
A Framework for Medical Image Retrieval 
Using Local Tetra Patterns 

Ashish Oberoi1, Varun Bakshi1, Rohini Sharma2 , Manpreet Singh1 

1Department of Computer Engineering, M.M. University, 
Mullana, Ambala, Haryana (133207), India 

2Department of Information Technology , M.M. University, 
Mullana, Ambala, Haryana (133207), India 

a_oberoi01@yahoo.co.in, varunbakshi17@gmail.com, 27rohinisharma@gmail.com, 
drmanpreetsingh@gmail.com 

Abstract— In medical field, the digital images used for diagnostics and therapy are produced in ever 
increasing quantities. So there is necessity of feature extraction and classification of medical images for 
easy and efficient retrieval. In this paper, a framework based on Local Tetra Pattern and Fourier 
Descriptor for content based image retrieval from medical databases is proposed. The proposed approach 
formulates the relationship between the reference or centre pixel and its neighbours, considering the 
vertical and horizontal directions calculated using the first-order derivatives. The texture feature of an 
image is of prime concern; the images filtered by this feature are more appropriate ones as a response to 
the query image. In this research work, the association of Euclidean Distance(ED) with local tetra pattern 
is also explored. The proposed framework is successfully tested on standard Messidor dataset of 1200 
Retinal images which are annotated with Retinopathy and Macular Edema grades. A tool SS-SVM is 
applied on binary patterns for endoscopy, dental, skull and retinal images for classification, which results 
in better classification of images for various dataset, thus improving classifiers.  

Keywords: Content Based Image Retrieval (CBIR), Local Tetra Pattern (LTrPs), Euclidean Distance 
(ED), Fourier Descriptor (FD), Small Scale-Support Vector Machine (SS-SVM). 

I. INTRODUCTION 
Database of more than thousands of images has to be managed in large hospitals every year, making the 
database management an extremely annoying and uncouth task [1]. These images need to be indexed, 
classified and searched for easy retrieval [3]. To accomplish this task,  a technique called CBIR has been 
extensively used to describe the process of retrieving desired images from a large scale medical database on the 
basis of features (such as colour, texture and shape) that can be extracted from the images themselves [6-
7].There exist three basic levels of feature extraction; namely - global, local and pixel. The simplest of all 
visual image features are based on the pixel values of the image without any deviation. Images are first scaled 
to a common size and then compared with database images. Local features are extracted from small sub images 
which are derived from the original image. The global feature can be extracted to describe the whole image in 
an average fashion. The low-level features extracted from images and their local patches constitute the colour, 
texture, and shape [9].Texture is an important and extensively used feature in the human visual system for 
recognition and interpretation [4].  
 The Local Tetra Pattern is a stepping stone in the field of texture classification and retrieval. LTrP 
builds the association between the referenced pixel and its neighbours by computing the gray-level difference 
[19] .The Fourier Transform is an effective and important tool which is used to disintegrate an image into its 
sine and cosine components. This transformation represents the image in the Fourier or frequency domain, while 
the input image is the spatial domain equivalent. Fourier transform has advantage that frequency-domain feature 
are commonly less sensitive to noise then spatial domain ones [17]. 

In this paper, a framework for retrieval of medical images from a given database after due indexing and 
classification using LTrP is presented. The LTrP considers the direction of pixels calculated by horizontal and 
vertical derivative for encoding the images. Moreover, the fourier transform is used for feature extraction of 
query image and database images. The rest of the paper is organized as follows: Section II investigate the related 
work about image retrieval strategies and models. Section III outlines the major role highlighting the main 
contribution of Local Tetra patterns. In Section IV, the detailed description of proposed framework is presented. 
Section V comprises the experimental results along with their discussions. Finally, Section VI concludes the 
paper. 

