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Abstract

Authors have proposed novel multi-dimensional multi-directional mask maximum edge patterns for the bio-medical image
retrieval. Standard local binary patterns encode relationship of neighbor pixels with center pixel. Local mesh patterns encode
the relationship between adjacent pixels surrounding the center pixel. Proposed approach encodes relationship of neighbour
pixels in adjacent planes of a multi-dimensional image, in three stages. In the first stage, five sub images are formed by
traversing in five different directions on three planes of a multi-dimensional image. In the second stage, directional masks are
applied on each sub image to find directional edges. In stage three, maximum edge patterns are found based on the directions
of the directional edges. To examine performance analysis of the proposed algorithm, we tested proposed algorithm on
three benchmark databases, which gives retrieval accuracy 56.93% for top 5 images, 93.36 and 62.49% for top 10 images
on MESSIDOR (Retinal images), VIA/I-ELCAP (CT images) and OASIS-MRI databases respectively in terms of average
retrieval precision. The comparison reflects, there is considerable improvement in the performance.

Keywords Local binary pattern (LBP) - Local mesh pattern (LMeP) - Multi-dimensional multi-directional mask maximum

edge patterns [(MD)*MaMEP]

1 Introduction
1.1 Motivation

In last few decades, there has been a rapid growth in severe
and critical diseases in India and all over the world resulting in
increasing need of expert medical services in urban as well as
in remote places especially in developing countries. In areas
where general clinical practices are present, we can provide
them a technological solution, which can assist those clinics
in bringing expert medical services to their help. Bio-medical
imaging has emerged as a very useful technological develop-
ment in medical diagnostic field. Biomedical imaging creates
visual representation of interior body parts that are useful for
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medical analysis and diagnosis. There are different types of
biomedical imaging modalities like computed tomography
(CT), magnetic resonance imaging (MRI), fundus imaging
etc. With these techniques in-hand, engineers can provide fur-
ther technological solutions to medical field. Content based
image retrieval (CBIR) is one of such technological solution
in which engineering and medical streams can work hand in
hand. CBIR works in two stages first is feature extraction
stage in which database image features are extracted to form
feature vector database. In second stage, similarity matching
is done in which distance of query image feature is measured
from each of the images in feature database. A detailed sur-
vey on CBIR is discussed in [8,18,33].

Different CBIR methods proposed are discussed in [2,
3,5,16,17,27,30,31,35,43]. Biomedical images have domi-
nant spatial features, which led us to use local patterns for
image indexing and retrieval as local patterns encode spa-
tial information of an image. Different existing local pattern
methods [4,7,9-14,22-26,36—42] are discussed in state of
the art section, which are used for image retrieval. Proposed
feature descriptor has a different approach for encoding the
image spatial information. We traverse the image in multi-
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dimensional planes and in multi directional manner to encode
the relationship of neighboring pixels in an image.

