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Abstract: In this study, an approach 1s described to content-based retrieval of medical images from a database
provide a preliminary demonstration of our approach as applied to retrieval of digital mammograms. In the
medical-imaging context, the ultimate aim of Content Based Image Retrieval (CBIR) is to provide radiologists
with a diagnostic aid in the form of display of relevant past cases, along with proven pathology and other
suitable information We propose a new hybrid approach to content-based image retrieval. Contrary to the
single feature vector approach which tries to retrieve similar images in one step, this method uses a two-step
approach to retrieval. Tn the first step, we propose the use of a neural network called Self Organizing Map
(SOM) for clustering the inmages with respect to their basic characteristics. In the second step, the GA based
search will be made on a sub set of images which were having some basic characteristics of the input query
image. We applied our approach to a database of high resolution mammogram images and show that this
method radically improves the retrieval precision over the single feature vector approach. To determine whether
our CBIR system 1s helpful to physicians, we conducted an evaluation trial with five radiologists. The results
show that our system using genetic algorithms retrieval doubled the doctors” diagnostic accuracy. Moreover,
this method is faster and has higher retrieval accuracy compared to the single stage methods.

Key words: Medical Image processing, medical image segmentation, region of interest, processing, CBIR,

genetic algorithm, SOM, clustering, classification and tumor detection

INTRODUCTION

Breast cancer remains to be a leading cause of death
among women mn the developed countries. Currently
mammography is the dominant method for detection of
breast cancer. Mammography 1s an x-ray examination of
the breast. It is used to detect and diagnose breast
disease in women who either have breast problems such
as a lump, pain, or nipple discharge, as well as for women
who have no breast complaints. The procedure allows
detection of breast cancers, benign tumors and cysts
before they can be detected by palpation (touch). The
sensitivity of mammography is approximately 90%
(Mushlin et al.,, 1998). In spite of the technological
advances In recent years, mammogram reading still
remams a difficult climcal task. Some breast cancers may
produce changes in mammograms that are subtle and
difficult to recognize (Strickland and Hahn, 1996). Kopans
(1992) have been reported that 10-30% of lesions are
misinterpreted during routine screening of mammograms.
Furthermore, it is very difficult to distinguish benign
lesions from malighant ones in mammograms. As a result,

between 2 and 10 women are biopsied for every cancer
detected, causing needless fear and pain to women who
are biopsied (Sickles, 1986). Due to the subtlety n the
appearance of mdividual Micro Calcifications (MC), there
is a significant risk that a radiologist may misclassify some
cases 10 breast cancer diagnosis (Wei et al., 2005).

Training a neural network model essentially means
selecting one model from the set of allowed models that
minimizes the cost criterion. There are numerous
algorithms available for training neural network models.
Most of them can be viewed as a straightforward
application of optimization theory and statistical
estimation. Most of the algorithms used in training
artificial neural networks are employing some form of
gradient descent. This i1s done by sumply taking the
derivative of the cost function with respect to the network
parameters and then changing those parameters in a
gradient-related direction.

The Selt-Orgamzing Map (SOM) s a subtype of
artificial neural networks. It 1s tramed using unsupervised
learning to produce low dimensional representation of
the training samples while preserving the topological
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properties of the input space. This makes SOM
reasonable for visualizing low-dimensional views of
high-dimensional data, akin to multidimensional scaling.
The model was first described by the Fmmsh professor
Teuvo Kohonen and is thus sometimes referred to as a
Kohonen map. In this study, we use SOM neural networlk
to cluster mammogram images into three distinct groups
based on the characteristics of the background tissue of
the mammograms. Kohonen (1995) described the structure
of SOM network.

