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Abstract
In this paper we show how the features are extracted from the image using two methods. Grey Level Co-Occurrence Matrix
(GLCM ) and Gabor filter Where is extracted features the adoption of the main colours. Red Green, and Blue were obtained
results through the collection features extracted together to get a good Features and the data set consist of 120 image . GLCM
and Gabor features to describe the shape in any size or orientation. The red colour shows the higher intensity of the features
in the entire images and the blue shows less intensity of the texture features.
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INTRODUCTION
According to (Baumberg, A., 2000; Lowe, D.G., 1999; Matas, J., 2004; Mikolajczyk, K. and C. Schmid, 2001; Mikolajczyk, K. and C. Schmid, 2002;
Schaffalitzky, F. and A. Zisserman, 2002; Tuytelaars, T. and L.J. Van Gool, 2000) recognition of objects are distinctive through the usage of various colours or
grey-level textured local patches. Past studies done by various researchers have obtained good results for objects that has been considered as local planar.
According to (Schmid, C. and R. Mohr, 1997) significant textures have been noticed in the objects. At times, textures or the colour of colours are not a sign of
recognition for various unusual objects. The characteristics that displays an object to be significant are the edges and geometric relationship it has. The current
research is centred on features obtained by the usage of shift invariant property on shape object. The two proposed features extraction methods are (a) Gabor filter
and (b) grey-level co-occurrence level. These two algorithm used are (i) shift invariant and (ii) could be rotated 180 degree to attain characteristics for the purpose
of recognition. This study uses Scale invariance which provides recognition of the object to the researcher. This will enable the researcher to view the object from
with a different camera settings or from a different distance. The scale invariance helps to evaluate local affine deformations. Besides, it offers protection for a
planar object when it rotates out of plane. One of the challenges faced in this study is occlusions and background clutter which can change the appearance of the
characters that are confined to the boundaries of an object. In order to rectify these problems, the foreground and the background need to be split by using preprocessing methodology namely thresholding technique and the morphological operation. It is difficult to explain the shape and colour of objects using an
algorithm only. Thus, it is necessary to design a hybrid methodology to obtain more information about an object. Moreover, time computation and complexity of
the features need to be lowered.
Related Work (Shape Representation):
Many methodologies have been proposed Shape representation to investigates the more optimum and observable shape features based on boundary
information or interior content plus boundary information. Different features have been recognised to represent shapes; among them, signature histogram, shape
invariants, shape signature, curvature, moments, shape context, shape matrix, spectral features etc.
A. One-Dimensional Function for Shape Representation:
Another description for it is a shape signature (Zhang and Lu 2002; Long et al. 2003). The derivation comes from coordinates of shape boundary. It is
normally referred to as the shape’s perceptual feature (Yadav et al. 2007).


Contour curvature:
Curvature is a useful feature in shape boundary and it is used to investigate level of likeness among shapes. Additionally, there are noticeable conceptual
features and they have been confirmed to be important when it comes to recognizing shapes (Wang, Y.P., 1999).
B. Polygonal approximation:
On the customary, polygonal approximation does ignore the little differences along the edge and as a result does capture the whole shape. This is considered
values because it does decrease the effects of distinct pixelization of the contour. On a general note, there are two approaches that can be adopted to realize this
outcome. One of such is via splitting and the other is through merging (ShuiHua, H. and Y. Shuang Yuan, 2005).
C. Spatial interrelation feature:
This is used to represent the region the shape’s contour in relation of its pixels or curves. It is used to describe theprocess of facilitating geometric – take length,
curvature, area, relative orientation, and distance for examples.

Symbolic representation based on the axis of least inertia. Guru and Nagendraswamy 2007 proposed a method for representing shapes in the form of multiinterval value type of data. Symbolic features are gathered by referencing ALI, where ALI is used to define the minimum integral of the square of the distance to
the points on the shape boundary.
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Smooth curve decomposition . (Guru and Nagendraswamy 2007) proposed a method for representing shapes in the form of multi-interval value type of data.
Symbolic features are gathered by referencing ALI, where ALI is used to define the minimum integral of the square of the distance to the points on the shape
boundary.

Fig. 1: Shape representation and description techniques classification hierarchy (Zhang, D. and G. Lu, 2004).
D. Moments:
In physics, the moment theory was used to develop the concept of moment in mathematics. It is used to analyse the objects for both the contour and region of
a shape.

boundary moments. In order to minimize the boundary representation dimension, Boundary moments, contour analysis can be used (Gonzalez, R.C., 2009).
Assume shape boundary has been represented as a one-dimension shape representation

region moments .Moments are used mostly for the region-based descriptors. This does include numerous types of moment such as invariant moments, Radial
Chebyshev moments, and Zernike moments.
E. Categorization of Shape Description Techniques:
Based on whether the shape features are extracted from the whole shape region or from the contour only, the shape representation and description can be
classified into two classes of methods: region-based method and contour- based method. And based on whether the shape is represented as segment or as a whole,
the classes are divided into sub-classes; structural approaches and global approaches. Furthermore, these approaches can be discriminated into transform domain if
the shape features derived from the transformed domain and space domain if the shape features derived from spatial domain. exhibits the hierarchy of the shape
representation and description techniques classification. In this section, we describe few important shape descriptors.