1.2 Related work

Mathieu et al. [17] proposed a method for CBIR that used
adapted wavelet and weighted distance between signatures.
These weighted distances are obtained from computing sig-
nature distance between the query and database images.
Kenneth et al. [35] proposed a method to retrieve retinal
images from a retinal image database in which they esti-
mated the posterior probability of K-NN. They made use of
weighted summation of the similarity between query vector
and neighboring indexes. Quellec et al. [30] used optimized
wavelet transform to generate a signature for each image.
These image signatures are later used for retrieval. Javed et al.
[2] used scaled invariant feature transform (SIFT) and bag-of-
words (BoW) model together to describe and differentiate 3D
images of computed tomographic colonography computer-
aided detection (CTCCAD). They used Euclidean distance
metric for similarity matching of the BoW histograms to
determine the similarity between the query image and an
image in the database. Baby et al. [3] proposed a method
for content-based image retrieval using dual-tree complex
wavelet transform (DT-CWT) for MESSIDOR database
of fundus images along with generalized Gaussian model
(GGD) and Kullback—Leibler divergence (KLD) measure-
ment. Naguib et al. [27] proposed a method for content based
image retrieval of diabetic macular edema (DME) Images. In
which they divided the macula into three concentric regions
then they used texture discontinuities of these regions to rep-
resent lesions in retina. The distance measure gives higher
weights to lesions closer to the fovea to reflect the severity of
DME. Chi etal. [5] proposed content-based image retrieval of
multiphase CT images for focal liver lesion characterization
in which they used hybrid generative-discriminative focal
liver lesions (FLLs) detection method to extract multiphase
density and texture features and a non-rigid B-spline regis-
tration method for localizing FLL on multiphase CT scan.
Romero et al. [31] proposed a new method for detection
of microaneurysms. They applied bottom-hat transform to
remove reddish regions. Later they applied hit-or-miss trans-
form to remove blood vessels from Rols. Murala et al. [22]
proposed directional binary wavelet patterns for Bio-medical
Image indexing and retrieval. They used binary wavelet trans-
form (BWT) to extract feature from multi-resolution binary
images using local binary patterns. Murala et al. [24] pro-
posed local ternary co-occurrence patterns, which encodes
the co-occurrence of similar ternary edges and extracts fea-
tures by applying Gabor transform. Bala et al. [4] proposed
local texton XOR patterns (LTxXORP) in which they first
found texton image by converting RGB image to HSV
image. Then they applied XOR operation between center
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pixel and surrounding pixels to find LTxXORPs and finally
these LTxXORPs and HSV histogram are used to form a
feature vector. Deep et al. [7] proposed Directional local
ternary quantized extrema patterns (DLTerQEP) for biomedi-
cal image retrieval in which they encoded spatial relationship
between center pixel and neighbor pixels in any given direc-
tions (i.e., 0°, 45°, 90° and 135°). Verma et al. [36] proposed
local tri-directional patterns for image retrieval wherein they
encoded the relationship of local intensity of pixels based on
three directions in the neighborhood. Murala et al. [23] pro-
posed local tetra patterns, which encode the relation between
selected referenced pixel and its neighbors based on the direc-
tions that are calculated using first order derivatives in vertical
as well as horizontal directions. Murala et al. [25] proposed
local mesh patterns where they decide a referenced pixel
in an image; locate its surrounding neighbors, later encoded
relationship among located neighbors. Murala et al. [26] pro-
posed spherical symmetric 3-D local ternary patterns where
they encode relationship of surrounding neighbors extracted
from five selected directions in 3D planes (R—-G-B planes)
with center pixel. Vipparthi et al. [37] proposed local direc-
tional mask maximum edge patterns (LDMaMEP) in which
they collected maximum edge patterns (MEP) and maximum
edge position patterns (MEPP) from the magnitude direc-
tional edges of an image. Vipparthi et al. [41] proposed color
directional local quinary patterns (CDLQP). CDLQP extracts
the channel wise directional edge information between refer-
ence pixel and its surrounding neighbourhoods on individual
R, G and B planes by computing its grey level difference
based on quinary values. Vipparthi et al. [38] proposed dual
directional multi-motif XOR patterns in which they used one
standard 22 grid at a distance two and four 13 smart grids
along dual directions for new motif representation which then
undergoes XOR operation to generate multi-motif XOR pat-
terns. Vipparthi et al. [40] proposed directional local motif
XOR patterns (DLMXoRPs). They calculated motif using 13
grids to extract all directional information later XOR opera-
tion is applied on transformed new motif images. Vipparthi et
al. [39] proposed local Gabor maximum edge position octal
patterns (LGMEPOP). In this method they found maximum
edge positions (MEP) on Gabor responses which gave eight
edges based on relationship between referenced pixel and
its neighbors. LGMEPOP uses first three dominant MEPs
to generate octal codes which are later encoded into octal
patterns. Vipparthi et al. [42] proposed multi-joint histogram
based modeling. In this approach they constructed joint cor-
relation histograms between the motif and texton maps.
Vipparthi et al. [37] proposed local extreme complete trio
pattern (LECTP) that uses integration of local extreme sign
trio patterns (LESTP) and magnitude local operator (MLOP).
These patterns extract complete extreme to minimal edge
information in all possible directions using trio values. Dubey
et al. [11] proposed multichannel decoded local binary pat-
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terns in which they used adder and decoder based schemes
for combination of LBPs from different channels. Dubey et
al. [10] proposed local bit plane decoded pattern (LBDP)
where they calculated local bit-plane transformed values for
each image pixel using its neighboring pixels bit-plane binary
contents. Then LBDPs are generated by using difference of
center pixel intensity and the transformed values. Dubey et al.
[9] proposed local wavelet pattern (LWP) for image retrieval.
They first used neighbor pixel relations for local wavelet
decomposition. Relationship of these decomposed values
with the transformed center pixel value is encoded to find
the LWP. Yao et al. [44] proposed LEPSEG for segmentation
of image and LEPINV for retrieval of image. The LEPSEG
and LEPINV methods differ in sensitivity to variations in
rotation and scale is sensitive. Sastry et al. [32] proposed an
image retrieval algorithm using the scale invariant (SI) and
rotation invariant (RI) Gabor Texture (GT) features. The indi-
vidual RI and SI Gabor representations are obtained doing
some modification in the conventional operation on Gabor
filters. Marko et al. [15] modified conventional LBP to find
the center-symmetric local binary pattern (CS-LBP) which
significantly reduces the feature vector length. Moghaddam
et al. [21] proposed an image indexing and retrieval method
based on combination of multiresolution image decomposi-
tion and color correlation histogram in which they computed
wavelet coefficients of image using Gabor wavelet and later
computed one-directional autocorrelograms of the wavelet
coefficients to form an index vector. Moghaddam et al. [20]
proposed enhanced Gabor wavelet correlogram in which they
optimized gabor wavelet features using quantization thresh-
old later computed autocorrelogram of the quantized wavelet
coefficients to store as index vector. Heikkil et al. [15] did
local region matching using the CS-LBP which reduced the
dimension of the LBP.

