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ABSTRACT

In this paper, a new image indexing and retrieval algorithm using
multi-resolution local binary patterns (LBP) with joint histogram is
proposed. The existing LBP extracts the relationship between the
center pixel and its surrounding neighbors in an image. The
proposed method encodes the joint histogram between the multi-
resolution LBPs which are calculated using Gaussian filter bank
with different standard deviations. The retrieval results of the
proposed method have been tested on OASIS magnetic resonance
imaging (MRI) database. The results after being investigated
shows a significant improvement in terms of precision as
compared to LBP and other LBP like features.
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1. INTRODUCTION

With the growth in medical technology and advancement of the
living world, there has been an expansion of biomedical images in
hospitals and medical institutions in order to meet ones’ medical
requirement. This huge data is in different format such as computer
tomography (CT), magnetic resonance images (MRI), ultrasound
(US), X-ray etc. Handling of this data by human annotation is a
cumbersome task thereby, arousing a dire need for some familiar
search technique i. e. content based image retrieval (CBIR). It is
very difficult to identify the exact disease location in the patient
reports (images) for new physicians as compared with more
experienced physicians. This problem can solve using CBIR
system by giving that patient report as a query and the doctor will
retrieve related patient reports which are previously collected and
stored with description about disease in the database. With the help
of old related reports, the doctors can identify the exact disease in
the present patient report. The previously available CBIR systems
for medical image retrieval are available in [1-4].

The feature extraction forms a prominent stair in CBIR and its
effectiveness relies typically on the method of features extraction
from raw images. Comprehensive and extensive literature survey
on CBIR is presented in [5-10].

Texture is used to specify the roughness or coarseness of object
surface and described as a pattern with some kind of regularity.
Many researchers have put forward various algorithms for texture
analysis, such as the gray co-occurrence matrixes [10], Markov
random field (MRF) model [11], simultaneous auto-regressive
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(SAR)model [12], Wold decomposition model [13], Gabor filtering
[14, 15] and wavelet decomposition [16, 17] and so on.
Subrahmanyam et al. [18] combined the color (color histogram) and
texture (wavelet transform) features for CBIR. Subrahmanyam et al.
proposed correlogram algorithm for image retrieval using wavelets
and rotated wavelets (WC+RWC) [19].

Ojala et al. proposed the local binary patterns (LBP) for texture
description [20] and these LBPs are converted to rotational
invariant for texture classification [21]. pietikainen et al. proposed
the rotational invariant texture classification using feature
distributions [22]. Ahonen et al. [23] and Zhao et al [24] used the
LBP operator facial expression analysis and recognition. Heikkila et
al. proposed the background modeling and detection by using LBP
[25]. Huang et al. proposed the extended LBP for shape localization
[26]. Heikkila et al. used the LBP for interest region description
[27]. Li et al. used the combination of Gabor filter and LBP for
texture segmentation [28]. Zhang et al. proposed the local derivative
pattern for face recognition [29]. They have considered LBP as a
nondirectional first order local pattern, which are the binary results
of the first-order derivative in images. B. Zhang et al. [30] have
proposed the directional binary code (DBC) for face recognition.
The DBC is encodes the directional edge information in a
neighborhood.

Subrahmanyam et al. have proposed the directional binary wavelet
patterns (DBWP) [31] for biomedical image retrieval. The 8-bit
grayscale image is divided into eight binary bit-planes, and then
binary wavelet transform (BWT) which is similar to the lifting
scheme in real wavelet transform (RWT) is performed on each
bitplane to extract the multi-resolution binary images. The LBP
features are extracted from the resultant BWT sub-bands.

To improve the retrieval performance in terms of retrieval accuracy,
in this paper, we calculated the joint histogram between the multi-
resolution LBPs using Gaussian filter banks. The performance of
the proposed method has been tested on Open Access Series of
Imaging Studies (OASIS) MRI database for proving the worth of
our algorithm. The results after investigation show a significant
improvement in terms of their precision as compared to LBP, LBP
with Gabor transform and DBWP.

The organization of the paper as follows: In section 1, a brief
review of image retrieval and related work is given. Section 2, 3 and
4 presents a concise review of local binary patterns, multi-resolution
LBPs and the proposed system framework respectively.
Experimental results and discussions are given in section 5. Based
on above work conclusions are derived in section 6.
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2. LocAL BINARY PATTERNS

The LBP operator was introduced by Ojala et al. [20] for texture
classification. Success in terms of speed (no need to tune any
parameters) and performance is reported in many research areas
such as texture classification, face recognition, object tracking,
bio-medical image retrieval and finger print recognition.

