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ABSTRACT

Content-based image retrieval (CBIR) is a technique to search the desired image from the homogeneous or
heterogeneous database. Image is analyzed using features like shape, size, texture etc. which forms the basis of
image retrieval. In CBIR, the existing approaches uses local binary patterns(LBP) and local ternary
patterns(LTP) encode the relationship between the referenced pixel and its surrounding neighbors by computing
gray level difference. The LBP, the LTP extract the information based on the distribution of edges, which are
coded using only two directions (positive and negative). Thus to increase the performance a method called local
tetra patterns (LTrPs) is introduced which uses four direction code. LTrPs encodes the relationship based on
directions that are calculated using first order as well as the nth order derivative for CBIR. The issue that arises
with this approach is that only horizontal and vertical pixels have been used for derivation calculation. The
proposed work will be implemented to include the diagonal pixels for derivation calculations besides
calculating the horizontal and vertical directions in LBP and LTP. This will increase the effectiveness of the

method in pattern recognition for image retrieval.

Keywords: Content-based image retrieval (CBIR), local binary pattern (LBP), local tetra pattern
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I. INTRODUCTION

The EXPLOSIVE growth of digital libraries due to Web cameras, digital cameras, and mobile phones equipped
with such devices is making the database management by human annotation an extremely tedious and clumsy
task. Thus, there exists a dire need for developing an efficient expert technique that can automatically search the
desired image from the huge database. Content-based image retrieval (CBIR) is one of the commonly adopted
solutions for such applications. The feature extraction in CBIR is a prominent step whose effectiveness depends
upon the method adopted for extracting features from given images. The CBIR utilizes visual contents of an
image such as color, texture, shape, faces, spatial layout, etc., to represent and index the image database. These

features can be further classified as general features such as color, texture, and shape, and domain-specific
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features such as human faces, fingerprints, etc. The difficulty to find a single best representation of an image for
all perceptual subjectivity is due to the fact that the user may take photographs in different conditions such as
view angle, illumination changes, etc.Texture analysis has been extensively used in computer vision and pattern
recognition applications due to its potential in extracting the prominent features. Texture is prominent and
important visual property of an image. Texture analysis has been extensively used in computer vision and
pattern recognition applications due to its potentialin extracting the prominent features. Texture retrieval is a
branch of texture analysis that has attracted wide attention from industries since this is well suited for the
identification ofproducts such as ceramic tiles, marble, parquet slabs, etc. Similar images are expected to have

similar texture patterns, so texture features are important for content based image retrieval.

I1. LOCAL DESCRIPTORS

2.1 Local Binary Pattern

LBP was proposed by Ojala et.al for a grayscale invariant and as a local texture descriptor. LBP can be
conceptually considered as a non directional first-order local pattern, which is the binary result of the first
order derivative in images. LBP has shown excellent performance in terms of speed and discrimination
performance [12], [13], [14]. The original version of the local binary pattern operator works in a 3 x 3 pixel
block of an image. The pixels in this block are thresholdby its center pixel value, multiplied by powers of two
and then summed to obtain a label for the center pixel. As the neighborhood consists of 8 pixels, a total of 28 =
256 differentlabels can be obtained depending on the relative gray values of the center and the pixels in the

neighborhood, i.e., the LBP value is computed by comparing its gray value with its neighbors.

2.2 Local Tetra Pattern

The LTrP describes the spatial structure of the local texture using the direction of the centre gray pixel. Given
image |, the first-order derivatives along 0° and 90° directions. Let denote the centre pixel in I, and let and
horizontal and vertical neighbourhood of , respectively. Then, the first-order derivatives at the centre pixel and
the direction of the centre pixel can be calculated.

From the second order derivative, 8-bit tetra pattern for each centre pixel. Then, all patterns separate into four
parts based on the direction of centre pixel. Finally, the tetra patterns for each part (direction) are converted to
three binary patterns. Similarly, the other three tetra patterns for remaining three directions (parts) of centre
pixels are converted to binary

patterns.

