
Abstract 
Objectives: This work proposes a feature extraction procedure named as Global Neighbour Preserving Local Ternary
Co-occurrence Pattern (GNPLTCoP) in the Content Based Image Retrieval (CBIR) Task for ultrasound kidney  images
­retrieval.­Methods/Analysis:­The­proposed­GNPLTCoP­feature­finds­the­local­pattern­based­on­the­co-occurrence­of­first
order derivatives in ternary fashion from radius 1 and radius 2 neighbourhoods of the center pixel in a small 3X3 square
region.­Then­ the­pattern­ is­ classified­ into­ two­ in­order­ to­ integrate­ the­ global­ information.­The­ classification­ is­ based
on the correlation between the global and local region mean intensities. Findings: The Performance of GNPLTCoP is
­compared­with­ the­Ternary­co-occurrence­Pattern­(LTCoP)­as­ it­ computes­ the­co-occurrence­of­ first­order­derivatives.
The LTCoP considers the co-occurrence of 8 pixels in the radius 1 neighbourhood with the 8 pixel candidates in the radius
2 neighbourhood. Among the 16 pixels in the radius 2 neighbourhood, 8 pixels are used and 8 pixels information are left
in the LTCoP  computation. This problem is addressed in the computation of GNPLTCoP. The proposed GNPLTCoP feature
is­different­from­the­LTCoP­by­means­of­considering­the­pixel­candidates­of­radius­2­neighbourhood­and­adding­in­the
global information. The pixel candidates of radius 2 neighbourhood are replaced by the mean value of itself and its two
neighbours to preserve the neighbour pixels information. This work employs GNPLTCoP feature as a feature extraction
procedure in image retrieval system consists of database of ultrasound kidney images. The performance of GNPLTCoP
is compared with LTP and LTCoP. The discriminative power of GNPLTCoP is substantiated through Precision and Recall
measures. Conclusion/Application: The proposed GNPLTCoP can be applied as the feature extraction procedure for other
types of medical images and pattern recognition applications.
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1. Introduction

Million amounts of medical images are generated and
stored in the database all over the world day by day.
These images should be properly indexed for make use of
them into various medical applications such as assisting
diagnosis and medical citation etc. The above said appli-
cations are facilitated by the technique called as Content
Based Image Retrieval (CBIR)1. Callins Christiyana et al2

have narrated the processes involved in CBIR for  medical 

applications. The important process in CBIR is feature
extraction. The feature extraction process derives the con-
tent of an image by means of visual features. The features
such as color, texture, shape and the combinations of
these are used to represent the image content. Among the
visual features, texture feature3 is very much desirable in
medical images since it has characteristics to reflect other
features and so brings semantic information.

There are many methods which are widely used in
texture representations such as Grey Level Co-occurrence 
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Matrix (GLCM)4, Gabor filtering5, wavelet transform6,7, 
wavelet frames8 and Local Binary Pattern (LBP)9. Even 
though many number of texture features are used in 
CBIR, the local texture descriptors gain more attention 
nowadays. The local descriptors have the property of 
being distinctive and invariant to many transformations, 
and so they show promising performance10. The compu-
tation of local descriptor falls under two categories such 
as sparse and dense. The local sparse descriptor identi-
fies the interest points in an image, models the local 
patch from them and expresses its invariant features11,12. 
The local dense descriptor derives the local features from 
an image pixel by pixel13. The most popular local dense 
descriptor is LBP. 

The LBP has the property of computational simplicity 
and discriminates the texture features in a good manner. 
In spite of its better performance, the LBP has some limi-
tations and problems14. To take up this issue, the different 
LBP variants are proposed for various applications15,16. 
Among the range of local patterns such as Local Binary 
Pattern (LBP), Center Symmetric Local Binary Pattern 
(CSLBP)17, Local Ternary Patterns (LTP)18, Local 
Derivative Pattern (LDP)19 and Local Quinary Pattern 
(LQP)15, Antonio Fernandez. et al20 proved that the LTP 
operator performed better. Despite the superiority of 
LTP, there is the thirst for new local pattern for medical 
application. 

