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Abstract

Background and Objective: Content based medical image retrieval (CB-
MIR) systems enable fast diagnosis through quantitative assessment of the
visual information and is an active research topic over the past few decades.
Most of the state-of-the-art CBMIR systems suffer from various problems:
computationally expensive due to the usage of high dimensional feature vec-
tors and complex classifier /clustering schemes. Inability to properly handle
the ‘semantic gap’ and the high intra-class versus inter-class variability prob-
lem of the medical image database (like radiographic image database). This
yields an exigent demand for developing highly effective and computationally
efficient retrieval system.

Methods: We propose a novel interactive two-stage CBMIR system for
diverse collection of medical radiographic images. Initially, Pulse Coupled
Neural Network based shape features are used to find out the most proba-
ble (similar) image classes using a novel ‘similarity positional score’ mecha-
nism. This is followed by retrieval using Non-subsampled Contourlet Trans-

form based texture features considering only the images of the pre-identified
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classes. Maximal information compression index is used for unsupervised
feature selection to achieve better results. To reduce the semantic gap prob-
lem, the proposed system uses a novel fuzzy index based relevance feedback
mechanism by incorporating subjectivity of human perception in an analytic
manner.

Results: Extensive experiments were carried out to evaluate the effec-
tiveness of the proposed CBMIR system on a subset of Image Retrieval in
Medical Applications (IRMA)-2009 database consisting of 10,902 labeled
radiographic images of 57 different modalities. We obtained overall aver-
age precision of around 98% after only 2-3 iterations of relevance feedback
mechanism. We assessed the results by comparisons with some of the state-
of-the-art CBMIR systems for radiographic images.

Conclusions: Unlike most of the existing CBMIR systems, in the pro-
posed two-stage hierarchical framework, main importance is given on con-
structing efficient and compact feature vector representation, search-space
reduction and handling the ‘semantic gap’ problem effectively, without com-
promising the retrieval performance. Experimental results and comparisons
show that the proposed system performs efficiently in the radiographic med-
ical image retrieval field.

Keywords: Content Based Medical Image retrieval, Pulse Couple Neural
Network, Multiscale Geometric Analysis, Relevance Feedback, Fuzzy logic,

Radiographic images.




1. Introduction

Over the last few decades, extensive attempts have been made by various
researchers to develop Content Based Medical Image Retrieval (CBMIR) sys-
tems for efficient management and access of medical image data. In large hos-
pitals and diagnostic centers, several terabytes of digital medical images are
generated and stored every year [1, 2, 3]. In today’s health-care framework,
these images are archived in Picture Archiving and Communication Systems
(PACS) [4, 5, 6]. For precise diagnosis and treatment planning, often the
medical personals have to browse through similar images in these archives.
This necessitates the requirement of developing novel and intelligent tech-
niques for searching images accurately and efficiently from a large medical
image database [7, 8, 9]. Such systems have immense applications in todays
modern health-care domain: not only these systems can be used to reduce
the workload of the medical personals, but also can be used as a cost-effective
alternative in places where there is a lack of medical experts [2, 7, 10, 11, 12].

The commonly used textual metadata based image retrieval systems have
several shortcomings: costly, time-consuming, dependency on the experience
of the human annotator, error-prone (error rate up to 16% have been re-
ported) and inefficiency to represents the true content of the medical image
semantically [6, 13]. Another open challenge for automatic categorization
of medical images is the inter-class versus intra-class variability problem
[6, 7, 11]. For instance, considering the X-ray images of Image Retrieval
in Medical Applications (IRMA-2009) database [4, 14], Fig. 1(al)-(a2) illus-
trates the high degree of visual content variability within a particular class.