Genetic algorithms are search algorithms based on
the mechanics of natural selection and natural genetics
mnspired by evolutionary biology such as inheritance,
mutation, (also  called
recombination). It 13 used in finding true or approximate
solutions to optimization and search problems. GA 1s
categorized as global search heuristics. Genetic algorithms
are implemented as a computer simulation in which a
population of  abstract representations  {called
chromosomes or the genotype or the genome) of
candidate solutions (called individuals, creatures, or
phenotypes) to an optimization problem evolves toward
better solutions. Traditionally, solutions are represented
in binary, as strings of 0 and 1 sec, but other encoding are
also possible. The evolution usually starts from a
population of randomly generated individuals and
happens in generations. In each generation, the fitness of
every individual in the population is evaluated, multiple
individuals are stochastically selected from the current
population (based on their fitness) and modified
(recombmed and possibly mutated) to form a new
population. The new population is then used in the next
iteration of the algorithm. Commonly, the algorithm
terminates when either a maximum number of generations
has been produced, or a satisfactory fitness level has
been reached for the population.

Images have always been used in medicine for
teaching, diagnosis and management purposes. Now
medical imaging systems produce more and more digitized
umages 1n all medical fields: visible, ultrasound, X-ray
tomography, MRI, nuclear imaging, etc., Thus, for
instance, Lund University hospital produces 15,000 new
digital X-ray images per day. These unages are very useful
for diagnostic purposes. They are directly related to the
patient pathology and medical history. However, the
amount of images we can access nowadays is so huge
that database systems require efficient indexing to enable
fast access to unages in databases. Despite the progress
made in the general area of image retrieval in recent years
(Bimbo, 1999), its success in biomedical thus far has been
quite linited (Wong, 1998). Automatic image indexing
using CBIR 1s one of the possible and promising solutions

selection and crossover

to effectively manage image databases (Smeulders et al.,
2000). The CBIR from medical image databases does not
aim to replace the physician by predicting the disease of
a particular case but to assist him/her in diagnosis. The
visual characteristics of a disease carry diagnostic
information and oftentimes visuvally smmilar images
correspond to the same disease category. By consulting
the output of a CBIR system, the physician can gain more
confidence in his/her decision or even consider other
possibilities. The processing scheme adopted mn the
proposed system focuses on the solution of two
problems. One 13 how to detect the ROI as suspicious
regions with very weak background and another is how to
extract features that characterize the suspicious regions.
Many image collections contain few or no index terms. To
search these collections, a set of techmques known as
CBIR is used. The CBIR is a way to index or find a
similarity between images in a database. The matching
process between image search example and stored image
content measures are complex and require sophisticated
data management support. There are methods such as
Founer Transform, Hough Transform, Wavelet Transform,
Gabor Transform, Hadamard Transform coefficients to be
used as engine m CBIR system (Rui and Huang, 2000).
Retrieval by image content has received great attention in
the last decades. Several techniques have been proposed
to the problem of finding or indexing images based on
their contents (El-Naga et al., 2002; Lamard ef al., 2007,
De Azevedo-Marques et al., 2008). Each method used
has strong and weak pomts. All these traditional
approaches to CBIR represent each image in the database
by a vector of feature values (Flickner er al, 1995;
Pentland et al., 1995).

A hierarchical learning framework for retrieval of
relevant mammogram 1mages has been reported n
(El-Naqa et al., 2004). A wavelet based Image retrieval
method was proposed by (Lamard ef af., 2007) which
worked for all sort of images but to some extend it failed
toretrieve the correct images. De Azevedo-Marques ef al.
(2008) a robust CBIR system with Relevance Feedback
(RFb) for application in analysis of mammograms has been
described which include several features related to the
texture and distribution of breast density to index the
images in the database, as well as techniques to
incorporate the mdication of relevance of the retrieved
images provided by user. A classification approach
assisted by CBIR (Yang et al., 2007) to improve the
calcification accuracy in computer-aided diagnosis for
breast cancer, reduced generalization error. A leaming
machine based frameworlk for modeling human perceptual
similarity for CBIR is reported by (El-Naqa ef af., 2004).
But all these study have not mentioned about the speed
of retrieval of masses. Persent earlier studies on functional
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magnetic resonance image retrieval (Jose and Mythili,
2007) shows genetic algorithm will study fast for
content-based image retrieval. In this study, we address
both accuracy and speed of image retrieval. The results
are more promising and accurate.