The authors Subrahmanyam Murala et al21 have devised 
Local ternary co-occurrence pattern for the retrieval of 
MRI and CT images. The LTCoP outshines the LTP feature 
as, it combines the notion of LTP, LDP and co-occurrence 
matrix. The LTCoP encodes the co-occurrence of local ter-
nary edges in a small square region. The local ternary edges 
are computed based on the grey values of center pixel and 
its surrounding neighbours in radius 1 and radius 2 neigh-
bourhoods. The radius 1 neighbourhood has 8 pixels and 
radius 2 neighbourhood has 16 pixels. The co-occurrence 
between all the 8 pixels of radius 1 and the correspond-
ing 8 pixels of radius 2 neighbourhoods are taken into 
consideration. Thus the computation of LTCoP involves 
the 8 pixel information in radius 2 neighbourhood and 
leaves the other 8 pixel information. Figure 1 shows the 
involvement of pixels in LTCoP computation.

From Figure 1, it is clear that the radius 2 neighbour-
hood information is not fully utilized in the computation 
of LTCoP. In order to apply the intended feature in medi-
cal applications, it should use every pixel value in an 
image. The new feature is proposed with the aim of using 

all the pixel information in radius 2 neighbourhood. In 
our proposed work, the pixel candidates in radius 2 neigh-
bourhood are replaced by the mean value of itself and its 
two neighbours in that neighbourhood. The mean is the 
standard and basic technique in statistical inference the-
ory. The mean value is considered as most robust and less 
affected by the presence of outliers because each data in 
the data set has an influence on its (mean) value. The pixel 
candidate values in radius 2 neighbourhood are modified 
in order to use all the pixel information. The revision of 
pixel candidates in radius 2 neighbourhood is shown in 
Figure 2.

It is inferred from Figure 2 that every pixel candidate 
in the radius 2 neighbourhood preserves the informa-
tion of its neighbours. Then the local pattern is computed 
based on the co-occurrence of pixel candidates of radius 1 
neighbourhood and revised pixel candidates of radius 2 
neighbourhood. In addition to that, the local patterns are 
classified into two categories in order to incorporate global 
information22 since the two different local regions some-
times yield the same local pattern. The classification is 

Figure 2.  Revision of pixel candidates in radius 2 
neighbourhood.

Figure 1.  Pixels involvement in LTCoP computation.
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based on the comparison of local mean intensity with 
global mean intensity since the superiority of mean in 
statistical analysis. The resulting pattern is called Global 
Neighbour Preserving Local Ternary Co-occurrence 
Pattern (GNPLTCoP). This work applies this GNPLTCoP 
feature for the retrieval of ultrasound kidney images. The 
performance of this feature is compared with the local 
patterns such as LTCoP and LTP. The main contribu-
tions of this new pattern are involving all the pixel values 
in the local neighbourhoods during the computation of 
LTCoP and fitting in the global information to enhance 
the discrimination power of local pattern.

The rest of the paper is organized as follows. Section 2 
describes the related works. Section 3 illustrates the com-
putation of the proposed GNPLTCoP feature and the 
algorithm of image retrieval system using the proposed 
GNPLTCoP feature. Section 4 furnishes the details about 
the similarity matching. The significant experimen-
tal results which prove the proficiency of the proposed 
method are reported in Section 5 and followed by the 
concluding remarks in Section 6.

2.  Related Works
Many Researchers have contributed suitable texture 
feature extraction procedures for medical images analysis. 
Landeweerd et al23 have extracted first order and second 
order statistics information to distinguish different kinds 
of white blood cells. Chen et al24 have used fractal texture 
features to classify ultrasound images of livers. Stavroula 
et al25 have applied first order statistics, spatial grey level 
dependence matrix, grey level difference method, Laws 
texture energy measures for liver tissue classification. 
Kehong yaun et al26 have applied Non-negative tensor 
factorization to build the brain CT image database.

