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Abstract
Advancements in the field of medical imaging have made it possible 
to view the whole body in the form of cross sectional images. In 
case of the diseases of the brain, the neurologist mostly relies 
on the magnetic resonance imaging of the brain for diagnosis. 
The first step in reporting of the magnetic resonance images is 
reviewing of the cross sectional images at various levels. This 
paper describes a novel technique to locate desired slice using 
moments on a feature reduced MR image database. Every pixel in 
the image is labeled with the code of the texture primitive based 
on the local neighborhood and the eccentricity value on that gives 
a good measure in classifying similar and dissimilar slices.  
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I. Introduction
As a result of advances in the internet and various imaging 
technologies, the volume of images produced from different 
sources increases drastically. The accuracy in the medical diagnosis 
depends upon the information available on the image. Therefore 
it is very necessary to develop appropriate information system to 
manage large collection of images [1-3].
Patient-to-patient search, which can compare multiple patients 
and retrieve relevant cases among them, should especially help 
the expert in diagnosis of diseases. By referring similar images 
of another patient would help the doctor to take accurate decision 
whenever there is a doubtful case. Medical image retrieval may 
also be useful as a training tool for medical students and residents, 
follow-up studies, and for research purposes. Furthermore, in the 
medical domain experts generally focus on a region of-interest 
(single slice) or a volume-of-interest (several contiguous slices) in 
order to identify the cause of a pathology. In such cases, patient-
to-patient search problem can further be simplified as retrieving 
the relevant slice given a query, which can be used in diagnosis 
of structure specific diseases in the brain. Identification of similar 
slices from a volume of brain images may be taken as a first 
step in diagnosis of brain related problems. There are several 
methods depicted in the literature for the brain Image retrieval.  
The searches for medical tumors by their shape properties have 
been described in [4]. Classifications of lesions in CT brain scans 
have been done in [5]. CBIR system for Traumatic Brain Injury 
(TBI) CT images has been proposed by Shimia et.al [6 ].  In this 
web-based system, user can query by uploading CT image slices 
and, retrieval result is a list of TBI cases ranked according to their 
3D visual similarity to the query case. In [7], brain slice retrieval 
problem has been proposed using principal component analysis. 
But it requires image registration. A wavelet-based retrieval 
solution for brain images is introduced by Traina et al.[8].  A 
shape-based retrieval method that needed manual delineation of 
the anatomical structures is proposed in [9-10]. The geometric 

features and Fourier descriptors are used to represent brain images 
of pediatric patients, but it needs registered images [11]. The co-
occurrence matrix representations, color quantization and wavelet 
responses are used to retrieve CT and MR images of different 
tissues [12-13]. LBP and KLT feature tracker have been used to 
extract region of interest form a brain MR images. LBP computes 
structure features in all local regions of the image while KLT 
identifies salient points in the image [15].

II. Methodology
First we give an overview of LBP and Moment Invariants which 
form a base for our work

A. Local Binary Pattern
Local Binary Patter (LBP) has been used as a texture descriptor 
for various image retrieval problems. The LBP method can be 
regarded as a truly unifying approach. Instead of trying to explain 
texture formation on a pixel level, local patterns are formed. 
Original LBP is formed by taking difference between the gray 
value of a pixel (gc) and the gray values of P pixels (gk) in a local 
neighborhood [15 ].

LBP  =   ,  .     (1)
A number of variants of LBP have been evolved. The smallest 
value from a n-1 bitwise shift operation on the binary pattern of 
n bits gives a rotational invariant descriptor [16]. The standard 
LBP has been replaced by circular neighborhood as a rotation 
invariant descriptor, but in some problems the anisotropic structural 
information is an important information source. In order to attain 
this, another variant named Elliptical Binary Pattern (EBP) has 
been proposed. Ternary encoding and Quinary encoding, are 
proposed for the evaluation of the local gray-scale difference 
[17]. 
Ternary encoding (T): Instead of binary encoding, here the 
difference is encoded as 3 values correspond to a threshold σ.

 

B. Moment Invariants
Hu [18], proposed Moment Invariants (MI) for two-dimensional 
pattern recognition applications Two-dimensional moments of 
order ( p + q) for digital image  f (x, y) is defined as follows.                                 

   (3)
 where, p, q = 0,1,2..... The summations are over the values of spatial 
co-ordinates x and y spanning the entire image. The moments in 
Eq(3) are not in general invariant under translation,  rotation or 
scale changes in the image  f (x,y) . Translation invariance can be 
achieved by using central moment defined as follows.
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  (4)
Information about image orientation can be derived by first using 
the second order central moments to construct a covariance 
matrix.

