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ABSTRACT

Content based image retrieval system for medical images is a
method of retrieving medical images based on similarity of
their visual contents. An efficient CBIR-MD system can help
the doctors in retrieving similar medical image from the
dataset to diagnose the disease efficiently. In this paper, a
system is proposed in which query image is divided into equal
size sub-blocks. The feature extraction of each sub-block is
carried out using Haar wavelet and Fourier descriptor. A
matching scheme based on Most Similar Highest Priority
(MSHP) principle and the adjacency matrix of bipartite graph
partitioning (BGP) formed using sub-blocks of query and
target image, is provided for matching the image. The
performance of proposed system is investigated in terms of
precision-recall.

Keywords: Content Based Image Retrieval for Medical
Databases (CBIR-MD), Fourier Descriptor (FD), Haar
Wavelet (HW), Euclidean Distance (ED), Canberra Distance
(CD), Bipartite Graph Partitioning (BGP).

1. Introduction

Content based image retrieval (CBIR) is an automatic retrieval
of images generally based on some particular properties such
as color composition, texture and shape [1, 2]. Every day large
volumes of different types of medical images such as dental,
endoscopy, skull, MRI, ultrasound, radiology are produced in
various hospitals as well as in various medical centres [3]. The
work on the CBIR for medical applications is gaining
attention recently, due to large number of medical images in
digital format generated by medical institutions every day [4].
Many of the CBIR systems have used global features [5, 6]
where a few others have used local features [7, 8]. The latter
approach may be used to segment the image into regions
based on color and texture features. The regions are close to
human perception and are used as the basic building blocks
for feature computation and similarity measurement. These
systems are called region based image retrieval (RBIR)
systems and have proven to be more efficient in terms of
retrieval performance [7]. To ensure robustness against
inaccurate segmentations, the integrated region matching
(IRM) may be used [9]. CBIR system for medical images may
employ graph partitioning like Bipartite graph in which query
image sub-blocks are compared with target image sub-blocks.

Deepak Sharma
ECE Department
M.M.Engg. College
M.M. University
Mullana(Ambala)

Manpreet Singh
CSE Department
M.M.Engg. College
M.M. University
Mullana(Ambala)

And from this graph adjacency matrix is formed [10, 11]. In
this paper, the main objective is to efficiently retrieve the
similar images, matching the query image form medical
databases by using bipartite graph partitioning along with
feature extraction and similarity measurement techniques.

The paper is organized as follows: the existing methods and
its related literature survey is presented in section 2. Section 3
outlines the proposed system. Section 4 presents the
experimental results. Finally, the paper is concluded in section
5.

2. Related Work

The need of efficient content based image retrieval systems
has increased. In picture archiving and communication system
(PACS), image information is retrieved by using limited text
keyword in special fields in the image header (e.g. patient
identifier)[12, 13]. The Image Retrieval for Medical
Applications (IRMA) project [8,9] aims to provide visually
rich image management through CBIR techniques applied to
medical images using intensity distribution and texture
measures taken globally over the entire image[13, 14]. Spine
Pathology and Image Retrieval System (SPIRS) [15, 16, 17]
provides localized vertebral shape-based CBIR methods for
pathologically sensitive retrieval of digitized spine x-rays and
associated person metadata. Image Map [18] is so far, the only
existing medical image retrieval that considers how to handle
multiple organs of interest and it is based on spatial similarity.
ASSERT [19] (Automatic Search and Selection Engine with
Retrieval Tools) is a content—based retrieval system focusing
on the analysis of textures in high resolution Computed
Tomography (CT) scan of the lung. In WebMIRS [20] system,
the user manipulates GUI tools to create a query. SPIRS-
IRMA [21] is a CBIR system is based on the merits of two
already existing systems SPIRS & IRMA). Histogram search
[5] characterize an image by its color distribution or
histogram. For traditional color layout indexing [5], images
are partitioned into blocks and the average color of each block
is stored. A later system WBIIS [22], uses Daubechies
wavelet coefficients instead of averaging. Region based
retrieval systems include the Netra system [23] and the
Blobworld system [24], both these systems compare images
based on individual regions. In [25], global Hue Saturation
Value (HSV) color and Gray Level Co-occurrence Matrix
(GLCM) texture features are used to retrieve the images. In
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[26], to find the matching between query and target image an
integrated matching procedure based on Most Similar Highest
Priority (MSHP) principal is used. In [27], author worked on
bipartite graph technique to achieve higher retrieval efficiently
using image and its complement.