Yu-Ying Liu et al27 have framed global descrip-
tors by means of Multi-scale spatial pyramid and local 
descriptors through dimension reduced local binary pat-
tern histograms for the analysis of Optical Coherence 
Tomography (OCT) images. Rodrigo Pereira Ramos et 
al28 have designed the CAD system for digitized mam-
mograms using GLCM, wavelet and ridgelet transforms. 
Muthu Rama Krishnan et al29 have employed Higher 
Order Spectra (HOS), LBP and Laws Texture energy fea-
tures to detect the benign/malignant oral lesions from 
histopathological images. Callins Christiyana et al30,2 have 
devised statistical texture features from grey level dif-
ference histogram and CSLBPGLCM for the retrieval of 

ultrasound kidney images. Subrahmanyam et al31 have 
formulated Directional Binary Wavelet Patterns (DBWP) 
for Biomedical image retrieval. Kumar et al32 have derived 
the statistics from GLCM, wavelet and contourlet for 
identifying both benign and malignant liver tumors on 
CT images. These literature works gave the motivation to 
us to propose the new texture feature. Sasikumar et al33 
have applied discrete sine transform for the retrieval of 
medical images. 

3. � Image Retrieval System with 
the Proposed GNPLTCOP

This section illustrates the computation of the proposed 
GNPLTCoP and gives the retrieval process of images 
using GNPLTCoP feature.

3.1 � The Proposed Global Neighbour 
Preserving Local Ternary  
Co-occurrence Pattern (GNPLTCoP)

The intention of proposing the GNPLTCoP is to make 
use of all the pixels in the radius 2 neighbourhood of the 
center pixel for co-occurrence pattern computation and 
to include global information. The GNPLTCoP computa-
tion starts with finding the First Order Derivative (FOD) 
of the pixels in radius1 and radius 2 neighbourhoods. The 
FOD of pixel candidates in radius 1 neighbourhood is 
computed with respect to the center pixel and is calcu-
lated as follows.

	 FOD g g g i rir ir c( ) | , , &= − = =1 2 8 1 � (1)

The term gir in Equation 1 denotes the grey value of 
pixel candidates in radius 1 neighbourhood and the term 
gc  is the grey value of the center pixel.

The FOD of pixel candidates in radius 2 neighbour-
hood is calculated in connection with the corresponding 
pixel candidates in radius1 neighbourhood. Initially, the 
pixel candidates of radius 2 neighbourhood are replaced 
as the mean of its own and its two neighbours as said in 
Section 1. The FOD determination is done with this new 
value and it is given in the Equation 2.

FOD g mean g g g

g i j
jr jr jpr jsr

ir

( ) ( )
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In Equation 2, the term gjpr + 1 and gjsr + 1 are the pre-
decessor and successor neighbours of the candidate pixel 
gjr + 1 in radius 2 neighbourhood. The ternary encoding 
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of FOD’s of pixel candidates in radius 1 and radius 2 
neighbourhoods are done using Equation 3.
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The function T1(x) in Equation 3 is a ternary threshold 
function. The co-occurrence between the corresponding 
pixel candidates of radius 1 and radius 2 neighbourhoods 
are computed using Equation 4.