Fourier descriptors. Fourier descriptor (FD) has shown a robustness and usefulness when applied to many shape representation applications, particularly to
character recognition. Their good characteristics, such as derivation, normalisation and its resistance to noise, have made them very useful in a wide range of
applications (Zhang, D. and G. Lu, 2002).

curvature scale space descriptor (css). The CSS considers the shape boundary as a one-dimensional signal, and analyses this signal in scale space (Jalba,
A.C., 2006). As curvature is a significant scale on how the contour turning fast is, the curvature local measurement space is exploited. Therefore, through Gaussian
smoothing, at different scales, the zero crossings of curvatures, are significant for shape description as they represent the shape contour perceptual features.

angular radial transform. The Angular radial transform (ART) is an image description method based on moment accepted in MPEG-7 as a shape descriptor
based on 2D region (Bober, M., 2001).

wavelet descriptors. Wavelet transform is one of the well-known multi-resolution transformation, consists of decomposing the signal to different levels called
dyadic (Daubechies, I., 1992; Mallat, S., 1999). In here, we will apply the discrete wavelet transform (DWT) in order to decompose the original shape patterns to
many levels
Methodology:
This paper discuss some pre-processing technique that will be used to enhance the shape images. Furthermore, we introduced two efficient algorithms to
extract the features from the image and represent them in a best descriptor. Gabor filter and grey scale co-occurrence matrices both are shift invariant and it deal
with the image from four and eight different orientations, therefore best description can be obtained using these two methods. However, due to the variations in the
features, we applied a normalization technique to reduce the size and enhance the speed of processing.
A. Feature Extraction with Gabor Wavelet:
Gabor filters are widely used because of their capability in extracting sufficient features from the image. Gabor filters are band-pass filters which have both
orientation selective and frequency selective properties and also optimal joint resolution in both spatial and frequency domains. An example of the convolution
property of gabor is as shown in the figure.

Fig. 2: Gabor convolution property: real and imaginary part.
The proposed Gabor filter has the following general form in the spatial domain:
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B. Grey Level Co-Occurrence Matrix (GLCM ):
The second method of features extraction is based on grey-level co-occurrence metrics (GLCM). The GLCM is a two-dimensional matrix based on gray
scale colouring, used for texture analysis. The features are calculated based on four orientation at different angles (0, 45, 90, 135) degree. The average of these four
orientations are used as features for each of the co-occurrence matrix. To generate a matrices of four orientations let us use the levels offset values as { [0,1], [-1,
1], [-1, 0], [-1, 1-]} defined as one neighbouring pixel in the four orientations. like The neighboring pixels (1, 2) occured 3 times in PH (0) makes it symmetric
matrices. The other three matrices PV, PLD, PRD are calculated in the same way show the figure

Fig. 3: Co-occurrence matrix generation for Ng=5 levels and four different offsets: PH (0), PV (90), PRD (45),and PLD (135).
IV. Result:
This chapter describes the results of the features extracted by both algorithms; grey-level co-occurrence matrices (GLCM) and Gabor filter. From GLCM, we
extracted 14 features which describe the colour intensity of the images in our data set. At the beginning, we applied some image pre-processing to enhance the
quality of the image and to remove the Gaussian white noise.
A.

Original Image:
We selected images from different databases which has different shapes, colours and orientations. The purpose of choosing morethan database is to validate
the design algorithm for feature extraction. An example of the images selected for this project is as shown in figure 4

Fig. 4: Database used in this project.
B.

Grey-scaled Image:
To make the processing of features extraction, we normalize the colour into grey-scaled which has the base of two and power of eight. Therefore we limited
the colour intensity into 256 pixels. We reduced the three original colours; red green and blue into grey-scaled colour only. An example of the grey-scaled colour
images is as shown in figure 5.

Fig. 5: Grey-scaled images.
C.

Image Enhancement by Median Filter:
The median filter is used for enhancement and to reduce the impulse noise in the images. The command (medfilt2) in MATLAB is used to filter the images.
Figure 4.3 shows some images enhanced using median filter.
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Fig. 6: Image enhanced by median filter.
D.

Image Enhancement using Fast Fourier Transform:
Using fast Fourier transform, we divided the images into small windows for better enhancement. We used a window of 16x16 for all the images. The result
demonstrated a good image quality with high contrast and resolution. An example of the enhanced images is as shown in figure 4.4. From the obtained results, we
can clearly see the small and sharp details of the images.