3. Proposed System

The proposed system CBIR-MD/BGP image is an
enhancement of our previous research work [33] in terms of
bipartite graph partitioning and integrated image matching
technique. In this system, image is partitioned into four sub-
blocks of equal size 128x128 as shown in Fig. 1.We have used
Fourier descriptor and Haar wavelet techniques for feature
extraction. Euclidean distance and Canberra distance
techniques are used for similarity measurement. Section 3.4
reflects the working as well as milestone achieved after
completion of each discrete process in proposed enhanced
CBIR-MD system.

Fig. 1: Image partitioned into four blocks of equal size

3.1 Metrics for Feature Extraction

Fourier Descriptors

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 [28].
Consider a M point digital boundary, starting from an
arbitrary point (XoYo) then (Xyyi),...( Xw.1Ym-1) can be
generated. These coordinates can be represented in a complex
form as:

g(m)=x(m)+jy(m), m=0,1,2.M-1

The Discrete Fourier Transform (DFT) of g(m) gives

1 M-t —j2z
blk) = > alme """
m=0
k=0,1,2,.M-1

The complex coefficients b (k) are called Fourier descriptors
of the boundary.

Haar Wavelet

Haar Wavelets [29] are fastest to compute and simplest to
implement. In addition user queries tend to have large
constant-colored regions, which are well represented by this
basis. The technical disadvantage of Haar Wavelet is that it is
not continuous and therefore not differentiable.
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In proposed system, both Fourier Descriptor and Haar
Wavelet are used for feature extraction.
3.2 Metrics for Similarity Comparison
Distance metric is the main tool for retrieving similar images
from large medical databases. In proposed system Euclidean
distance [30] and Canberra distance [32] are used for the
purpose of similarity comparison.

ED = \/ igl(fq (i )—fdb (i ))2

Where f,(i) stands for i query image feature and fg(i) for
corresponding feature vector database. Here N refers to
number of images in database.

2 ‘Ui —Vi‘

i Joi[+ vl

Where u and v are both n-dimensional vectors.

3.3 Bipartite Graph Partitioning and
Integrated Image Matching

By using bipartite graph, matching is done by comparing each
sub-block of query image with each block of target image
only once. The labelled edges of the bipartite graph indicate
the distance between sub-blocks as shown in Fig. 2. A
minimum cost matching based MSHP principle [27, 10] is
performed for this graph. From bipartite graph, the distance
matrix is computed as an adjacency matrix as shown in Table
1, Table 2, Table 3 and Table 4. The minimum distance D (i,
j) between sub-block i of query image and sub-block j of
target image is computed. Then this distance is recorded and
row corresponding to sub-block i and column corresponding
to sub-block j is replaced by some high value say 999. The
purpose is to prevent sub-block i of query image and sub-
block j of target image from further participating in the
matching process. This process is repeated till every sub-block
finds a matching. The integrated minimum cost match
distance (D)  between images is defined as:

Canberra Distance(CD) =

And D (i, j) is the best match distance between sub-block i of
query image and sub-block j of target image.

Table 1. Adjacency matrix showing minimum cost match
at sub-block (i=1, j=1) based on MSHP

01929 51146 0.9465 1.1327
1.1880 | 0.6173 1.1182 0.8839
0.9007 1.0732 0.2679 1.1258
1.1487 0.8595 1.0847 0.3427

Table 2. Adjacency matrix showing minimum cost match
sub-block( i=3, j=3) based on MSHP

999.0000 999.0000 | 999.0000 | 999.0000

999.0000 0.6173 1.1182 0.8839

999.0000 10732 |c0.2679 .1258

999.0000 0.8595 1.0847 0.3427
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Table 3. Adjacency matrix showing minimum cost match
at sub-block (i=4, j=4) based on MSHP