	
NPLTCoP i

T T i T j i j
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The term T1(x) is the FOD of radius 1 neighbourhood 
pixel candidates in ternary form and T1(j) is the FOD 
of radius 2 neighbourhood pixel candidates in ternary 
form. The definition of the function T2(x, y) is given in 
Equation 5.
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The NPLTCoP is further divided into two binary pat-
terns such as NPLTCoPU and NPLTCoPL for the encoding 
purpose. The encoding of NPLTCoPU and NPLTCoPL is 
based on the Equations 6 and 7 respectively.
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The terms T3(x) and T4(x) in Equations 6 and 7 are 
binary threshold function of NPLTCoPU and NPLTCoPL 
respectively. The computation of NPLTCoPU and 
NPLTCoPL for the center pixel is described in Equations 
8 and 9 respectively.
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In Equations 8 and 9, the term CP represents the 
center pixel. The patterns NPLTCoPU and NPLTCoPL 
of small square region are further divided into 2 classes 
with respect to the global mean value of an image. Totally 

four patterns are used to encode the center pixel of the 
small square region. The computational illustration of 
GNPLTCoP is given in Figure 3.

3.2 � Image Retrieval Process using the 
Proposed GNPLTCoP

The image retrieval process with the proposed GNPLTCoP 
is given in the following algorithmic steps. The algorithm 
gets the query image as the input and retrieves similar 
images from the database in connection with the query 
image as the output. The algorithm considers that the fea-
ture vector formation of database images is done in offline 
and assumes there are N images in the database. The steps 
are as follows.

1.	 Get the query image.
2.	 Considering every pixel of a query image as a 

center pixel, form two classes of GNPLTCoPU and 
GNPLTCoPL patterns using radius 1 and radius 2 
neighbourhood pixels.

3.	 Construct the histograms of two classes of 
GNPLTCoPU and GNPLTCoPL for a query image. 
Then finally four histograms are concatenated to form 
a feature vector (of length  1024) of a query image.

4.	 Set the threshold value. 
5.	 Compare the feature vector of the query image with 

the feature vector of every image in the  database. If 
the feature vectors comply with the threshold value 
then retrieve the database  image as similar to the 
query image.

The feature vector formation using two classes of 
GNPLTCoPU and GNPLTCoPL histograms for an 
ultrasound kidney image is depicted in Figure 4.

Figure 3.  Computation of GNPLTCoP.
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4.  Similarity Matching
Similarity matching is the important task in an image 
retrieval system. The results of an image retrieval 
system depend on two aspects. They are: feature extrac-
tion algorithm and similarity measure34. In this work, 
the GNPLTCoP feature is extracted from the images 
for content representation. The feature vector F = (f1 to  
fn | n=1024) is framed from the histograms of two classes 
of GNPLTCoPU and GNPLTCoPL. Since the histogram 
contains many zeros, the chi square distance metric is 
more appropriate for similarity matching process35. The 
chi-square distance measure is given in Equation 10.

	 χ2
2

2 2( , )
( )

x y
x y
x y

i i

i ii

=
−
+∑ � (10)

The term χ2(x, y) in the Equation 10 is the distance 
between the feature vectors of the query image and the 
database image.

5. � Experimental Results and 
Discussions

This work designs the GNPLTCoP based image retrieval 
system for ultrasound kidney images to examine the 
performance of the proposed GNPLTCoP feature extrac-
tion algorithm in medical applications. The database of 

different categories of ultrasound kidney images like 
Normal, Cortical Cysts (CC), Medical Renal Diseases 
(MRD)36 are considered in the performance evaluation 
of GNPLTCoP based CBMIR. The ultrasound kidney 
images which are used in this analysis are acquired 
by using scanning systems ATL HDI 5000 curvilinear 
probe with transducer frequency 5-240 MHz and Wipro 
GE LOGIQ 400 curvilinear probe with transducer fre-
quency 3-5 MHz. Transducer frequency at 4 MHz is 
fixed for taking the longitudinal cross section of the 
kidney. The image retrieval is done by passing a query 
image to the system and gathers similar images from the 
database. Every image in the database is taken as a query 
image.

The efficiency of the CBIR system is measured with 
two familiar measures such as precision and recall7 which 
are defined in Equations from 11 to 14. The values of both 
precision and recall are rated in the scale of 0 to 1.

The precision value of the query image q is denoted as 
P(q), and it is computed as follows.