Here, all the radiographs of Fig. 1(al)-(a2) are plain X-ray images in coronal
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Figure 1: Intra-class variability: (al)-(a2) vs. inter-class variability: (b1)-(b2) (considering
IRMA categorization [4]).

posterioanterior direction of abdomen body region and of the musculoskele-
tal biosystem-having the same class level. On the other hand, there may
be strong visual similarities across different image classes, especially with
classes that have the same organ projected at different angles. For example,
the image of the Fig. 1(bl) belongs to the “neck” class while the image of
Fig. 1(b2) belongs to the “neck side view” class. This is mainly due to differ-
ent doses of X-ray, varying orientation, alignment and pathology [6]. More-
over, often the images have different contrast variations and non-uniform
intensity background, weak signal-to-noise ratio (SNR), projection and other
noises [6, 15, 16, 17].

X-ray radiography is a powerful imaging tool (both in medical and indus-
trial fields), which allows visualization of an object’s internal and external
structures [12, 14, 18, 19, 20]. Several image retrieval prototypes have been
proposed by various researchers for medical radiographs [6, 12, 14, 17, 21, 22,
23, 24]. For example, Keysers et al., [25] have introduced a Bayesian proba-
bilistic framework for radiograph classification based on an appearance-based
approach combining tangent distant measure and image distortion model.
Presenting an extensive evaluation of different methods for automatic clas-

sification, Lehmann et al. in [26] have proposed a radiographic image cate-



gorization scheme using a parallel combination of single classifiers (k-nearest
neighbor) based on scaled representations and global texture features. Pin-
has et al. [6] have achieved 97.5% accuracy in classifying 1,500 radiography
images of 17 categories using a Gaussian Mixture Model-Kullback Leibler
(GMM-KL) framework based on a high-dimensional feature vector. In [27],
Rahman et al. have presented a novel machine learning based image pre-
filtering approach based on a combination of a statistical similarity matching
and relevance feedback (RF) scheme. On a database of 9,100 medical X-ray
images of 40 classes Pourghassem et al. [21] have achieved approximately
94% accuracy (merged 17-classes) using a merging-based hierarchical classi-
fier. Avni et al. [28] have proposed a “bag of visual words” CBMIR, approach
based on a non-linear kerna-based support vector machine (SVM). Rahman
et al., [24] have designed an iterative CBMIR system using bag of features
using a query-specific adaptive linear combination of similarity matching ap-
proach by relying on the image classification and feedback information from
users. Achieving 93% retrieval accuracy, a hierarchical classification struc-
ture based on a novel merging and splitting scheme using shape and texture
features is proposed by Fesharaki et al. in [17]. A novel CBMIR system based
on a score fusion algorithm for query image classification and a new query
expansion method in the relevance feedback level is proposed by Behnam
et al. [29]. A novel dictionary learning based clustering method for CBMIR
is proposed by Srinivas et al. [30] using mean and variance of pixel inten-
sity values as features based on the K-SVD and orthogonal matching pursuit
mechanisms. Recently, few deep neural network based CBMIR systems have

been proposed showing promising results [31, 32].



Most of the above mentioned CBMIR systems are non-hierarchical and
based on single classification/clustering technique using different combina-
tions of feature representation schemes. But, it is difficult for a non-hierarchical
classification /clustering method to effectively handle the overlapping (inter-
vs-intra class variability) of different classes of medical images [21, 17]. Not
only that due to the use of relatively expensive classifier/clustering scheme,
overall cost of computation remains fairly high in these systems. Moreover, in
case of hierarchical CBMIR systems, if pre-classification of the query image is
wrong, then the retrieval results will be wrong, which results in lowering the
accuracy of the system. Furthermore, the dimensions of the image represen-
tative feature vectors used in these systems are quite high. This also leads to
further computational burden. Even using such computationally expensive
classifier/clustering schemes along with high dimensional feature represen-
tation technique, it is often not possible for the existing CBMIR schemes
to effectively capture the true semantic contents of the medical images and
efficiently maps these to the user’s response. Therefore, it becomes necessary
to develop new interactive CBMIR system with low computational cost and
hight retrieval performance.