I11. RELATED WORK

Meenakshi Madugunki, Sonali Bhadoria used different methods for extracting color and texture features. For
similarity measurements three methods are used and compared the results. They conclude that Discrete Wavelet
Transform method gives us better precision and Canberra distance methods gives better performance than the
other methods
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A.Bhagyalakshmi and V.Vijayachamundeeswarireviewed the main CBIR components including low level
descriptors for feature extraction such as color, texture, shape and various image retrieval methods using local
binary operators. These operators generate the local binary patterns and local code for every pixel in an image.
Once the codes are generated, Histogram is constructed. Results shows that the similar images have the same
histogram value.

Nitin Naravankar and Sanjay Dhaygude presented an approach for texture feature using local tetra patterns.
The LTrPs encodes the image based on the direction of pixels that are calculated by horizontal and vertical
derivatives.

T.Pratibha and Soniah Darathi appliedan image retrieval technique referred as LTrPs for CBIR. The LTrPs
encodes the image based on the direction of pixels. Proposed method improves the retrieval result as compared
with the standard LBP

IV. METHODOLOGY

The proposed work will be implemented to include the diagonal pixels with horizontal and vertical pixels for
derivation calculations besides only calculating the horizontal and vertical directions in LBP and LTP. This will

increase the effectiveness of the method in pattern recognition for image retrieval.

Algorithm for the proposed methodology

Load the image, and convert it into gray scale.

Apply the first order derivatives in horizontal and vertical axis.

Calculate the direction for very pixel.

Divide the patterns into four parts based on the direction of center pixel.
Calculate the tetra patterns, and separate them into three binary patterns.
Calculate the histograms of binary patterns.

Calculate the magnitude of center pixels.

Construct the binary patterns, and calculate their histograms.

© o N o g b~ w0 Db E

Combine the histograms calculated form step 6 and 8.
10. Construct the feature vector.
11. Compare the query image with the images in the database.
12. Retrieve the images based on best matches.
V. CONCLUSION AND FUTURE WORK
In this paper we have implemented a technique to include the diagonal pixels with including horizontal and
verticalpixels for derivation calculations besides calculating only the horizontal and vertical directions in LBP

and LTP. This will increase the effectiveness of the method in pattern recognition for image retrieval.

177 |Page




International Journal of Innovative Research in Science and Engineering ¢
Vol. No.3, Issue 01, January 2017

www.ijirse.com ISSN (0) 2454-9665

ISSN (P) 2454-0663

REFERENCES

[1] Y. Rui and T. S. Huang, “Image retrieval: Current techniques, promising directions and open issues,” J.
Visual Commun. Image Represent., vol. 10, no. 1, pp. 39-62, Mar. 1999.

[2] A. W. M. Smeulders, M. Worring, S. Santini, A. Gupta, and R. Jain, “Content-based image retrieval at the
end of the early years,”IEEE ,Dec. 2000.

[3] M. Kokare, B. N. Chatterji, and P. K. Biswas, “A survey on current content based image retrieval
methods,”IETEJ.Res.,v0l.48,n0.3&4, pp. 261-271, 2002.

[4] Y. Liu, D. Zhang, G. Lu, and W.-Y. Ma, “A survey of content-based image retrieval with high-level
semantics,” Pattern Recogn., vol. 40, no. 1, pp. 262-282, Jan. 2007.

[5] H.A.Moghaddam,T.T.Khajoie,andA.H.Rouhi,“Anewalgorithm for image indexing and retrieval using
wavelet correlogram,”inProc. ICIP, 2003, pp. 111-497—111-500.

[6] H. A. Moghaddam and M. Saadatmand Tarzjan, “Gabor wavelet cor- relogram algorithm for image indexing
and retrieval,” in Proc. ICPR, 2006, pp. 925-928.