999.0000 | 999.0000 | 999.0000 | 999.0000

999.0000 | 0.6173 999.0000 | 0.8839

999.0000 | 999.0000 | 999.0000 | 999.0000

999.0000 | 0.8595 999.0000 |Q.3427 >

Table 4. Adjacency matrix showing minimum cost match
at sub-block (i=2, j=2) based on MSHP

999.0000 | 999.0000 | 999.0000 | 999.0000

999.0000 | @6173 | 999.0000 | 999.0000

999.0000 | 999.0000 | 999.0000 | 999.0000

999.0000 | 999.0000 | 999.0000 | 999.0000

Minimum cost match distance :
D =0.1929+0.2679+0.3427+0.6173=1.4208

D(1,1)
il jl
i2 j2
i3 i3
i4 j4
D(4 .4)

Fig. 2: Bipartite graph representing 4 sub-blocks of query
and target image

3.4 Retrieval Process

The following steps are performed in the retrieval process:

Step 1:  Input query medical image.

Step 2:  Partition the image into four blocks of equal size.

Step 3:  Extract features by using Fourier Descriptor (FD) or
Haar Wavelet (HW) .
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Step 4:  Format/Collect the medical images from the medical
databases at a point.

Step 5:  Read medical images one by one.

Step 6:  Partition the image into four blocks of equal size.

Step 7:  Extract features by using Fourier Descriptor (FD) or
Haar Wavelet (HW) .

Step 8:  Construct bipartite graph for query and target image.

Step 9:  Matching of sub-blocks is performed using MSHP
principle.

Step 10: Form adjacency matrix from bipartite graph.

Step 11: From adjacency matrix, calculate integrated
minimum cost match distance.

Step 12: Finally, similarity measures Euclidean Distance
(ED)/ Canberra Distance (CD) technique are applied
for retrieval of images.

Step 13: Store the result.

Step 14: Perform sorting of the result.

Step 15: Display the corresponding medical images.

4. Experimental Study

4.1 Dataset for the Experiment

The functional code of proposed system is implemented using
MATLAB 7.8 on an Intel Core 2 duo, 2 GHz window based
laptop. The system is tested on three different dataset having
400 dental images, 1250 endoscopy images and 50 skull
images respectively.

4.2 Performance Parameters

Precision and Recall (P-R): The images are
retrieved and measured against P-R [31] as:

P Number of relevant images retrieved

Total number of images retrieved

R — Number of relevant images retrieved

Total number of relevant images in the database
where P is the ratio to measure accuracy and R is used to
measure robustness.

4.3 Experiments and Results
This section deals with the performance of proposed system
model (as shown in Fig 3).

Subject Test on Endoscopy Images Dataset:
The retrieval of images is observed for the database of 1250
Endoscopy images. The retrieval accuracy with FD/CD,
FD/ED, HW/CD and HW/ED along with bipartite graph
partitioning and integrated minimum cost matching is
observed and shown in  Table 5, Fig 4 and Fig 5.
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Fig. 3: CBIR-MD/BGP System Model
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Table 5. Precision-Recall Against Various Descriptors for Endoscopy Images
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Fig.4:Precision (%) comparison for Endoscopy dataset .
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Fig. 5: Recall (%) comparison for Endoscopy Dataset.

Techniques CBIR-MD [33] CBIR-MD/BGP
Feature Similarity Delay Precision | Recall Delay Precision | Recall
Extraction measurement | (Output) in % % (Output) in % %
Technique | Technique seconds seconds
FD CD 4-6 80 82 4-6 86 84
FD ED 22-26 74.2 74.0 20-24 78 76
HW CD 11-16 79.3 72 10-15 82 76
HW ED 4-8 79.8 80 4-6 83 82
The results obtained from these descriptors can be seen
through output screens of the developed system for any query
X image (represented by Fig. 6) in Fig. 7, Fig. 8, Fig. 9 and Fig.
80 1 10.
70 1
260
4 OCBIR-MD[33
050 1 M
» BCERMDBGP
g
o