In this paper, we have proposed a novel CBMIR system to overcome these
aforementioned problems of the existing systems. The proposed system is a
two-stage image retrieval system and two different kinds of image features
are used for image representation in two different stages. The main contribu-
tions of this paper are as follows: (1) we model the image retrieval problem
as a hierarchical two-stage classification problem. In the first stage mam-

malian vision system mechanism imitating Pulse Coupled Neural Network



(PCNN) [33] based global shape features are used to coarsely identify the top
‘p” probable classes similar to the query image. For finer retrieval, Multiscale
Geometric Analysis of Non-subsampled Contourlet Transform (NSCT) [34]
based local textural features are used in the second stage. The compaction
of feature set is done class wise in IRMA image database using Maximal
Information Compression Index (MICI) [35]. This reduces the overall search
space which results in a faster and more accurate retrieval. (2) To find
out the top ‘p’ probable classes in the first stage of the proposed system
we have developed a novel visual proximity measure named “similarity posi-
tional score” (SPS) which is inversely proportional to distance metric. Based
on this score, top probable classes similar to the class of the query image are
identified which restricts the final search (second stage) only within the ap-
parent classes comprising a very small portion of the whole IRMA-2009 image
database. This reduces the search space and the mis-classification error of
any classifier which classifies the data into a particular class instead of prob-
able classes. (3) In addition, we have developed a novel fuzzy index based
relevance feedback mechanism (fuzzy-indez-RFM) to handle the uncertainty
and ambiguity arising out of user feedback which is purely individualistic in
nature. This reduces the “semantic gap” problem. Extensive experiments
were carried out to evaluate the performance which show that the proposed
system is efficient for radiographic image retrieval.

The rest of the paper is organized as follows: In Section 2, we describe
the image representative feature extraction procedure based on PCNN and
NSCT. The Section 3 describes the feature selection algorithm. The novel
SPS mechanism is described in Section 4. The fuzzy-indez-RFM and the



proposed CBMIR system is presented in Section 5 and Section 6, respectively.
The Section 7, contains the experimental findings and we draw conclusion in

Section 8.

2. Feature Extraction for Image Representation

The performance of a CBMIR system is largely dependent on how effec-
tively the database’s images are represented in terms of feature vector. Some
images can be easily distinguishable by the global feature characteristics such
as shape, geometric property, orientation etc., whereas there may be some
other images which can be distinguishable by local feature characteristics
such as color, texture, positional distribution etc. A judicious combination
of both kind of features can help in achieving high accuracy at lower compu-
tation cost [36]. Feature dimension is also an important issue for achieving
greater computational efficiency. Lower the dimension of the feature vector
used, the higher will be the computational efficiency [2, 7]. Furthermore, to-
tal computational cost depends upon the number of comparisons to be made
for matching which is proportional to the total number of images in the
database. Keeping these above mentioned problems in mind, a hierarchical
two stage retrieval scheme is used in the proposed framework.

In this work, two different novel feature representation schemes namely
PCNN-shape and NSCT-texture are used in two hierarchical stages, respec-
tively. In both the stages, the input images are gray level X-ray images
taken from IRMA-2009 image database. The first stage is a coarse classi-
fication where PCNN based segmentation scheme is used for extracting the

shape features. Due to its adaptive thresholding nature, PCNN serves as



an efficient tool for edge sharpening as well as for ambient noise removal in
the mega voltage X-ray images [15]. PCNN mimicking the global coupling
and pulse synchronization characteristics of mammalian vision system has
been successfully applied in various image processing and analysis applica-
tions like segmentation, enhancement, fusion etc. This shows that PCNN
has very good capability in capturing various features of image like texture,
edge, shape, salient regions etc. But before doing segmentation, some pre-
processing is required due to the intensity variations, low contrast and high
rate of noise in X-ray images [17]. Hence, at first, median filter is used
for noise reduction [16]. After noise reduction, adaptive histogram equaliza-
tion is used for contrast enhancement, considering exponential distribution of
histogram. Even though, adaptive histogram equalization provides improve-
ment of the image contrast with no destructive effects on the areas with
higher contrast, but it increases the noise on the image. As a result, after
adaptive histogram equalization, a median filter is used again on the X-ray
images to reduce the noise [17].