[7] M. Saadatmand Tarzjan and H. A. Moghaddam, “A novel evolu- tionary approach for optimizing content
based image retrieval,” IEEE Trans. Syst., Man, Cybern. B, Cybern., vol. 37, no. 1, pp. 139-153, Feb.
2007.

[8] A.AhmadianandA.Mostafa,“An efficient texture classification algorithm wusing gabor wavelet,”
inProc.EMBS,2003,pp.930-933.

[91 M.N.DoandM.Vetterli,“Wavelet-based texture retrieval using generalized Gaussian density and Kullback—
Leibler distance,” IEEE Trans. Image Process., vol. 11, no. 2, pp. 146-158, Feb. 2002.

[10] M.Unser,“Texture classification by wavelet packet signatures,”IEEE Trans.PatternAnal. Mach.
Intell.,vol.15,n0.11,pp.1186-1191,Nov. 1993.

[11] B. S. Manjunath and W. Y. Ma, “Texture features for browsing and retrieval of image
data,”IEEETrans.PatternAnal.Mach.Intell.,vol. 18, no. 8, pp. 837-842, Aug. 1996.

[12] M.Kokare,P.K.Biswas,andB.N.Chatterji,“Texture image retrieval using rotated wavelet filters,”Pattern
Recogn. Lett.,vo0l.28,n0.10,pp. 1240-1249, Jul. 2007.

[13] M.Kokare,P.K.Biswas,andB.N.Chatterji,“Texture image retrieval using new rotated complex wavelet
filters,” IEEE Trans. Syst., Man, Cybern.B,Cybern.,vol.35,n0.6,pp.1168-1178,Dec.2005.

[14] M.Kokare,P.K.Biswas,andB.N.Chatterji,"Rotation-invariant texture image retrieval using rotated complex
wavelet filters,”[EEETrans. Syst., Man, Cybern. B, Cybern., vol. 36, no. 6, pp. 1273-1282, Dec. 2006.

[15] T. Ojala, M. Pietikainen, and D. Harwood, “A comparative study of texture measures with classification
based on feature distributions,” Pattern Recogn., vol. 29, no. 1, pp. 51-59, Jan. 1996.

[16] T.Ojala,M.Pietikainen,andT.Maenpaa,“Multi resolution grayscale and rotation invariant texture
classification with local binary patterns,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 24, no. 7, pp. 971-
987, Jul. 2002.

[17] M. Pietikainen, T. Ojala, T. Scruggs, K. W. Bowyer, C. Jin, K. Hoffman,J.Marques,M.Jacsik, and
W.Worek,“Rotational invariant texture classification using feature distributions,” Pattern Recogn., vol. 33,

no. 1, pp. 43-52, Jan. 2000.

178 |Page




International Journal of Innovative Research in Science and Engineering ¢
Vol. No.3, Issue 01, January 2017

www.ijirse.com ISSN (0) 2454-9665
ISSN (P) 2454-0663

[18] Z.Guo,L.Zhang,andD.Zhang,"Rotation invariant texture classification using LBP variance with global
matching,”Pattern Recogn.,vol. 43, no. 3, pp. 706719, Mar. 2010.

[19] S. Liao, M. W. K. Law, and A. C. S. Chung, “Dominant local binary patterns for texture classification,”
IEEE Trans. Image Process., vol. 18, no. 5, pp. 1107-1118, May 2009.

[20] Z. Guo, L. Zhang, and D. Zhang, “A completed modeling of local bi- nary pattern operator for texture
classification,” IEEE Trans. Image Process., vol. 19, no. 6, pp. 1657-1663, Jun. 2010.

[21] H. Lategahn, S. Gross, T. Stehle, and T. Aach, “Texture classification by modeling joint distributions of
local patterns with Gaussian mix- tures,”IEEETrans.ImageProcess.,vol.19,n0.6,pp.1548-1557,Jun. 2010.