ED= 0000 E£D= 000 0= 054 £0= 058 ED= 135

ED= 141 ED= 1551

Fig. 7: Retrieved Images from Endoscopy Dataset for the
Query using FD/ED
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Fig. 8: Retrieved Images from Endoscopy Dataset for the
Query using HW/ED
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Fig. 10: Retrieved Images from Endoscopy Dataset for the
Query using HW/CD

Subject Test on Dental Images Dataset: The
retrieval of images is observed for the database of 400 dental
images. The retrieval accuracy with FD/CD, FD/ED, HW/CD
and HW/ED along with bipartite graph partitioning and
integrated minimum cost matching is observed and shown in
Table 6, Fig 11 and Fig. 12.
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Fig. 11: Precision (%) comparison for Dental Dataset .
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Fig. 12: Recall (%) comparison for Dental Dataset.

The results obtained from these descriptors can be seen
through output screens of the developed system for any query
image (represented by Fig. 13) in Fig. 14, Fig. 15, Fig. 16 and

Fig. 17.

Fig. 13: Query Image for Dental Dataset
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Table 6. Precision-Recall Against Various Descriptors for Dental Images.

Techniques CBIR-MD [33] CBIR-MD/BGP

Feature Similarity Delay Precision Recall | Delay Precision Recall
Extraction | measurement | (Output) in | % % (Output) % %
Technique | Technique seconds in seconds

FD CD 4-6 74.6 72.2 3-5 79 73

FD ED 22-26 70.1 69.8 20-22 72 70.4
HW CD 11-16 73.1 70.2 9-11 74 72.2
HW ED 4-8 71.2 69.2 4-6 73 70

| ,
atf
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ED= 000 ED= 18% ED= 2062 ED= 2300 ED= 24%

4] § . oy

|
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Fig. 14: Retrieved Images from Dental Dataset for the
Query using FD/ED
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Fig. 16: Retrieved Images from Dental Dataset for the
Query using FD/CD
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Fig. 15: Retrieved Images from Dental Dataset for the
Query using HW/ED
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Fig. 17: Retrieved Images from Dental Dataset for the
Query using HW/CD

Subject Test on Skull Images Dataset: The
retrieval of images is observed for the database of 50 Skull
images. The retrieval accuracy with FD/CD, FD/ED, HW/CD
and HW/ED along with bipartite graph partitioning and
integrated minimum cost matching is observed is observed
and shown in Table 7 Fig. 18 and Fig. 19.
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Table 7. Precision-Recall Against Various Descriptors for Skull Images.

Techniques CBIR-MD [33] CBIR-MD/BGP
Feature Distance Delay Precis | Recall | Delay Precision Recall
Extraction Calculation | (Output) ion % (Output) % %
Technique Technique in seconds | % in seconds
FD CD 4-6 75.6 72.3 4-6 82 77.3
FD ED 22-26 70 68.2 22-24 76.2 74
HW CD 11-16 73.2 70.7 12-16 76 74.1
HW ED 4-8 74.1 72 4-8 78 75.2
%0 -
80 1
70+
Fe0
E o L BCBIR-MD[33]
@ BCBIR-MDIBGP
840 —
o

FDICD FDIED HWICD HWIED

Techniques

Fig. 18: Precision (%) comparison for Skull Dataset.
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Recall (%)
=
|
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Techniques Fig. 21: Retrieved Images from Dental Dataset for the

Query using HW/ED

Fig. 19: Recall (%) comparison for Skull Dataset.

The results obtained from these descriptors can be seen
through output screens of the developed system for any query
image (represented by Fig. 20) in Fig. 21, Fig. 22, Fig. 23 and
Fig. 24.
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FIG. 22: RETRIEVED IMAGES FROM DENTAL
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FIG. 23: RETRIEVED IMAGES FROM SKULL
DATASET FOR THE QUERY USING FD/CD
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FIG. 24: RETRIEVED IMAGES FROM SKULL
DATASET FOR THE QUERY USING HW/CD
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5. 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 these techniques, we have incorporated bipartite
graph partitioning and integraed minimum cost matching
technique. The experiment is performed on three different
datasets in order to measure the accuracy and robustness of
the system. The experiment results also confirms the
efficiency of proposed enhanced medical image retrieval
system.
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