Most of the above-discussed methods have used texture
information of single plane of image as dominant informa-
tion. The proposed approach traverses three planes of an
image in five different directions to collect multi-dimensional
texture information, so we get detailed features for compar-
ison.

1.3 Main contribution

Proposed multi-dimensional multi-directional mask max-
imum edge patterns (MD?MaMEP) approach takes into
consideration the fact that, biomedical images have domi-
nant spatial information. Considering texture as a dominant
feature, our method encodes the texture information from
neighbouring planes in five different directions. Proposed
multi-dimensional multi-directional approach helped us to
encode more detail texture information of the image. We have
carried out three experiments on three different databases
namely MESSIDOR [6] a diabetic retinopathy database,

OASIS MRI [19] database, and VIA/I-ELCAP CT [1]
database. Experimental results are given in results and dis-
cussion section.

Arrangement of paper is as follows: Sect. 2 gives intro-
duction to some existing local patterns which inspired us
for our approach. Section 3 gives detail description of our
methodology. Section 4 contains discussion of our experi-
mental results. Section 5 gives concluding remarks.

2 Local patterns

2.1 Local binary patterns

Ojala et al. [28,29] proposed local binary patterns (LBP) for
texture classification. LBP encodes the relationship of center

pixel with the neighbor pixels. The relationship is calculated
using (1) and (2).

P
LBPpr =Y 2"V x fi(l, — L) ey
n=1
1 x>0
fit) = {O otherwise &

where I, I. indicate pixel intensity of neighbor pixel and
center pixel respectively. P indicates number of neighbors
and R indicates radius of neighborhood.

2.2 Local mesh patterns

Murala et al. [25] proposed new image retrieval approach
using local mesh patterns (LMeP). LMeP is calculated based
on the relationship of neighbors with the given center pixel
in an image. The LMeP calculation is carried out using (3).

»
LMePlpg = 207D x fi(gr — gir) 3)

n=1
a=1+mod(n+p+k—1), P); YVk=1,2,..., (g)
where k represents LMeP index and mod (x, y) returns the
remainder for x/y operation. P indicates number of neigh-
bors and R indicates neighborhood radius.

2.3 Local directional mask maximum edge patterns
(LDMaMEP)

Vipparthi et al. [37] proposed new image retrieval approach
using LDMaMEDP in which they first obtain directional edges
of image using directional masks, which are later used for
collecting maximum edge patterns (MEP), and maximum
edge position patterns (MEPP). These MEP and MEPPs are
used as feature vectors that are later used for image retrieval.
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Fig.1 Formation of five sub-grids using 3D approach

3 Methodology
3.1 Gaussian filter bank

If the input image [ is a color image, then we use R—-G-B
planes separately to derive five directional images. But if the
image I is gray image then we used Gaussian filter bank with
different standard deviations to derive three Gaussian images
using (4) and (5):

Gx,y,0)=

202 4
2mol’ @)

For different values of o i.e. ol, 02, 03 we convolve
G(x,y, o) with I(x, y) as given in (5):

I(0) =Gx,y,0)*1(x,y) (&)

These three Gaussian images are used as three planes of the
original image and using (7)—(11) five directional images are
derived.