After pre-processing, segmentation is carried out using PCNN [37] and
7 global shape features are computed in each iteration. These features are
perimeter, area, euler-number, eccentricity, major-axis-length, minor-axis-
length and compactness. Therefore, considering 10 iterations (chosen exper-
imentally to achieve satisfactory performance with low computational com-

plexity), each image I is represented with 70 PCNN-shape features:

I 1 70
FMPCNN,shape = [fPCNNjhape? T fPCNNjhape] (1>

In the second stage, NSCT-texture features are used for finer retrieval.



In the literature, it is reported that several different transforms like Wavelet
Transform (WT), Curvelet Transform (CVT), Contourlet Transform (CNT)
etc., based features are used for retrieval of medical images [2, 7, 38]. But
these techniques lack shift-invariance and anisotropy properties. To overcome
these problems, we adopt NSCT, which is a fully shift-invariant, multiscale,
and multidirection expansion with fast implementability and anisotropy prop-
erty. It also has better directional decomposition and frequency localization
capability [34]. NSCT is constructed by combining the Non-Subsampled
Pyramid Filter Bank and Non-Subsampled Directional Filter Bank, and the
resulting filtering structure approximates the ideal partition of the frequency
plane. NSCT coefficients are capable of capturing the fine details present in
the image, which is very much essential in image retrieval, as radiographic
images are full of subtle image information. Moreover, it has been reported
that Human Visual System (HVS) has characteristics like multiscale, rota-
tional invariance and anisotropy [39]. This behavior is well matched by NSCT
decomposition. Based on these above facts, in the proposed CBMIR system,
NSCT is used as the feature representative scheme for finer retrieval. The
details about PCNN and NSCT are available in [33] and [34], respectively.

Each image I of size N x N is decomposed into [ (= 3) number of multi-
scales and multidirection decomposition of “levels”= [0, 1, 2]. This results in
(2° + 2! + 22) = 7 number of high-frequency subbands (HFSs). The image,
prior to NSCT decomposition, is pre-processed using the before mentioned
enhancement mechanism. Each subband having the same size N x N that
of the original image is sub-divided into W number of blocks of size w x w,

where W = Jl—j Standard deviation of each block is used to represent the co-
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efficients of that block. The low-frequency subband (LFS) that contains the
DC information is ignored due to its relatively small contribution in terms of
standard deviation compare to that of AC subbands. Thus, the dimension
of the NSCT-texture feature vectors becomes 7 x W = 448, where w = 16,
N =128:

I _ 1 448
FMNSCT,te:Eture - [fNSCT,tcxturoﬁ +=+» J NSCT _texture (2>

3. Feature Selection

The success of any image recognition task depends on the adopted fea-
ture representation scheme. A good practice is to reduce the feature space
to ideally preserve only the most informative features. In this work, we re-
tain the relevant PCNN-shape and NSCT-texture based features by adopting
a feature selection algorithm based on the Maximal Information Compres-
sion Index (MICI) [35]. This unsupervised method does not rely on search-
ing techniques, thus avoiding over-consumption of calculation time, but it
removes redundancies among the features by evaluating their mutual dis-
similarities. In details, given two random variables x and y, let > be their
covariance matrix with entries ¥,,, 3, respectively and »,, = ¥,,. The
value of MICI for z and y is defined as the smallest eigenvalue \y(z,y) of the

covariance matrix >, which is given by

1
Ao (7,y) = 2 [Zl‘x + Yy — \/(Em = Byy)? + 42:%1/J (3)

The value of \y(z,y) is zero when the features represented by x and y

are linearly dependent (hence, similar) and it increases as the degree of de-
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pendency decreases. The algorithm clusters the features into homogeneous
groups by exploiting this MICI-based feature dissimilarity and retains a rep-
resentative feature for each cluster. The set of representatives forms the
reduced set of features and its size is controlled by a user-defined parame-
ter (see [35] for further details). Hereafter, we denote FMRpeyy shape a0
FMRY gor tonture @S the reduced PCNN-shape and NSCT-texture feature

vectors associated to image I, respectively.