Given a center pixel in the 3x3 pattern, LBP value is computed by
comparing its gray scale value with its neighborhoods based on Eq.
(1) and Eq. (2):

LBR: ¢ =ZZ“’” x £(1(9)) - 1(9.)) @
1 x=0
1 :{0 else @)

where 1(g,) denotes the gray value of the center pixel, 1(g;) is

the gray value of its neighbors, P stands for the number of
neighbors and R, the radius of the neighborhood.

Fig. 1 shows an example of obtaining an LBP from a given 3x3
pattern. The histograms of these patterns extract the distribution of
edges in an image [20].

Example Binary Pattem Weights LBP value

6 5 2 1 0 0 8 4

6 1 1 0 16 1 248

9 8 7 | 1 I 32 64 128

LBP=8+ 16+32 + 64 + 128= 248

Fig. 1: LBP calculation for 3x3 pattern
3.MULTI-RESOLUTION LBPS

3.1.Gaussian Filter Bank
The 1-D Gaussian function is defined by

l _ 2/2 2

g(t,0)= et ®)
NET

where the parameter ¢ denotes the Gaussian half-width. Fig. 2

displays this Gaussian function and its 1% and 2™ derivatives for &

=1

Fig. 2: The Gaussian function g(t,o =1) and its derivatives.
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Fig. 3: The Fourier transforms of the Gaussian function
gt,o=1) and its 1% and 2" derivatives. The Fourier

transform of the Gaussian 1% derivative g'(t,o) is purely
imaginary, as indicated here by the dashed curve.
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The Fourier transform of the Gaussian function is also a Gaussian:

G(w,0) = [ dte g(t,0) =g @)
Fig. 3 displays this Fourier transform and those of the 1% and 2™
Gaussian derivatives for o = 1. Eq. (4) imply that convolution of a
signal with a Gaussian is equivalent to low-pass filtering of that

signal.
The 2-D circular Gaussian function is defined as:
g(X,y,O') :%e*(xhyz)/zgz (5)
2o
The Gaussian images of a given image are calculated as follows:
Lxy,0)=g(x,y, o) *1(x,y) ©6)
where o is different scales and (*) indicates the convolution
operator.

After calculating the three multi-resolution images for a given
image we perform the LBP operation on each image. To reduce the
feature dimension we selected the rotational invariant uniform two
patterns for LBP calculation.

The uniform pattern refers to the uniform appearance pattern
which has limited discontinuities in the circular binary
presentation. In this paper, the pattern which has less than or equal
to two discontinuities in the circular binary presentation is
considered as the uniform pattern and remaining patterns
considered as non-uniform patterns.

Fig. 4 shows all uniform patters for P=8. The distinct values for
given query image is P(P —1)+3by using uniform patterns. But
these features are not rotational invariant.

The rotational invariant patterns (LBP;'y’) can be constructed by

adding all eight patterns in the each row of Fig. 4 as shown in Fig.
5. The distinct values for a given query image is P +2 by using
rotational invariant patterns (LBPR,'s’) .

After collecting the multi-resolution LBPs we calculated the joint

histogram between them for feature extraction. Hence, the feature
vector length of the proposed method at P=8 is 10x10x10 (=1000).
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Fig. 4: Uniform patters when P=8. The black and white dots
represent the bit values of 1 and 0 in the LMEBP operator
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Fig. 5: Rotational variant LMEBP patterns are converted into
rotational invariant LMEBP patterns

4.PROPOSED SYSTEM FRAMEWORK

In this paper, we proposed the new technique by calculating the
joint histogram between the multi-resolution rotational invariant
LBP subimages. Finally, feature wvector is constructed by
concatenating the features collected using joint histograms.

Algorithm:

Input: Image; Output: Retrieval results.

1. Load the input image.

2. Calculate the three multi-resolution
Gaussian filter bank.

3. Calculate the LBP on each multi-resolution image and
make them into rotational invariant.

images using

4.  Calculate the joint histogram between them.
5. Form the feature vector by concatenating histograms.
6. Calculate the best matches using Eq. (7).
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7. Retrieve the number of top matches.