3.2 Proposed approach

In proposed multi-dimensional multi-directional approach,
we extract color sub-grid (D3x3x p) from a input color image
I (m, n, p) using (6)

D(ri,c1,p)=1(m+t, n+t, p) (6)
Yix,y,p)e{l,2,3}; t=—1:1

After sub grid extraction, we traverse (D3x3x p) in five sym-
metric directions to form five-sub grid of size 3 x 3 each as
shown in Fig. 1 and calculated using (7)—(11):
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Fig.2 Eight standard directional masks used to find directional edges

Ii(r1,c1) = D(r1,¢1,2) (7N
Lri,en) =[DQ, i, en]” ®)
I3(ri,c1) = D(r1,2,c1) ©
I4(r1, c1) = D(r1,r1, ¢1) (10)
Is(ri,c1) = D(r1,4 —ri, c1)

Y(ri,cy) €{1,2,3}; (11)

where, sub-grid is G-plane of (D3x3xp), I sub-grid is
derived by traversing 2nd row of all the three planes of sub
grid (D3x3xp), I3 sub-grid is derived by traversing 2nd col-
umn of all the three planes of image (D3x3xp), I4 sub-grid
is derived by traversing diagonally on all the three planes of
image (D3x3xp), Is sub-gird is derived by traversing anti-
diagonally on all the three planes of image (D3x3xp).

These five directional images are then applied with direc-
tional masks, which will produce directional edges. There
are eight standard directional masks as shown in Fig. 2.
These directional masks are convolved with the five sub grids
obtained from (7)—(11). Each one of the five images will pro-
duce an eight-element directional edge vector. So, there will
be five directional edge vectors. These directional vectors are
calculated using (12)

3 3
Dir(a, B) =Y Y [la(i, j) x Mag(i, )]
i=1 j=1

Va €{1,2,3,4,5}; and VB € {1,2,3,...,8} (12)

where, I, is ath directional sub-grid and Mag is Sth mask
(shown in Fig. 2) applied on the sub-grid.

The directional edges are then sorted (considering mag-
nitudes) and stored (actual values) in descending order as
shown in (13), then if the value is positive then it is replaced
by 1 else it is replaced by 0 as given in (16).
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Fig.3 MEP and MEPP calculations

DSD“(, B) = m;xkuDir(oc, A (13)

POS(a, B) = arg(mgx"uDir(a, A (14)
_ [ 1DSD(, B) = 0

flo.p) = {O otherwise (13)

Vo € {1,2,3,4,5); and VB € {1,2,3,...,8)

where, mﬂaxk(|Dir(o¢, B)]) gives kth maximum value from

vector Dir irrespective of its sign over the range of 8, and
arg(mglxk(lDir(ot, B)])) gives index of the kth maximum

value from vector Dir irrespective of its sign over the range
of 8. In DSD vector, actual values of directional vectors are
stored in descending order and in POS vector [calculated
using Eq. (14) ] the respective index of the directional value
is stored. Using directional vectors in (13), binary patterns
are derived using (16). Later MEP is calculated using (16)
and by using respective positions of the directional edges
from (14) MEPPs are calculated with help of (17). Pictorial
explanation of MEP and MEPP calculation is given in Fig. 3.

8
MEP(@) = Y 2771 x f(a. B)
p=1

(16)

MEPP” (&) = 8 x (pos(a, B1) — 1) + (pos(a, B1 + 1) — 1)
Vo €{1,2,3,4,5}); Vy €{1,2,3,4} and
Bi=2x(y—-D+1; (17)

For 3 x 3 grid segment there will be one MEP and four
MEPPs. MEP values range from 0 to 255 and MEPP values
range from O to 63. For one directional image there will be
256 + 4 x 64 (one MEP and four MEPP) feature vector
length. So, for five directional images it will produce five

feature vectors of one MEP and four MEPPs each i.e. there
will be 5 x 512 feature vector length for an image.