4. Computation of Approximate Class of Image

Retrieved Images

v v
Qs I I, R Ii R [C_1 [( I
|
mage Ci,l Ci,Z e o 00 o Ci,j ) Ci,(—l Ci,( C
A A
|
Class Levels

Figure 2: Representation of retrieved images considering { = 20 with class level informa-

tion.

The basic aim of this operation is to reduce the search space and to im-
prove the retrieval accuracy simultaneously. The class information of each
X-ray image of the stored database is represented by pre-defined class la-
bel. In the first phase, a query image is presented to the system. Based
on the PCNN-shape features, most similar images are retrieved according
to Fuclidean distance measure with respect to the query image. The first
¢ (“scope size”) number of most similar retrieved images are used to iden-
tify the top “p” number of most probable classes’ information based on the

proposed SPS (s;) where ¢ represents the individual class level, 1 < ¢ < L
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considering total L number of different classes of X-ray images stored in the
database.

Considering the scope size (¢ =) 20, Fig. 2 describes the retrieved image
representation where /; is the most similar and I, is the least similar image to
the query image. The corresponding class levels (C; ;) of the retrieved images
are also shown in Fig. 2, where C;; represents that the retrieved image I;
corresponding to the position j in the scope size ( belongs to the class i;
where, 1 < ¢ < L and 1 < 7 < (. Using the class levels and positional
information of the retrieved images in (, SPSs are computed.

Initially, all the s; are set to zero considering equal importance for all the
different classes of images present in the database. Assuming, among the (
number of retrieved images I;,, I;,, ..., I}, of I belong to the same class 7 i.e.

the corresponding cells C; ;,, C; ., Cij,. of C contain the same class level

NPERE
1, where j,, represents the position of the retrieved images in ¢ and m is the
number of retrieved images of the ith particular class. The s; is computed

as:

Sttt
(2 C I

Let the number of distinct classes present in C be iq,19,...,%,; Where

1 <iyeeyin < L. Assuming, A = {s;,, Si,, .., S, } representing the set of
calculated s;, the sorted (in descending order) set B = {si, si, ..., sir, } is
computed, where sy > sy > ... > sy and {i},4, ..., i, } is a permutation of
{i1,42, ..., in}

For fixed ¢ (here, ¢ = 20) a threshold is calculated in the following way

13



5:1+%+C%2+...+CEC/;W}1€I‘G C’:§+1 (5)

The first p classes 4y, iy, ..., i}, are chosen from the set {i},d, ..., 4, } where

¢

p<nand sy > sy > ..> sy such that
1 2 P

Sij + Sip + o 8 > 6 (6)

5. Fuzzy Index Based Relevance Feedback Mechanism

Human perception of image similarity is subjective, semantic and task
dependent. Hence, CBMIR system cannot deliver satisfactory result in gen-
eral by merely relying on low-level features extracted in an unsupervised
way. The user’s response has to be incorporated in the retrieval loop as a
source of feedback. By doing so, the system can iteratively adopt to the
query results to meet user-specific requirements. In formal CBMIR sys-
tem, an image [ is usually represented by an N dimensional feature vector:
I=A{f]q=123,... ,N, f, € RN} and f, represents the ¢'" feature
component. The commonly used decision function for measuring similarity

between query image (/) and the database image I, is represented as

D(I, 14) :ququ([)_fq([qr)H (7)

where || f,(I) — f,(I,.)|| is the distance between the ¢ feature component
of an image I and the ¢'* feature component of the query image I, and w,
is the weight assigned to it. The weight should be adjusted such that the

feature has small variation over the relevant images and large variation over
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the irrelevant images. Recently, RFM has been used in CBMIR systems to
overcome the “semantic gap” problem [27, 40, 24]. As, human perception
and responses are subjective as well as ambiguous in nature. Therefore, this
subjectivity and ambiguity has to be properly handled for designing an ef-
ficient RFM. Fuzzy set theoretic [41] models try to mimic human reasoning
and has the capability of handling uncertainty arising from ill-defined, incom-
plete, defective and imprecise input. Fuzzy logic based RFM is proved to be
very effective in CBMIR, based applications [42]. In light of this, we have
developed a novel relevance feedback mechanism based on index of fuzziness
(fuzzy-index-RFM).