II. RELATED WORK 
Müller et al. [6] provides a comprehensive and broad review of CBIR systems for medical applications. The 
Image Retrieval for Medical applications (IRMA) project [7][8] describes CBIR methods for medical images 
using intensity distribution and texture measure. The main characteristics of this project are its support to allow 
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the retrieval of similar images from heterogeneous databases. Ojala et al. [10] presents a simple and efficient 
multiresolution method to gray-scale and rotation invariant texture classification based on local binary patterns 
and nonparametric discrimination of sample and prototype distributions. Laio et al [11] proposed an approach, 
in which features are robust to image rotation, less sensitive to histogram equalization and noise. It comprises of 
two sets of features: dominant local binary patterns (DLBP) in a texture image and the supplementary features 
extracted by using the circularly symmetric Gabor filter responses. A combined completed LBP (CLBP) scheme 
[12] is developed for texture classification in which a local region is represented by its centre pixel and a local 
difference sign-magnitude transform (LDSMT). Ahonen et al. [13] reported a novel and efficient facial image 
representation based on local binary pattern (LBP) texture features. The LBP technique [5] has been widely used 
in numerous applications due to its finest texture descriptor performance. It has proven to be highly 
discriminative and its key advantages, mainly, its invariance to monotonic gray-level changes and computational 
efficiency, make it suitable for demanding image analysis task. Zhang et al. proposed local derivative patterns 
(LDPs) for face recognition, in which  LDP templates extract high-order local information by encoding various 
distinctive spatial relationships contained in a given local region[14]. Author et al. [15] proposed a novel 
approach for face representation and recognition by examining the information jointly in image space, scale and 
orientation domains. Information collected from different domains is explored and examined to give a efficient 
face representation for recognition. The main challenge is that the use of LBP, LDP and their extended 
techniques are not so much reliable under the unconstrained lighting conditions. To accomplish this challenge 
the local ternary pattern (LTP) [16] has been introduced for image recognition under different lighting 
conditions. LTP eliminates most of the effects of changing illumination and presents a local texture descriptor 
which is unique and less sensitive to noise in uniform region. 

III.  EXISTING MODEL 
A.  LBP  

The idea of using LBP for face description is motivated by the fact that face description is motivated by the fact 
that faces can be seen as a composition of micro patterns which are well described by such operator [5]. The 
procedure of Face recognition using LBP consists of using the texture descriptor to build several local 
descriptions of the face and combining them in to a global description. The value of LBP operator is calculated 
by comparing the grey value of centre pixel with its neighbours as shown in Fig. 1 and is based on  
 

)(2 1
1

)1(
, cp

P

p

p
RP ggfLBP −×=

=

−     (1) 

 



 ≥

=
else

x
xf

,0
1,1

)(       (2) 

where cg   is the gray value of the centre pixel, pg is the gray value of its neighbors, P  is the number of 

neighbors, and R  is the radius of the neighbourhood. Fig. 1 illustrates that each neighbouring pixel of a centre 
pixel is assigned with binary label, which can be either “0” or “1”. The basic version of LBP works in 3 × 3 
pixel block of an image.  
 
 
 
 
 
 
 
 

 

                     

Fig. 1. Calculation of LBP 
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B. LTP 

In LTP the gray-levels in a zone of width t± around cg are quantized zero, above this are quantized to 1 and 

below it to -1 as shown in Fig. 2. So, the indicator ( )xf is replaced with a 3-valued function and the binary 
LBP code is replaced by a ternary LTP code. 
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Here, t  is a user-specified threshold and LTP codes are more resistant to noise, but no longer strictly invariant 
to gray-level transformations.  
 
                                         ( 59 - t , 59 + t ) , t = 5 
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Fig. 2.  Calculation of  LTP 

C. LDP 

In LBP, the binary result of the first-order derivative is encoded among local neighbours by using a simple 
threshold function, which is unable to extract more detailed information from database in response to query 
image. Zhang et. al. [18] in their research work, considered the LBP as the non directional first-order local 
pattern operator, extended it to higher orders ( nth-order) called LDP and applied it for face recognition. The 
LDP encodes the higher-order derivative information providing more detailed discriminative features which the 
first-order local pattern (LBP) cannot obtain from an image. Given an image ( )ZI , the first-order derivative 

along 0o , 45o , 90o and 135o directions are denoted as ( )ZI '
α  where α = 0o , 45o , 90o and 135o.Let Z0 be a point 

in ( )ZI , and iZ  , i = 1,……,8 be the neighbouring point around 0Z . The four first-order derivatives at 