3.3 Similarity measurement

In the proposed feature extraction algorithm, representa-
tion of feature vector for query image (Q) is, fqo =
[fQ;s fQs» fQss -+ fonl. Similarly, the feature vector for
dataset images is represented as, fDB,, = | fDB,)l, fDsz,
foB,,s - foB, ] where, p = (1,2, ..., DB) For similar-
ity matching, d; similarity distance metric is used which is
computed using (18):

fDBP.q — qu

N
D(Q,DB) = Z 1+ fos,, + fq,

g=1

(18)

where, Q is the query image, N is the length of feature vector,
DB is database image, fps,, is gth feature of pth image in
the database, fq, is gth feature of query image. Our main aim
is to choose n top images that are similar to query image.

4 Results and discussions

We performed experiments on three different databases
namely MESSIDOR [6] a diabetic retinopathy database,
OASIS MRI [19] database, and VIA/I-ELCAP CT [1]. For
all the three different databases we worked on 3D plane.

The performance is evaluated in terms of Precision [aver-
age retrieval precision (ARP)], and Recall [average retrieval
rate (ARR)] which are calculated using (19)—(22).

Nr NN,
Precision : P(Iy) = ZROTRT (19)
nRT
1 DB
ARP = — > Pl (20)
n=1 n<10
Nr NN
Recall : R(1y) = SR RT (21)
nR
1 DB
ARR = — Zl R(I,) (22)
-

n>10

where, NR is set of all relevant images in the database, Nrr
is set of all retrieved images from database, Nr N Ngrt gives
total number of relative images retrieved. nr is number of
relevant images, nrr is number of retrieved images, [; is
ith query image and total number of images in database is
denoted by DB.

For performance analysis of proposed method, different
state-of- art methods are used which are: LBP [29], DT-
CWT+GGD [11], LDMaMEP [37], GLBP [29], DBWP
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Table 1 Number of images in

No. of images

Specification

each retinopathy-grading group Grading groups
Group 0 546
Group 1 153
Group 2 247
Group 3 254
Total 1200

(Normal)

0O < pA<5)and (H =0)

5 <pnA<15/(0 < H <5)and (NV =0)
(LA > 15)/(H = 5)and (NV = 1)

Table2 Comparison of group-wise and average precision with existing
methods for MESSIDOR retinal database

Method GroupO0 Groupl! Group2 Group3 Mean
CWT 66.7 34.32 42.75 45.23 53.08
LBP 65.78 36.9 44.85 43.88 53.15
DT-CWT 64 35 40 56 53.7

LDMaMEP 65.79 37.42 41.62 46.67 53.13
VLDTP 70.03 34.06 41.94 51.58 55.73
MD?MaMEP  69.27 37.55 45.83 53.02 56.93

Table 3 Group-wise retrieval precision of [(MD)?MaMEP] compar-
ison with other existing state-of-the-art feature descriptor on OASIS-
MRI database

Method Precision (%) (n = 10)

Groupl Group2 Group3 Group4 Mean
LBPu2_8 51.77 32.54 33.82 49.06 42.63
LBPu2_16 52.58 38.43 31.68 51.13 44.37
LBP 45.88 42.64 33.70 49.53 43.44
GLBPu2_8 54.43 37.94 26.51 46.03 42.42
GLBP 61.12 41.17 29.43 48.11 46.31
GLBP 72.01 31.37 32.36 47.83 47.69
DBWPu2_8 52.74 37.74 34.38 60.00 47.05
DBWPu2_16 57.74 34.70 30.78 66.69 48.71
DBWP 52.98 37.15 37.42 71.79 50.59
LMePu2_8 52.82 36.57 36.08 51.51 44.96
LMeP 57.82 42.84 39.89 60.38 50.40
LMeP 60.32 41.27 37.51 56.23 49.00
GLMeP 66.13 44.90 43.39 68.30 56.34
GLMePu_16  64.84 40.49 37.20 69.72 53.54
GLMeP 60.08 40.78 38.62 68.49 52.54
LDMaMEP 66.77 45.98 41.73 76.99 57.87
SS-3D-LTP 60.00 42.25 39.47 71.60 53.56
MD?MaMEP  69.52 50.59 48.31 77.64 62.49

