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Abstract: Content-based image retrieval (CBIR) is useful for manipulating large amount of image databases and
archives and for identifying and retrieving similar images. Extraction of invariant features is the basis of CBIR. In
this work an effort has been made to create a hybrid feature database of four different classes of X-ray images namely
chest, spine, foot and palm. This paper focuses on the problem of texture and shape feature extraction and feature
database creation. We investigate texture feature and shape feature for CBIR by combining GLCM and ZM. GLCM is
used for texture feature extraction and ZM extracts shape features. The extracted features are classified using SVM
into any of the four classes and the X-ray image along with its corresponding features is stored in the database. This
database forms the basis for the next step of CBIR namely matching and retrieval.
Keywords: Content based image retrieval, X-ray, Zernike Moments, Gray Level Co-occurrence Matrix and Support
Vector Machine.
I.
INTRODUCTION
Today medical images are available in digital format and areeffectively used for diagnostics and therapy.
Several methodsfrom the computer vision and image processing fields alreadyhave been proposed for the use in
medicine. Content basedaccess to medical data has been proposed that would ease themanagement of clinical data.
Intensive research is beingcarried out on content-based image retrieval of images forsupporting clinical decision making
and its relevance toradiology practice is highly felt nowadays. In addition toenabling similarity-based indexing for
identifying andretrieving similar images, CBIR also provides computer-aideddiagnostic support based on image content.
Current work inmedical image processing has markedly increased therelevance of CBIR to radiology practice.
In general a CBIR framework consists of two major buildingblocks. The first one represents the visual
information present in the image as features/descriptors. The second componentanalyses the similarity between the query
image and theimages in the database. This is done by comparing featuresacross different images using mathematical
methods. In thiswork an effort has been made to implement the firstcomponent of CBIR by creating an indexed feature
database.GLCM is used for texture feature extraction and ZM for shapefeature extraction. SVM classifier is used for
imageclassification and the image along with the feature is stored inthe database. This database forms the basis for the
secondcomponent of CBIR namely matching and retrieval.
II.
PREVIOUS WORK
A main challenge for the development of CBIR systems is theappropriate characterization of images and the
creation offeature database. Literature survey shows that different typesof visual features are extracted for CBIR. Color
and grey levelhistogram features is used in [1]. The work in [2] uses localand global grey level features. Fourier
descriptors are use tocharacterize shapes in [3] and also uses invariant moments andscale space filtering. Features derived
from co-occurrencematrices are used in [4]. Markov texture characteristics areused in [5].Segmentation is a
preprocessing step in CBIR. Regiongrowing is used as a segmentation method in the workproposed by [6] to detect the
region of interest in the X-rayimage. The work in [7] uses Model based segmentation usingK-Means and Support Vector
machine to segment masses inmammograms. In contrast, in [8] generalization of K-Meanswhich includes spatial
information to refine an initialsegmentation is used. The work in [9] proposes a Markovrandom field (MRF) based
technique that is suitable forperforming clustering in an environment which is described bypoor or limited data. In this
[10] present a comparativeapproach for classification using neural network classifier andGaussian mixture model. Paper
in [11] uses AANN andstatistical features extracted from already marked suspiciousareas by the radiologists to classify
the breast mass. Randomforest is an ensemble classifier that consists of many decisiontrees and the work proposed in
[12] uses random forestdecision classifier.Classification of breast masses using shape, texture and edgesharpnesswith
linear and kernel-based classifiers in [13]. Inthis [14] proposes, Wavelet-based features are extracted fromimages and
classified using radial basis function neuralnetwork and support vector machines. Fuzzy modelling methods including the
fuzzy K-nearest neighbor algorithm, afuzzy clustering based modeling, and the adaptive networkbased fuzzy inference
system are employed in [15]. The workin [16], presents a novel fuzzy classification framework for theautomatic
extraction of fuzzy rules from labeled numericaldata. The paper [17] uses and compares Bayesian classificationand Knearest neighbor classification for cancer detection.
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III. DATA SOURCE
The X-ray images used for this work are from the IRMAImageCLEFmed 2008 database. This collection
compilesanonymous radiographs, which have been arbitrarily selectedfrom routine at the Department of Diagnostic
Radiology,Aachen University of Technology (RWTH), Aachen,Germany. The imagery represents different ages,
genders,view positions and pathologies. Therefore, image qualityvaries significantly. All images were downscaled to fit
into a512 x 512 bounding box maintaining the original aspect ratio.
IV. PROPOSED WORK
Database creation is carried out in this work whichforms the initial step in CBIR systems. Four classes of Xrayimages namely chest, foot, spine and palm images are taken upfor the study. The block diagram for the proposed
featuredatabase creation system is shown in Fig. 1