The proposed retrieval system is in principle very
different and may helpfully complement existing
diagnostic aids. We mvestigate the use of Genetic
Algorithm Based CBIR system for digital mammograms. Tf
we view the human observer as a classifier, then the aim
of the CBIR system 1s to provide the observer with
traiming-set examples that are close to his decision
boundary. We expect such a facility to be useful in
medical education and training as well. In this study we
have proposed a method to provide the radiologist with
a set of images from past cases that are relevant to the
one being evaluated, along with the known pathology of
these past cases. A library of relevant past images would
assist radiologists to diagnose difficult cases m a better
ways. The goal of the proposed CBIR i1s to obtam those
mammograms that are similar in content to the query
mammogram from a possibly very large mammogram
database.

MATERIALS AND METHODS

This study was carried out m Digital Image
Processing Laboratory of Mangalam College of
Engineering during the period May 2007 to March 2009.

Overview of the proposed image retrieval framework: The
proposed framework 1s illustrated with a functional
diagram in Fig. 1. This framework will facilitate to search
similar images m a large scale database with reasonable
computational complexity.

Searching the entire database for similar images will
increase the time required to retrieve similar images. Based
on the character of background tissue mammogram
images can be classified as F-Fatty, D-Dense-glandular
and G-Fatty-glandular. Hence, the proposed model is
divided in to two stages. In the first stage, the
mammogram images present in the database 1s classified
as F, D and G using SOM. In the second stage, the query
image is obtained and the ROI is selected by the
radiologist. As and when the ROT is selected the system
acquire the length 1 and breadth b and then the class of
the query image 13 identified using the same SOM
network. Once, the class of query image is identified
searches for suspicious region in the
corresponding database with the same dimension of the
ROI 1xb will be followed.

similar

Classification of mammograms: To classify the
mammogram we have used the SOM Neural Network.
SOM algorithm (Kohonen, 1995) 1s a neural network
algorithm based on unsupervised learning. Basically it
performs a vector quantization on the histogram of the
images 1n the database and simultaneously organizes the
quantized vectors on a regular low-dimensional grid. The
block diagram of SOM classification is as shown in
Fig. 2. Histogram of the image is chosen as input to the
SOM since it 18 very sumple to calculate. It was found that
histogram feature was sufficient to classify images with
95% accuracy.

While finding, the histogram of a mammogram
images, the continuous black background as well as the
over exposed white regions will add considerable amount
of error in the histogram output. To overcome this, the
pixels which make the mammogram shape alone are
considered for calculating the histogram. To achieve this,

First stage

h 4

Retrieved
GA similar images

MD-Mammogram database

SOM-Self organizing map
F-Fatty

Queryimsge |—p som [P

Second stage

D-Dense
G-Glandular

{A- Genetic algorithm
Select ROI-Repion of intrest

I ROI

T

Fig. 1: Functional diagram of proposed model
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as a preprocessing the pixels corresponding to the black
background as well as the over exposed white regions
were removed by using a suitable lower and upper
threshold and the histogram corresponding to  the
remaining pizels were cal culated.

Application of GA to this problem: In the second
stage, after the classificaton of the query image and its
EClidentified as shown in (Fig. 3a) every image from the
specific  class 15 taken and a random search is
petformed using GA over the entire 1mage to locate the
suspicions region matching with the EOL The initial
population for GA& consists of chromosomes which
represents ¥ and v, the random position of EOL on the
mammograms as shown in Fig. 3b. Binary chrom osomes
have been used for this purpose. & sample chromosome
iz shown in Fig. 3c. The corresponding decimal
equivalent (x, ¥) coordinates are (119, 87). Eoulette wheel
selection and single point crossover (Goldberg, 198%)
has been uszed. A fitness function proportional to

Fig 2 Block Diagram of SOM Classification

(2)

cortelation has bheen identified to evaluate the
chromosomes as given in Eq. 1. Since, only the x and v are
present in the chromosome the remaining coordinates can
be calculated as (xH, ¥).(x, v+b).(xH, y+h) where | and b
are length and breadth of the EOT which is fized Hence,
E Ol 1z always arectangle with size 1xb.