[22], LMeP [25], GLMeP [25], INTH [34], GLCM1 [34],
GLCM2 [34], first four central moments of a Gaussian filter
bank with four scales (GFB) [34], SS-3D-LTP [26].
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4.1 Result analysis on MESSIDOR database

In this experiment we applied our proposed method to
MESSIDOR [6] database which consists of 1200 retinal
images captured from patients of diabetic retinopathy. These
images are divided into four groups based on the sever-
ity of disease. These images are available in three sizes
1440 x 960, 2240 x 1488 and 2304 x 1536. All the image
are annotated with retinopathy grades and the specifications
of retinopathy that are based on number of micro-aneurysms,
hemorrhages and the sign of neovascularization prsent in the
image which is given in Table 1. Images in which the above
abnormalities are absent are considered as normal images.

In this experiment top five images are retrieved for given
query image. The comparison of group-wise precision as well
as average precision with other existing state-if-the-art meth-
ods is illustrated in Table 2. It is clear that proposed method
shows considerable improvement in ARP as compared to
existing methods . If we compare (MD)2MaMEP with the
previous method DT-CWT we get noticeable improvement
from 53.7 to 56.93% in ARP. Whereas, if we consider local
directional mask maximum edge patterns (LDMaMEP) we
get satisfactory improvement from 53.13 to 56.93% in ARP.
Also, if we consider volumetric local directional triplet pat-
terns (VLDTP) we get improvement from 55.73 to 56.93%
in ARP.

4.2 Result analysis on OASIS-MRI database

This experiment is carried out on OASIS-MRI [19] database,
which is publically available and consists of 421 images
recorded from patients aged between 18 and 96 years. For
experimental purpose these images are divided into four
groups based on shape of ventricular in the images, each
group has 124, 102, 89, 106 images respectively. Exper-
imental results of proposed feature descriptor in terms of
ARP is compared with other existing methods is depicted in
Table 3. From Table 3, it is that there is significant improve-
ment in ARP for individual groups as well as in overall ARP
also. The retrieval results of proposed feature descriptor with
considering top n images is compared with other existing
state-of-the-art feature descriptor is gvien in Table 4. When
proposed method [(MD)2MaMEP] is compared with other
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Tab[efl Average retrlevgl Method Number of top matches considered

precision (ARP) comparison of

proposed feature descriptor 1 2 3 4 5 6 7 8 9 10

[(MD)2MaMEP] for number of

top matches considered with LBPu2_1 100 69.48 5843 5273 50.12 47778 46.05 44.63 4331 42.64

other existing state-of-the-art GLBPu2_1 100 69.00 5930 5327 4931 4743 4486 43.82 4283 4242

feature descriptor on DBWPW2_ I 100 7328 6342 5885 5487 5206 50.66 4941 4832 4705

OASIS-MRI database
LMePu2_1 100 71.73 6215 57.13 5278 50.00 48.05 46.85 4587 4496
GLMePu2_1 100 76.84 6920 6496 62.09 60.29 58.67 58.19 5732 56.34
LBPu2_ 2 100 72.80 61.52 56.18 5249 4996 48.15 4650 4532 4437
GLBPu2_2 100 7245 61.52 5641 5292 51.07 49.10 47.60 4693  46.32
DBWPu2_2 100 73.16 6445 6033 56.58 53.80 52.05 50.62 49.64 48.72
LMePu2_2 100 7470 63.66 5855 5549 5408 5256 5140 50.70  50.40
GLMePu2_2 100 76.37 67.70 6330 60.81 5831 56.87 55.67 54.63 53.54
LBPu2_3 100 70.67 60.49 5529 51.59 49.13 47.13 45.69 4439 4344
GLBPu2_3 100 7126 6255 5730 5454 5234 5120 49.76 4843  47.70
DBWPu2_3 100 74.82 6690 6134 5872 56.06 5497 53.00 5157 50.59
LMePu2_3 100 72.68 6453 59.50 55.87 5352 5222 50.65 4941 @ 49.00
GLMePu2_3 100 7553 6627 61.16 58.62 56.37 5477 5392 53.15 52.54
MD’MaMEP 100 81.47 7387 70.19 6784 6671 6552 6390 63.37 62.49