0ZZ = can be written as: 
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Working in same manner, the ordered directional LDP can be calculated. 
D. Local Tetra Pattern ( LTrP ) 

Murala et. al. [19] adopted the LBP, LDP and LTP to define LTrPs. Local tetra pattern technique encodes the 
relationship between the centre pixel and its neighbors, based on the directions that are calculated using the first-
order derivatives in vertical and horizontal directions. The LTrP describes the spatial structure of the local 
texture using the direction of the center gray pixel. In this method the first order derivative at center pixel cg  
can be defined as 

)()()('
0 0 chc gIgIgI −=         (5) 

)()()('
90 0 cvc gIgIgI −=        (6) 

 

where hg and vg  is the horizontal and vertical neighbours of cg  respectively and direction of centre pixel can 
be calculated as:  
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From equation (7), it is obvious that image is converted in to four values i.e. 1, 2, 3, 4 and these four values can 
be treated as four directions. Next step is to calculate the second order derivative (LTrP2) and from it an 8-bit 
tetra pattern is obtained for each center pixel. Then, this tetra pattern is divided in to four parts based on the 
direction of center pixel. Finally, the tetra patterns for each direction are converted to three binary patterns. So, 
if the direction of centre pixel is 1 then twelve (4 × 3) binary patterns are generated for four directions. LTrP 
method used 13th binary pattern (LP) which can be calculated by using the magnitudes of horizontal and vertical 
first-order derivatives: 
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After identifying the 13 bit binary pattern, their histogram is calculated and query image is compared with the 
images of given database. During comparison process, the N  best images similar to query image are selected. 
The experimental results confirmed that LTrP outperforms LBP, LDT and LTP in terms of retrieval and is able 
to extract more detailed information from the image. 

IV. PROPOSED SYSTEM 
The complete architecture of proposed model is shown in Figure 3. Initially, the query image is loaded and 
converted into grayscale image. As the dataset may be of different size, the image is resized. After resizing, the 
first-order derivative in both horizontal and vertical axis is applied and direction of every pixel is calculated. 
Based on the direction of the centre pixel the patterns are divided into four parts. The tetra patterns are 
calculated and separated into three binary patterns on which the Fourier descriptor is applied. The magnitude of 
centre pixels is calculated. Then binary patterns from the magnitude are constructed and Fourier descriptor is 
also applied on them. The features extracted from initial binary patterns as well as from binary patterns 
generated through magnitude are combined to form the feature vector. The query and database image is 
compared using Euclidean distance technique for similarity measurement. Finally, the best matched images are 
retrieved from the medical image database in response to the query image. 
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Fig. 3. Architecture of Proposed System 
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A. Fourier Descriptor 

Fourier transform is used to generate the feature vectors based on the mean values of real and imaginary parts of 
complex numbers of polar coordinates in the frequency domain. Fourier Descriptors (shape based) can be used 
as a dominant feature for boundaries and object representation [20]. Consider a M  point digital boundary; 
starting from an arbitrary point ( )00,yx  then ( ) ),(,...,, 1111 −− MM yxyx can be generated. These coordinates can be 
represented in a complex form as: 

( ) ( ) ( ) 1...2,1,0 −=+= Mmmymxmq  

The Discrete Fourier Transform (DFT) of ( )mq gives: 

( ) ( ) emq
M

kb Mmkj
M

m

/21

0

1 π−−

=
=   1...2,1,0 −= Mk    

The complex coefficients )(kb are called Fourier descriptors of the boundary. 
B. Similarity Comparison  

Distance metric is the main tool for retrieving similar images from large medical databases. In proposed system, 
Euclidean distance [21] and Canberra distance [23] are used for the purpose of similarity comparison.  
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Where )(if q  stands for thi query image feature and )(if db for corresponding feature vector database. Here 