Z.X. (A A)[B.. E)
J=-. b -E) )22 (.- B))

Fithess =

(1)

where, & 15 a 2D matnix representing the BEOT selected by
the radiclogist, A is the mean of Ay By is a 2D matrix
representing a portion of the image in the database
bounded by (z, v),(xH, v).0z, y+o)xH, v+ and B is the
mean of By, Theinitial population consists of different =
and v which correspond to different regions on a single
mamim ogram in the database.

The outline of the CBIR algorithm: The complete outline
of this model 15 as shown in Fig. 4. Initially the
mammogram database iz classified az and when a new
mammogram 12 added. When the radiologist needs to find
a set of images similar to the query image a EOT will be
selected by him on the query image. Only one EOI can be
selected at a ime. If multiple ROI's are present then the
search has to be repeated or the ROT 2 have to be merged
in to asingle BCL After finding the class of the query

(k]

(x+Ly+b)

Fig. 3 (a) Position of EOLin query image, (k) Random pesition of BOL, (o) Structure of sample chromosome showing x,

v cootdinates

3534



J. Applied Sci., 9 (19): 3531-3538, 2009

Select input
The mammogram f
image database Tuery 3 ad
+ Classifier
Classifier
L
. Initialization Select ROI of
of GA input query
y
Encoding expected ROT
parameters in the selected
p Select one image database image as
from datebase chromosomes
h 4
Evaluation for fitness based on correlation
between input ROI and the different database
n d image (sclected) locations
TOSSOVET an
mutation
Probabilistic
rules

Selection

Is the correlation between the
ROI of input image and the
matching region of selected batabase

image high?

- Display the matching mammogram image

Fig. 4: Block diagram of the system

mammogram, each mammogram Di from that class
database is selected and a random search is applied over
it to find similarities. To do tlus random search a set of
potential selutions are generated which represents the
location of suspicious region. Each solution is checked
for its closeness with the query ROI. This is done with the
are performed to get a new set of solution. The above
operations are repeated for g number of generations.
After g generations if the fitness value is grater than
a threshold value then that image is considered as one of
the solution image which 1s closer to the query image.
This process 1s repeated to all the images i the specified

database. After searching entire database the images are
ranked based on their fitness and the best ones are given
to the radiologist.

RESULTS AND DISCUSSION

The images for the proposed research was collected
from the on-line digital database for screening
mammography, located at the University of South Florida
(These images were scanned from actual X-ray films taken
of women bemng screened for breast cancer) and
Mammographic Image Analysis Society’s (MIAS) Mini-
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hMammogapltic Database. While testing the system the
imageswere downsatple d to 2536 #2536 and 512x 512 Some
of the images from the database were wsed as uery
images. & sample of known 30 F, 30 D, 40 G moatnmogy am s
were taken for the analysis This was classified using
SO The dassification accuracy was obtaned as 97 6%
based on few trais as shown in Takle 1. Figare 5.7,
showr the moamm ogram s stom atically clustered by SO
texture property. If there are some misclassifications
based o the Character of background tissue as well as

Tahble 1: Class¥ i ation ac amracyof S0

Trail F i) Cr Percertagme of acamacy
1 29 29 42 5.0

2 23 33 39 ar.a

3 29 32 ] Q5.0
Mean=974

=4 The Mammagras Backpraand Teese Typst

[HHJNU[I
ﬂﬂﬂﬂﬂﬂ
HUDUDM
UNUUHU
STA[R] &b

Fig 5: Fatty images

"3 The Hommmgram Background Tsee Taped

Fig. &: Dense glandul ar

according tothe original manial classification denoted in
the MIATS database, it can be negotidble in the sense that
when such type of images becam e the query image the
SO M will classify them aceor dingly.