Table 5 Comparison Cff Method Number of top matches considered

proposed feature descriptor

[(MD)2MaMEP] in terms of 10 20 30 40 50 60 70 80 90 100

average retrieval precision

(ARP) for number of top GLCM1 6337 5311 4696 4295 3972 37.17 3496 3289 31.11 29.63

matches considered with other GLCM2 65.07 5533 49.62 4541 42.15 3935 3694 3481 3297 31.38

existing state-of-the-art feature GFB 4890 4137 36.66 3348 31.00 29.03 2749 2619 2515 24.19

descriptor on VIA/I-ELCAP CT

database GLBPu2 8478 78.01 73.03 6891 6550 6237 5932 5644 5360 50.99
GLMePu2 88.48 80.78 7558 7142 6792 6494 62.13 59.68 5720 54.56
MD?’MaMEP  93.36 87.37 83.21 79.63 7631 73.01 69.96 6678 63.57 60.40

Table 6 Comparison O.f Method Number of top matches considered

proposed feature descriptor

[(MD)2MaMEP] in terms of 1 2 3 4 5 6 7 8 9 10

average retrieval recall (ARR)

for number of top matches INTH 6.08 10.27 13.76 1690 19.62 22.03 24.14 26.04 27.78 29.40

considered with other existing GLCM1 634 10.62 1409 17.18 19.86 2230 2447 2632 28.00 29.63

state-of-the-art feature GLCM2 651 1107 1489 1816 21.08 2361 2586 2785 29.68 31.38

descriptor on VIA/I-ELCAP CT

database GFB 4.89 827 11.00 1339 1550 17.42 1924 2095 22.63 24.19
LBP 792 1475 21.08 2676 32.03 36.81 4125 4537 48.88 51.92
LMePu2 833 1530 2159 2722 3242 3723 41.69 4581 4944 5270
MD?>MaMEP 934 17.47 2496 3185 3816 4381 4897 5342 5722 60.40

existing methods i.e. with LDMaMEP and SS-3D-LTP, we
get noticeable improvement in ARP from 57.87 to 62.49%
and from 53.32 to 62.49% respectively. From this experi-
mentation, we can say that there is significant increment in
overall ARP for number of top matches considered.

4.3 Result analysis on VIA/I-ELCAP CT database

Experiment 3 is performed on VIA/I-ELCAP CT database
[1] which is a publically available database jointly created
by vision and image analysis group (VIA) and international
early lung cancer program (I-ELCAP). These CT images are
of 512 x 512 resolutions and are recorded in digital imag-
ing and communications in medicine (DIACOM) format. We
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used 1000 such images of CT scans which are in total 10 scans
of 100 images in each scan.

Experimental results in terms of ARP and ARR are
compared with other existing methods to analyze the effec-
tiveness of proposed feature descriptor is given in Tables 5
and 6. Proposed method [(MD)?>MaMEP] when compared
with other existing methods i.e. with LMeP and GLMeP,
proposed method achieve noticeable improvement in ARP
from 52.69 to 60.40%. and from 54.56 to 60.40 % (n = 100
top matches) respectively. We get 93.36 and 60.40% ARR
for top 10 matches.

5 Conclusion

We have proposed a novel approach for Bio-medical image
retrieval which is tested on three publicly available standard
Bio-medical databases. The proposed method is novel in
encoding the relationship of neighbors, it considers multiple
dimensions of an image to encode the local depth informa-
tion, further it accesses the local information in multiple
directions and finds directional edges, and due to this process
our method is able to retrieve images accurately. Whereas
other methods in literature mostly consider one dimensional
image information for encoding resulting in less retrieval
accuracy, e.g. LMeP encodes the relationship of adjacent
neighbors whereas our proposed (MD)?MaMEP encodes
the relationship of neighbors in adjacent planes. We carried
out three experiments on three different publically available
bio-medical databases. We got 56.93% average precision
for (n = 5) MESSIDOR retinal database, 60.40% average
precision for (n = 100) and 93.36% average precision for
(n = 10) VIA/I-ELCAP CT database, and 62.49% average
precision for (n = 10) OASIS MRI database. Our method
gave us considerable improvement in ARP as well as ARR
compared to other existing methods on respective databases.
The proposed (MD)>MaMEP method can be further applied
to natural and texture databases.
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