varying scanning

window size and the results are shown in Fig. 6.

Experiment Setup #2

In these experiments, a two texture synthetic image is
given as the input image for the segmentation algorithrn.
First Texture Spectrum method is used as the texture
descriptor and the results are shown in the Fig. 7., where
two different textures are represented by two different
grey levels. Fig. 8. shows the segmentation results, when
the Uniform Local Binary Pattern is the feature extraction

method.
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(&) (e
Fig. 5. (Texture Sgechum).
(a) Original Input Image Fig. 7. {Texture Spectmy.
(b) Window Size is 25%25 (a) Original Input nege
(o} Window Sizs is 20%20 (b} Window Size is 25%25
(d) Window Size is 15%15 (e} Window Size is 20%20
(e} Wirdow Size is 1010 (d) Window Size is 15%15
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Fig. 6. (Uniforra Locsl Binary Patterny. Fig. 8. {(Uniforra Local Binary Pattern).
{a} Original Inpuf Image {a) Original Input Image
{b) Window Size is 25%25 {b) Window Size is 25%25
(o) Window Size is 2020 () Windaw Size is 20%20
{d) Windowr Size is 15%15 (dy Window Size 1s 15%15
(&) Window Size is 10%10 fe) Window Size is 10*10
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Table I. Segmentation Accuracy
(for four - exture irmage)

. Segmentafion Segrentation
SNo | Window | Accuracy- Aﬂgm
' Size Testure éuLIEEPY )
spechrumn

1 25%25 94%, 0%

2 20%20 9% T8.3%
3 15¥15 1% T6657%

4 10*10 g5% 68.4%

V. ExpERIMENTAL EvaLuaTion AND CONCLUSION

By this study, it is noted that both Texture Spectrum and
Uniform Local Binary Pattern methods were simple for
implementation because only few mathematical
operations were needed. These methods facilitate a very
straightforward and efficient implementation, which may
be mandatory in time critical applications. Table I shows
the segmentation accuracy for the varying window size
with the four-texture image and Table I shows the
segmentation accuracy for the varying window size with
the two-texture image. Here, segmentation accuracy rates
are calculated over all the pixels including the region near
the boundaries of textures. If we remove these pixels from

the counter, the segmentation accuracy will be higher.

Both Texture Spectrum and uniform Local Binary Pattern
methods have been evaluated from the point of view of
discriminating performance that includes the influence
of the boundaries of different textures. When Texture
Spectrum method was used, promising segmentation
results have been obtained with the average
segmentation rate of 92%, whereas Uniform Local Binary
Pattern gives an average segmentation rate of 86%. The
bar chart (Fig. 9.} shows the comparative result analysis
between Texture Spectrum and Uniform Local Binary
Pattern methods on the basis of segmentation error rate

for the given four-texture image.
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Table II. Segre ntation Accuracy
(for bwo — fexturs image)

Segmentation

: Segmentation
SNo | Wndow | Acowacy- Hccuracy -
Size Texture ULEE
specirnm
i 25425 4%, 08%
2 20%20 4%, OF%
3 15%15 5%, 7%
4 10%10 03%, T
35
H 30
5
5 o
g 5l
T 1% %
%; 10 ;
aqQy =
R
4]
25%15 20%29 iz¢1g 19410
Windowr Size
1 Tedure: Spechrurn. @ Unifoma Local Binary Pattam

Figure 9. Comparative result on the basis of

segmentation error rate with varying

window size for the four- texture image. Further evaluation
shows that Texture Spectrum is sensitive to the directional
aspect of texture whereas uniform Local Binary Pattern is
sensitive to uniformity of texture in nature, In the case of
Uniform Local Binary Pattern, it can be noted in the result
that the top left texture (in the four-texture input image)
was not segmented properly because of its non uniformity
in the textural aspect. Greater the uniformity in the texture,
more quality we can get in the output, which was proved
in the case of the bottom left texture. As far as Uniform
Local Binary Pattern method is concerned, it considers
only 9 patterns as “Uniform” and it considers only these
9 patterns for segmentation. This is the reason for not
producing smooth boundaries in the process of texture

segmentation. The comparative result analysis between




A Comparative Study of Texture Features for Image Segmentation

Texture Spectrum and Uniform Local Binary Pattern
method, in segmenting the given fwo-texture image on
the basis of segmentation error rate is shown in the Fig.

10.

B Texture Spactyum

oo ooy~

@ Uniforen Locad
Binary Pattern -

Segmentation Error

L= BT S R

Figure10: Comparafive result on the basis of
' segmentation error rate with varying window size for

the two-texture image.

Accofding to our results, it is noted that, Uniform Local
Binary Pattern gives higher segmentation accuracy when
the window size becomes high, irrelevant of number of
textures available in a single image. Uniform Local Binary
Pattern method is very robust in segmenting the images
which are affected even with of grey scale variation due

to poor lighting,

Though Texture Spectrum method has given better
performance, it is still possible to change the Uniform
Local Binary Pattern method even powerful, by joining
with some filters or contrast measures. Since both
methods use the texture features from the neighborhood
window, they cannot produce the smooth boundaries.
With smaller window size, the texture features are not
extracted completely from the neighborhood and at the
same time, the larger value of window size will result in
inaccurate segmentation near the boundaries, especially
when the input image contains more number of textures.
Moreover, when the window size is increased it increases

the computation time also. Se, the window size must be
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chosen in such a way that it covers the whole smallest
unit of a texture unit or pattern. As a future enhancement,
this study can be improved by applying various similarity
mez_isures; Vf;lrious ‘segmentation algorithms and of course

various texture features can also be included.
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