Fig. 7: Image enhanced by fast Fourier transform.
Feature Extraction Using Gabor Filter:
In this part, we first created a Gabor feature set which consists of five different scales and eight different orientations as shown in figure 8 In this project, in
order to extract the texture features from the images, set of Gabor filter applied to all the database and the texture features were successfully extracted from that
images as demonstrated in figures 9, 10. We capture the edges and features of the images, using Gabor property with five scale and eight orientations as shown in
the figures.

Fig. 8: Gabor function for five different scales and eight different orientations.

Fig. 9: Phase of Gabor function for five different scales and eight different orientations.
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Fig. 10: Real part of Gabor function for five different scales and eight different orientations.
From the Gabor texture image, we extracted the mean of the colour texture distribution. The mean distribution of the dataset is as shown in figure 4.8. The
features clearly demonstrated the differences between each image whereas we cannot find any identical features between the images. From the figure, we can find
that, the mean features are not normalized within the values of “0” and “1”, therefore we furthered normalized this features at the end of feature extraction
algorithm.
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Fig. 11: Gabor mean features distribution.
Feature Extraction Using GLCM:
According to co-occurrence matrix (GLCM) Haralick defines fourteen textural features measured from the probability matrix to extract the characteristics of
texture statistics from remote images. In this paper we described five important features of the texture of the images namely as; energy, entropy, homogeneity,
correlation and contrast and represent them graphically.at the end of this section, we compared the fourteen features in a single graph to give a full picture of the
features of the images. In this section, all the images in our database were converted from RGB to greyscale and were resized to 256x256 pixels. Some preprocessing were applied to enhance the quality of the images and to remove the Gaussian noise from the images show the table 1.
Table 1: Sample for features extraction using GLCM

A.

Energy:
The sum of squared elements in the GLCM matrix is measured and returned by the factor called energy. The distribution of that value with all the database is
as shown in figure 12.
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B.

Entropy
The extracted features as an entropy shows the amount of information of the image that needed for compression. The given figure13 shows the loss of
information in the transmitted signal and the measured image information.
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Fig. 13: Entropy distribution in the GLCM texture features.
C.

Homogeneity:
The homogeneity returns values that measures the closeness of the distribution of elements in the GLCM to that of the diagonal GLCM. The measured values
are in the range of zero to one as define bythe normalization property. The given figure 14 shows the distribution of the homogeneity among all the dataset in our
database.
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Fig. 14: Homogeneity distribution in the GLCM texture features.
D.

Correlation:
The linear dependency of grey levels of neighbouring pixels is measured as shown in figure 15. The technique measures the deformation and displacement
of the pixels in the images and tells how similar the information between two sequenced frames in the entire image is.
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Fig. 15: Correlation distribution in the GLCM texture features.
E.

Contrast:
The local variation of the images are measure by factor called contrast. In this features we measured the local variation in the image database and
demonstrate it in a graphical mapping as shown in figure 16.
Combination of All GLCM Texture Feature Set:
A combination of fourteen texture features is represented in a single graph as shown in figure 17. The figure demonstrated the distribution of the features set
within all the entire database.
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Fig. 16: Contrast distribution in the GLCM texture features.
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Fig. 17: Combination of GLCM texture features.
A.

Normalization:
In this section, we limited the intensity of the colour coded of texture features into the values of “0” and “1”. High intensity is given by the value of ‘1’ and
less intensity is represented by less than ‘1’ until the value ‘0’. The normalization of features may help us in any furthered operations such as classifications or
image retrieval. Furthermore, the normalization can help in features selection.
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Fig. 18: Normalized GLCM texture features.
B.

Features fusion:
In this section, we combined both features that extracted from GLCM and Gabor texture images. A total of 15 features were combined together in a single
matrix as shown in the figure 19.

Fig. 19: A total of 15 features.
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The distribution of the feature set is as shown in the figure 20. The figure demonstrated the effectiveness of GLCM and Gabor features to describe the shape
in any size or orientation. The red colour shows the higher intensity of the features in the entire images and the blue shows less intensity of the texture features.
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Fig. 20: Normalized Fusion Features of GLCM and Gabor.
Features Fusion:
In this section, we combined both features that extracted from GLCM and Gabor texture images. A total of 15 featureswere combined together in a single
matrix as shown in the figure 14.
Conclusion:
In this project, we have successfully built two features extraction methods that fully described the shape and orientation of the images. The results shown in
this thesis used only some of the images from the database. The work in this thesis goes smoothly and the two methods work well in extracting sufficient features
from the images and obtained optimal result. White Gaussian noise was removed by applying median filter and fast Fourier transform. Fourteen features extracted
by GLCM method and from Gabor texture features we extracted the mean of the texture distribution. A combination of fifteen features were fused together to and
demonstrated a good features representation as shown in the mapping features
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