Fig. 1 Block diagram of the proposed work
4.1 Pre-Processing and Segmentation
In this step unwanted noise is removed from the X-ray images. Range filtering is applied to the X-ray images to
reduce the distortions and to enhance the image for further processing. The range filter filters the image by replacing
every pixel by the difference of maximum and minimum of its neighborhood. Then the filtered images are segmented to
avoid the unnecessary computations and misclassifications. The preprocessed images are segmented using adaptive
thresholding and connected component labeling [5]. By CCL, various connected regions on the binary image are
obtained and only the biggest connected region which is the body part examined is retained and other regions are
eliminated[23] and [24]. After segmentation the images are ready for feature extraction.
4.2 Feature Extraction
In this work shape and texture features are extracted by combining Zernike moments and Grey Level Cooccurrence Matrix. GLCM is used for texture feature extraction and ZM extracts shape features.
4.2.1 Shape Feature Extraction
Shape is an important property in the medical image processing domain. X-ray images with similar shapes may
belong to the same category. Zernike moments have been reported to be a good descriptor for shape description [9].
Therefore, this study uses the Zernike moments for describing the medical X-ray images because of the methods’
properties: (1) the Zernike basis function satisfies the orthogonal property, implying that the contribution of each moment
coefficient to the underlying image is unique and independent, i.e. no redundant information overlap between the
moments; (2) calculation of the Zernike moments do not require knowledge of the precise boundary of an object. This
makes Zernike moments suitable for representing X-ray images with obscure boundaries.
4.2.2 Texture Feature Extraction
Co-occurrence matrix [6] is one the most traditional techniques for encoding texture information. Texture is one
of the most important defining characteristics of an image. It describes spatial relationships among grey-levels in an
image. A cell defined by the position (i, j) in this matrix registers the probability at which two pixels of gray levels i and j
occur in two relative positions. A set of co-occurrence probabilities (such as, energy, entropy, contrast) has been
proposed to characterize textured regions [9].
In our work we are using the Gray Level Co-occurrence Matrix (GLCM) for extracting five important texture
features reported in the literature viz.,
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where, pd is the probability matrix obtained through GLCM; µxand µy are the means and σx and σy are standard
deviations of ρd(x) and ρ d(y)
respectively.
4.3 Classification
In this step totally ten shape and texture features that were extracted is classified using SVM. SVMs are powerful
machine learning techniques for classification and regression. They were developed by Vapnik [29], and are based on
statistical learning theory. This gave rise to a new class of theoretically elegant learning machines that use a central
concept of support vectors and kernels for a number of learning tasks. Kernel machines provide a modular framework
that can be adapted to different tasks and domains by the choice of the kernel function and the base algorithm [17]. The
support vector machine (SVM) method is considered a good classifier since it is able to predict correctly the class of the
new data from the same domain where the learning occurred [18].
The goal of SVM modeling is to find the optimal hyper plane that separates clusters of vector in such a way that cases
with one category of the target variable are on one side of the plane and cases with the other category are on the other
size of the plane. The vectors near the hyper plane are the support vectors. Fig. 2 presents an overview of the SVM
process. In this work, the classification is employed for four different classes and each class is trained and tested with the
test image.

Fig. 2. Overview of SVM
4.4 Hybrid Feature Database Creation
The given image is preprocessed, segmented and classified into any of the four class of X-ray using the ten hybrid shape
and texture features extracted. A simple two bit coding structure is used to represent the four classes of X-rays and this
code is used to index into the feature database. The feature database is created in access and linked with the
corresponding X-ray image using OLE. This forms the basic step in CBIR and this database will be used in the retrieval
process based on matching and similarity metrics.
V. EXPERIMENTAL RESULTS
This work is done in MATLAB. First the X-ray images are preprocessed and segmented using range filter and CCL and
the results are shown in Fig. 3(a), 3(b) and 3(c).

Fig. 3(a). Input X-ray Images

Fig. 3(b). Filtered X-ray Images
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Fig. 3(c). Segmented X-ray Images
Then five shape and five texture features are extracted using ZM and GLCM. The results are shown in Figs. 4 and 5 from
which it can be understood that the combination of the shape and texture features are more suitable for the classification
of X-ray images under test-study. Its accuracy has also been found to be increased as compared to its rivals [31 & 32].

Fig. 4. Zernike Moments

Fig. 5. Texture Features using GLCM
In this step the features that were extracted are fed to the SVM classifier and classified into any of the four classes of Xrays. The accuracy of the classifier obtained is 94.3%. Fig. 6 shows the snapshot of the SVM which correctly classified
the hand X-ray images.

Fig .6. SVM Classifies the given X-ray Image as Hand
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Based on the classification results the images along with its hybrid features are stored in the Access database. The user
interface is done in Visual Basic which is shown in Fig. 7 and Fig. 8.

Fig. 7. Loading Image
Fig. 8. User Interface showing the X- ray image and its corresponding features stored in the feature database created
VI. CONCLUSION
In this work feature database of four different classes of X-ray images namely chest, spine, foot and palm was created by
extracting both shape and texture features. The texture feature and shape feature for CBIR was investigated by combining
GLCM and ZM. GLCM is used for texture feature extraction and ZM extracts shape features. SVM classifier was used to
categorize X-rays into any of the four class.
After classification the X-ray image along with its hybrid features are stored in Access database for further retrieval The
work is done in MATLAB and Visual basic is used to create the user interface. This database forms the basis for the next
step of CBIR namely matching and retrieval.
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