N refers to number of images in database.  
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V. EXPERIMENTAL RESULTS 
In this section, the experiments that have been carried out to test the efficiency and effectiveness of proposed 
framework is presented. The functional code is implemented using MATLAB R2011b on an Intel Core 2 duo, 2 
GHz window based laptop. The performance of the proposed system is tested on standard Messidor dataset  [24 
]of 1200 Retinal images. 
A. Performance Parameters 

Precision and Recall (P-R): The images are retrieved and measured against P-R [22] as:  

retrievedimagesofnumberTotal

retrievedimagesrelevantofNumber
P = , 

databasetheinimagesrelevantofnumberTotal

retrievedimagesrelevantofNumber
R =  

where P is the ratio to measure accuracy and R is used to measure robustness. 
B. Scenario 1: Fig. 4 and Fig. 5 illustrate the performance gain of the proposed system based on LTrP along 
with FD/ED, over existing system [19] in terms of retrieval accuracy.  
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Fig. 4 Average Precision (%) against No. of Retinal Images under Scenario 1 
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Fig. 5 Average Recall (%) against No. of Retinal Images under Scenario 1 

C. Scenario 2: Fig. 6 and Fig. 7 illustrate the performance gain of the proposed system based on LTrP along 
with FD/CD, over existing system [19] in terms of retrieval accuracy.  
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           Fig. 6 Average Precision (%) against No. of Retinal Images under Scenario 2 
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Fig. 7 Average Recall (%) against No. of Retinal Images under Scenario 2 

The results obtained after successful implementation of the proposed system can be seen through output screens 
of the developed system for any query image (represented by Fig. 8) in Fig. 9 and Fig. 10. 
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Fig. 8. Query Image for Retinal Images Dataset 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 9. Retrieved Images from Retinal images Dataset for the Query using FD/ED 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 10.  Retrieved Images from Retinal images Dataset for the Query using FD/ED 
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VI. CONCLUSION 
In this paper, a content based image retrieval system for medical images based on various techniques for feature 
extraction and similarity measurement is presented. In addition to this, the merits of local tetra pattern technique 
is also incorporated. The experiment is performed on Messidor dataset of 1200 retinal images and results 
confirm the efficiency of proposed enhanced medical image retrieval system. The results also highlight that the 
local tetra patterns provides superior performance when used with FD/CD rather than FD/ED. The SS-SVM 
applied on binary patterns of datasets images for classification of medical images which results in improved 
average accuracy from 77%,74%,68% and 70% to 81%, 78%, 74% and 88% for endoscopy, dental, skull and 
retinal images dataset.  

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] S.K. Chang, and S.H. Liu, “Picture indexing and abstraction techniques for pictorial databases”, IEEE Trans. Pattern Anal. Mach. 

Intell.Vol. 6, No. 4, pp. 475–483, 1984. 
[3] C. H. Chen, “A study of texture classification using spectral features,” in Proc. IEEE 6th Int. Conf: Pattern Recongnit., Munich, 

Germany, pp. 1074-1077, Oct. 19-22, 1982. 
[4] M. Unser, “Sum and difference histograms for texture classification”, IEEE Trans. Pattern Anal. Machine Intell., Vol. 8, pp. 118-125, 

1986. 
[5] W. Niblack et al., “The QBIC Project” , in Proc. SPIE, Vol. 1, No.908, pp. 173-181, Feb. 1993. 
[6] Müller H, Michoux N, Bandon D, and Geissbuhler A., “ A review of content-based image retrieval systems in medical applications: 

clinical benefits and future directions”, in International Journal of Medical Informatics ,Vol. 73, No.1, pp. 1-23, 2004. 
[7] Lehmann TM, Guld MO, Thies C, Fischer B, Sphzer K, and Keysers D, “Content-based image retrieval in medical applications”, in 

International Journal of Medical Informatics , Vol. 73, No.1, pp. 354-361, 2004. 
[8] Thies C, Guld MO, Fischer B, and Lehmann TM, “Content based queries on the CasImage database with in the IRMA framework”, 