4.1 Similarity Measurement

In the presented work d; type of similarity distance metric is used
as shown below:

D, Distance

ol f.—f .
D(Q.T):Z T )

=1+ + lei

where Q is query image, Lg is feature vector length, T is image in
database; f,; is i" feature of image | in the database, fy; is

i" feature of query image Q.

5. EXPERIMENTAL RESULTS AND
DISCUSSION

In order to analyze the performance of our proposed method for
image retrieval the experiment is conducted on MRI medical
image database. Results obtained are discussed in the following
subsections.

The abbreviations for extracted features are given below:

LBP: well-known LBP features

GLBP: LBP with Gabor transform

DBWP: Directional Binary Wavelet Patterns

Joint_LBP_Mu: Joint multi-resolution LBP histograms.

In this experiment, each image in the database is used as the query
image. For each query, the system collects the n database images

X = (X, Xy eevennne , X,) with the shortest image matching distance
is given by Eq. (7). If x;i=12,....n belong to the same category

of the query image, we say the system has correctly match the
desired, otherwise the system has failed.

The average precision judges the performance of the proposed
method which is shown below:

For the query image Iq , the precision is defined as follows:

P(Iq,n):%%‘5(®(Ii),(I)(Iq))|Rank(Ii, Iq)gn‘ ®)

where ‘n’ indicates the number of retrieved images,

DB| is size of

image database. ®(x) is the category (G) of X

Rank(l;,1,) returns the rank of image |; (for the query image I, )

among all

1 D(l)=d(I
5(<1>(|i),q>(|q))={ (1) _ (),

0 Otherwise
The Open Access Series of Imaging Studies (OASIS) [32] is a
series of magnetic resonance imaging (MRI) dataset that is
publicly available for study and analysis. This dataset consists of a
cross-sectional collection of 421 subjects aged 18 to 96 years. The
MRI acquisition details are given in Table 1.
For image retrieval purpose we grouped these 421 images into four
classes based on the shape of ventriculars in the images. Fig. 6
depicts the sample images of OASIS database (one image from
each category).

images of |DB| and
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Table 1: MRI data acquisition details [32]

MP-
Sequence RAGE
TR (msec) 9.7
TE (msec) 4.0
Flip angle (0) 10
TI (msec) 20
TD (msec) 200
Orientation Sagittal
Thickness, gap
(mm) 1.25,0
Resolution 176%208
(pixels)

Fig. 6: Sample images from OASIS database (one image per
category)

Table 2: Results of all techniques in terms of Precision on
OASIS Database
PM: Joint LBP_Mu

Precision (%) (n=10)
Group | Group | Group | Group
1 2 3 4 Total
LBP 51.77 | 3254 | 33.82 | 49.06 | 42.63
GLBP 5443 | 37.94 | 26,51 | 46.03 | 42.42
DBWP 52.74 | 37.74 | 3438 | 60.00 | 47.05
PM 59.59 | 4549 | 39.20 | 50.09 | 48.07
n—Number of top matches considered
N P
S5 - i "LBP E
=90 i mGLBP '
%857 EIDBWP :
5807 i :
Zos
E70-
S 65
ﬁGOf
%55—
#s0
245

40 -

1 2 3 4 5 6 7 8 9 10

No. of top matches Considered
Fig. 7: Comparison of proposed method (Joint_LBP_Mu) with
the other existing methods as a function of number of top
matches considered on OASIS database

Table 2 shows the performance of various methods in terms of
precision on OASIS-MRI database. Fig. 7 illustrates the
performance of various methods in terms of average retrieval
precision as a funtion of number of top matches considered. From
Table 2 and Fig. 7, it clear that the proposed method shows a better
performance as compared to other existing methods in terms of
precision on OASIS-MRI database. Fig. 8 illustrates the query
results of the proposed method on OASIS-MRI database.
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(b)

Query

Fig. 8: Query results of the proposed method on OASIS-MRI
database.

6. CONCLUSIONS

A new image indexing and retrieval algorithm is proposed in
this paper by calculating the joint histogram between the multi-
resolution subimages. The multi-resolution images are calculated
using Gaussian filter bank at different standard deviation. The
experimentation has been carried out on OASIS-MRI database for
proving the worth of our algorithm. The results after being
investigated show a significant improvement in terms of their
evaluation measures as compared to LBP, GLBP and DBWP
features.
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