Performance in terms of speed: The performance of the
al gorithen s with the increasing munber of mammogram
images irn the target database 15 shown in Table 2 and 3.
The remdt has been compared with the comventional
Sliding Window (3W) method. The result shows that our
proposed moethod ostperforms the 3W method The GA
Parameters used for this study were popualation size = 25,
Mo, of gener ations =10, mutdionlevel = 0.2 and crossover
tate = 07, The ttreshold level to idertify the fittest
elem ents was set to0 3.

The proposed systemn  has  been  successfully
impiletn erted and evaliated using MATLABR® on a normal
20 Hz Pertivm IV computer with 512 ME REAR. The
proposed & goritten performed well even for large mum ber
of itages. Table 3 shows that the proposed system

Tablk 3: Tine taken to search with 256=350 inazes

Tirre taben (ec)
Ho. of images Crdy (- S0RI iy
inthe collectiozy, = smeeemm e [FOL sire = 32mE 0 en wrmm e mmm e
30 2534 1035 inT
60 67.98 AT 46 100
100 101.32 4121 1702

Tabk 3: Tine taben to search with 512=512 fvages

Tite takienh [zec]
Ho. of inages LY (- S0 I o
inthe collection, oo (FOT gime = 33«30 oo oo
30 2534 10.35 1203
1] 6788 27446 240.5
100 10132 4181 400.2

I i Miraveguan Detrgraurd Thae Toped e
1 2 3 ' 7 a n
HEAONe
1 13 1] i3 .| = E 1}
(AR Qfebib R Elb
al A7 ] = i ) 7]
LK
NEIIYK
) C = 3 G = ]
LHUKarnmn
ai e 7] 35 o ] il
HEaeyen

Fig 7: Fatty glandd ar
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Recall ratio

Fig. 8: Precision-recall study

will take constant time irrespective of the size of the image
where as sliding window method will take more time
depending upon the size of the unage. The two stage
network can provide 2~4 fold reduction in computation
time as shown in Table 1 and 3.

Retrieval performance of proposed model: To evaluate the
performance of the retrieval network, we used the so
called precision-recall curves (Bimbo, 1999). The retrieval
precision is defined as the proportion of the images
among all the retrieved that are truly relevant to a given
query image; the term recall is measured by the proportion
of the images that are actually retrieved among all the
relevant images to a query.

As a ground truth mn calculation of the precision-
recall curves, we considered an image to be truly relevant
to a query if its corresponding observer Similarity
Coefficient (SC) 1s larger than a pre selected threshold T.
In present experiments, T =7 was used. The observer
SC study was carried out by a panel of five radiologist,
who scored the similarity between each pair of ROTs
based in their geometric distribution on a scale from 0
(most dissimilar) to 10 (most similar). The performance of
the resulting overall network 1s summarized in (Fig. &)
using the precision-recall curves. From these result we
can see that the proposed two stage model achieves a
better performance than (Yang et al., 2007) and close to
the ideal case (SW Method) which has very less error rate
like an ideal system.

CONCLUSION

The proposed CBIR algorithm was developed and
evaluated for retrieval of clinical mammograms containing
suspicious region. The performance accuracy of the
systemm  has been tested with different lands of input

mammogram cuery images. The results demonstrated that
this framework can be used effectively for retrieving
visually similar mammograms from a database. It was
demonstrated that a two-stage model can offer several
advantages over a single stage one, including faster
speed and retrieval accuracy. In our future work we will
investigate the clinical benefit of using the developed
model for computer-aided diagnosis.
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