	

Pr : ( )
_ _ Re _ _ Re

_

ecision P q
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=
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� (11)

The Average Precision (AP) value with respect to 
the number of images in the database (n) is estimated as 
follows.
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n
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i

n

=
=
∑1

1
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The recall value of the query image q is denoted as 
R(q), and it is computed as follows.
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_
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The Average Recall (AR) value with respect to the 
number of images in the database (n) is estimated using 
the following equation.

	 AR
n

R qi
i

n

=
=
∑1

1
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In order to prove the proficiency of the proposed 
image retrieval system using GNPLTCoP, the compari-
son is done with the well performed local patterns such 

Figure 4.  Feature Vector Formation of a Ultrasound 
Kidney Image using GNPLTCoP.
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as LTP and LTCoP. The number of top images retrieved 
is the threshold in our analysis. The average preci-
sion comparison of each category of ultrasound kidney 
images database is shown from the Figures 5 to 7. The 

average recall comparison of overall database is given in 
the Figure 8. 

The average top 10 images precision values and the 
average top 100 images recall values of ultrasound kidney 
images retrieval system using GNPLTCoP are given in the 
Table 1. From the Table 1, it is noticed that the GNPLTCoP 
based ultrasound kidney images retrieval system has bet-
ter retrieval efficiency as compared to LTP and LTCoP. 
The feature vector length comparison of LTP, LTCoP and 
GNPLTCoP is given in the Table 2. Though the length of 
the feature vector of GNPLTCoP is more, its discrimina-
tive power outshines the LTP and LTCoP features. So, 
the GNPLTCoP feature is best suited for representing 
the content of the medical images. The sample results of 

Table 2.  The Feature Vector Length Comparison of 
GNPLTCoP, LTCoP and LTP

Method
Number of bits in the 

Encoded Pattern
Length of the feature 

vector
GNPLTCoP 2∗2∗8 1024

LTCoP 2∗8 512
LTP 2*8 512

Figure 5.  Average Precision Comparison of Normal 
Ultrasound Kidney Images.

Figure 7.  Average Precision Comparison of MRD 
Ultrasound Kidney Images.

Figure 6.  Average Precision Comparison of CC Ultrasound 
Kidney Images.

Figure 8.  Average Recall Comparison of Ultrasound 
Kidney Images.

Table 1.  The Retrieval Efficiency Comparison of 
GNPLTCoP, LTCoP and LTP based Ultrasound 
Kidney Images Retrieval System

Method Average Precision for  
Top 10 Images 

Combined Average 
Recall values in Top 

100 Images(%)Normal CC MRD
GNPLTCoP 0.77 0.66 0.77 34.34
LTCoP 0.74 0.63 0.75 34.11
LTP 0.74 0.62 0.75 34.07
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the ultrasound kidney images retrieval system which are 
experimented in this work are given in the Figure 9.

6.  Conclusion
The GNPLTCoP feature based ultrasound kidney images 
retrieval system is proposed in this work. The GNPLTCoP 
feature finds the co-occurrence of ternary pattern between 
the corresponding pixel candidates in the radius 1 and 
radius 2 neighbourhoods of the center pixel to compute 
the local pattern. To embed the global information into 
the local pattern, the pattern is classified according to 
the relation between the local mean and the mean of the 
entire image. Unlike the LTCoP, all the pixel values in the 
radius 1 and radius 2 neighbourhoods of center pixel are 
involved in the local pattern computation of GNPLTCoP. 
No one pixel information is missing in this computation. 
Because of this characteristic, the proposed GNPLTCoP 
feature has more application value in medical field. The 
performance of the ultrasound kidney images retrieval 
system using GNPLTCoP is compared with other features 
such as LTP and LTCoP. From the experimental results, it 
is concluded that the GNPLTCoP feature outruns LTCoP 
and LTP features in terms of retrieval efficiency. Due to its 
success, it is recommended to use this GNPLTCoP feature 
in various medical applications and pattern recognition 
applications.
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