The Eigen of the covariance matrix can easily be shown to be 

 (5)
The relative difference in magnitude of the Eigen values are thus 
an indication of the eccentricity of the image, or how elongated 
it is.

The eccentricity  is    (6) 
The scaling invariant may be obtained by further normalizing    

   (7)
Using this, a set of seven Rotational Scaling & Translational 
invariant features (RST) are derived by Schalkoff [19]. 

C. Filtering
The complexity of the retrieval problem increases with increase in 
number of features. Therefore it is very essential to retrieve relevant 
features from the images. Researchers proposed descriptors, such 
as the SIFT descriptor [20], Surf descriptor [21], KLT feature 
tracker   to find the interesting regions of an image. We extract 
the relevant features in the following way.
Let  I  be an image of size M X  N. Consider a window of size  w 
x w where, w = 3,5,7,9…The gray value of central pixel(gc) of 
each window  is compared with that of neigh borhood pixels (gn).  
If  gn  >  gc +  σ  or gn  <  gc - σ , where, σ > 0, then gn is assigned 
a value 1, otherwise 0. Thus a binary map image (BI) is formed.  
The filtered image (FI) is formed by assigning a value to the central 
pixel based on the gray value of the neighborhood pixels.                                      

,   

where, Nb represents the number of 1’s in the window. Thus each 
pixel is labeled with the code of the texture primitive that best 
matches the local neighborhood. Due to the presence of threshold, 
it identifies some edges in the image. In the case of a brain image 
with ventricular region, it identifies ventricular shapes. 

1. Threshold Chosen
The threshold value σ is chosen locally based on the range of each 
window. i e  σ = (gmax - gmin) /2 , where, gmax-  is the maximum gray 
value & gmin-  is the minimum gray value of the of the window. 
It is observed that it is invariant to monotonic gray level change 
and rotation. The fig. 1, shows the original image and filtered 
image.

Fig. 1:(a). Original Image After the Rotation, (b). Filtered Image 
After Rotation

D. Feature Extraction
The Filtered Image (FI) has been divided into l disjoint blocks of 
size w x w. The seven RST moment Invariants [19], and eccentricity 
is calculated for each window. The eccentricity is calculated for 
each window using Eq (6) based on the Eigen value determined 
from the covariance matrix of the second order moments. There are 

 features for each image.  Distance matrix is formed by 
the feature vectors of the query image with that of the images in the 
database using Euclidean distance function. The distance matrix 
is arranged in ascending order and the smallest will be assigned 
rank 1, next smallest rank 2 and so on The overall procedure is 
shown in the diagram, fig 2.

E. Performance Evaluation
Precision and Recall is calculated based on P- R graph.

Precision=           

Recall    =    

The precision and recall alone does not give full information. 
A precision score of 1.0 means all retrieved items are relevant, 
but it gives no information regarding whether all relevant items 
are retrieved. A recall score of 1.0 means all relevant items are 
retrieved, but it fails to give information regarding number of 
irrelevant images retrieved. Therefore a plot of Precision-Recall 
is used.  The  average of precision  is also used to evaluate the 
performance.

Fig. 2: Block Diagram of Locating Desired Images
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III. Results
We categorized 500 T1 weighted Brain unregistered MR images 
of different persons into 3 classes and evaluated the performance 
of the method. Class1 images represent the top of the ventricle. 
Class 2 and Class 3 is associated with  ventricles. The slices used 
in this work, were acquired on a 1.5 Tesla, MR scanner from 
Pushpagiri Medical College, Tiruvalla, India. It is observed the 
time taken for extracting moments of different order of filtered 
image is less than that of original image. As the order increase 
time also increases. Fig. 3, shows this 

Fig. 3: Time for Calculating Moments of Different Order
 
We have taken 8 features for each window. It has been observed 
that the eccentricity values of similar images are closer compare 
with dissimilar images. One image from each class has been taken 
and its precision and recall is calculated. Fig 4, shows the P-R 
graph of the query images from different classes.

Fig. 4: Precision Vs Recall of Images in Different Classes

It is also observed that accuracy of the retrieval increase as the 
window size (Number of directions) increases. It starts decreasing 
after reaches optimum value.  Fig 5, shows this

Fig. 5: The Average Precision vs Window Size of Query Images 
in Different Classes

The top 5 images retrieved in each class is shown in fig 6.

Fig. 6: The Top 5 Images Retrieved from Each Class, (a). Class 
1, (b). Class 2, (c). Class 3

IV. Conclusion
The paper illustrates a method to locate relevant slices from MR 
image database. The moment features extracted from a filtered 
image have been used to locate relevant slices. The proper choice 
of features and relevance feed mechanism may improve the results. 
Also this can be extended for retrieving coronal and sagittal slices 
from the MR image database.
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