[22] T.Ahonen, A.Hadid, and M.Pietikainen, Face description with local binary patterns: Applications to face
recognition,”IEEE Trans.Pattern Anal.Mach.Intell.,vol.28,n0.12,pp.2037-2041,Dec.2006.

[23] G.ZhaoandM.Pietikainen, “Dynamic texture recognition Using local binary patterns with an application to
facial expressions,”I[EEETrans. PatternAnal.Mach.Intell.,vol.29,n0.6,pp.915-928,Jun.2007.

[24] X.Li,W.Hu,Z.Zhang, and H.-Wang, “Heat Kernel based local binary pattern for face representation,” IEEE
Signal Process. Lett., vol. 17, no. 3, pp. 308-311, Mar. 2010.

[25] B.Zhang, Y.Gao, S.Zhao, andJ.Liu,“Local derivative pattern versus local binary pattern: Face recognition
with higher-order local pattern descriptor,” IEEE Trans. Image Process., vol. 19, no. 2, pp. 533-544, Feb.
2010.

[26] Z. Lei, S. Liao, M. Pietikdinen, and S. Z. Li, “Face recognition by exploring information jointly in space,
scale and orientation,” IEEE Trans.Image Process.,vol.20,n0.1,pp.247-256,Jan.2011. [27] G. Zhao,
M.Barnard, and M. Pietikdinen,“Lipreading with local spa- tiotemporal descriptors,” IEEE Trans.
Multimedia, vol. 11, no. 7, pp. 12541265, Nov. 2009.

[28] S.-Z. Su, S.-Y. Chen, S.-Z. Li, S.-A. Li, and D.-J. Duh, “Structured localbinaryHaarpatternforpixel-
basedgraphicsretrieval,”Electron. Lett., vol. 46, no. 14, pp. 996-998, Jul. 2010.

[29] M. Liand R. C. Staunton, “Optimum  Gabor filter design and local bi-
narypatternsfortexturesegmentation,”’PatternRecog.,vol.29,n0.5, pp. 664—672, Apr. 2008.

[30] M.HeikkilaandM.Pietikainen,“A texture based method for modeling the background and detecting moving
objects,” IEEE Trans. Pattern Anal.Mach.Intell.,vol.28,n0.4,pp.657-662,Apr.2006.

[31] X. Huang, S. Z. Li, and Y. Wang, “Shape localization based on statistical method using extended local
binary patterns,” in Proc. ICIG, 2004, pp. 184-187.

[32] M. Heikkila, M. Pietikainen, and C. Schmid, “Description of interest regions with local binary
patterns,”PatternRecog., vol. 42, no. 3, pp. 425-436, Mar. 2009.

[33] D. Unay, A. Ekin, and R. S. Jasinschi, “Local structure-based region-of-interest retrieval in brain MR
images,” IEEE Trans. Inf. Technol. Biomed., vol. 14, no. 4, pp. 897-903, Jul. 2010.

[34] X. Tan and B. Triggs, “Enhanced local texture feature sets for face recognition under difficult lighting
conditions,” IEEE Trans. Image Process., vol. 19, no. 6, pp. 1635-1650, Jun. 2010.

[35] M. Subrahmanyam, A. B. Gonde, and R. P. Maheshwari, “Color and
texturefeaturesforimageindexingandretrieval,”inProc.IACC,2009, pp. 1411-1416.

[36] P. Brodatz, Textures: A Photographic Album for Artists and De- signers. New York: Dover, 1996.

179 |Page




International Journal of Innovative Research in Science and Engineering
Vol. No.3, Issue 01, January 2017 -

www.ijirse.com ISSN (0) 2454-9665
ISSN (P) 2454-0663

[37] University of Southern California, Los Angeles, “Signal and image
processinginstitute,”’[Online]. Available:http://sipi.usc.edu/database/

[38] MIT Vision and Modeling Group, Cambridge, ‘“Vision texture,” [On- line]. Available:
http://vismod.media.mit.edu/pub/

180 |Page