Lec Notes in Comp ScienceVol. 3491, pp. 781-92, 2005. 
[9] Ma, W.Y., and H.J.Zhang, “Content Based Image Indexing and Retrieval”, In Handbook of Multimedia Computing,(Ed.) Furht,B.crc 

Press, Boca Raton, 1998. 
[10] T. Ojala, M. Pietikainen, and T. Maenpaa, “Multiresolution gray-scale and rotation invariant texture classification with local binary 

patterns,” in IEEE Trans. Pattern Anal. Mach. Intell., Vol. 24, No. 7, pp. 971–987, July 2002. 
[11] S. Liao, M.W. K. Law, and A. C. S. Chung, “Dominant local binary patterns for texture classification,” in IEEE Trans. Image Process., 

Vol. 18, No. 5, pp. 1107–1118, May 2009. 
[12] Z. Guo, L. Zhang, and D. Zhang, “A completed modeling of local binary pattern operator for texture classification,” in IEEE Trans. 

Image Process., Vol. 19, No. 6, pp. 1657–1663, June 2010. 
[13] 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, No. 12, pp. 2037–2041, Dec. 2006. 
[14] B. Zhang, Y. Gao, S. Zhao, and J. 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. 
[15] Z. Lei, S. Liao, M. Pietikäinen, and S. Z. Li, “Face recognition by exploring information jointly in space, scale and orientation,” IEEE 

Trans. Image Process., Vol. 20, No. 1, pp. 247–256, January 2011. 
[16] 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, June 2010. 
[17] D-M. Tsai, and C-F Tseng, “Surface roughness classification for castings”, Pattern Recognition, Vol. 32, pp.389-405, 1999. 
[18] B. Zhang, Y. Gao, S. Zhao, and J. 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,February 2010. 
[19] Subrahmanyam Murala, R. P. Maheshwari,  and R. Balasubramanian,, “Local Tetra Patterns:A new Feature Descriptor for Content-

Based Image Retrieval,” IEEETrans. Image Process. , Vol 21, No. 5, pp. 2874-2886, May 2012. 
[20] Quing chen, Emil Petriu, and Xiaoli Yang, “A comparative Study of Fourier Descriptors and Hu’s Seven Moment Invariants for Image 

Recognition”, in Proceeding of International conference CCECE, pp. 103-106, 2004. 
[21] V.S. Murthy, E.Vamsidhar, J.N.V.R. Swarup Kumar, and P. Sankara Rao,“Content based Image  Retrieval using Hierarchical and K-

means Clustering Techniques”, International Journal of Engineering Science and Technology, Vol. 2, No. 3, pp. 209-212, 2010 
[22] M. Henning,  R. Antoine ,  and Jean-Paul, “Comparing Feature Sets for content-based Image Retrieval in a Medical Case Database”, 

Proceeding of SPIE Conference on Medical Imaging, pp. 99-109, 2004. 
[23]  “SciPy Reference guide Release 0.7.dev”, written by SciPy community, pp. 257-260, 2008. 
[24] http://messidor.crihan.fr/index-en.php 
[25] D. Anguita, A. Gio, L. Oneto, S. Ridella, “ In-sample and Out-of-sample model Selection and Error Estimation for Support Vector 

Machines”, IEEE transaction on Neural Networks and Learning Sytems, in press, 2012. 
[26] D. Anguita, A. Gio, L. Oneto, S. Ridella, “The Impact of Unlabeled Patterns in Rademacher Complexity Theory for Kernel 

Classfiers”, Advances in Neural Processing System [NIPS], Granada, Spain ,2011. 

Ashish Oberoi et al. / International Journal of Engineering and Technology (IJET)

ISSN : 0975-4024 Vol 5 No 1 Feb-Mar 2013 36


	A Framework for Medical Image RetrievalUsing Local Tetra Patterns
	Abstract
	Keywords
	I. INTRODUCTION
	II. RELATED WORK
	III. EXISTING MODEL
	IV. PROPOSED SYSTEM
	V. EXPERIMENTAL RESULTS
	VI. CONCLUSION
	REFERENCES