Assuming, k similar images I, = {Iy, I, ..., I} are returned to the user
by the proposed system. From these returned images, the user marks the
relevant and irrelevant images. Let, I. = {[,, I, I}, where I, = relevant
images, I;. = irrelevant images, I, = system’s returned images: I, U I;, = I
and I, N I;, = @. The information from I,, I;, and I, are combined to
compute the relative importance of the individual features by fuzzy Feature
Evaluation Index (FEI).

A fuzziness measure of a fuzzy set express the average amount of ambi-
guity in making a decision whether an element belongs to the set or not [41].
One such measure, the index of fuzziness denotes the degree of ambiguity or
fuzziness present in a set by measuring the distance between the membership
values of the fuzzy elements of the fuzzy set A and its nearest ordinary set

A. The index of fuzziness is defined as
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vp(A) = (n%)dp(A,A)
2 (8)
- (n_%)[z{mm(MA(xi% 1 — pa(z;)}P)VP

i=1
where d(A, A) denotes the distance between the fuzzy set A and its nearest
ordinary set A and n is the number of elements in the fuzzy set. An ordinary

set A nearest to the fuzzy set A is defined as

pilz) =0 if pa(z;) <05

=1 if pa(z;) >05

(9)

The value of p depends on the type of distance function used. For exam-
ple, p = 1 for generalized Hamming distances whereas p = 2 for Euclidean
distance. The corresponding indices of fuzziness are called the “linear index
of fuzziness” vp1(A) and “quadratic index of fuzziness” vg(A), respectively.
In this proposed CBMIR system we have used the “quadratic index of fuzzi-
ness” for finding out the relative importance w, of the individual feature f,.
The pa(z;) is computed using a standard S-type membership function [41]:

In our case, A represents the ¢! column of I. = {I,, I;, I,} with x;
denoting the corresponding feature value and p(z;) as the corresponding

fuzzy membership value. The FEI for the ¢*" feature is computed as follows:

vo(fls
FEl, = — oly’) -
vo(fl) +vo(fe™)
Lower value of FEI, indicates better quality of importance of the ¢ fea-

(10)

ture in recognizing and discriminating different classes. The weight w, is

computed as a function of the evaluated (F'E1,) as shown below:
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Figure 3: Overview of the proposed CBMIR system.

w, = FEI, (11)

In the first pass, all features are considered to be equally important. Hence,
Wy = Wa... = Wy = ... = wy = 1. The feature spaces of the relevant images
are therefore altered in a similar fashion after updating the components with

w,. As a result, the ranks of the relevant images are not affected much.

6. Summary of the Proposed CBMIR System

The proposed CBMIR system consists of two main phases as shown
in the block diagram of Fig. 3: an “OFFLINE” phase and an “ONLINE”
phase. In the “OFFLINE” phase two different features (FMpoyn _shape a0d
FMgor sonture) are extracted from each image in the stored image database

after pre-processing. The dimension of the extracted feature vectors are
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reduced by MICI feature selection scheme. The reduced feature vectors are

then stored in two different feature database FM RL N_shape and F'M RE 607 tomture
along with the class levels of the images. The “ONLINE” phase of the pro-
posed system consists of two steps described below.

Coarse Classification:

1. Input the query image I.
2. Compute the Euclidean distances between the compact PCNN-shape
feature vector of the query image (Iponn_shape) and each reduced fea-

ture vector of FMRbony shape-
3. Sort the distances in ascending order.

4. Retrieve the class level information of the top ¢ images corresponding

to the first  sorted distances.

5. Compute the SPSs for the top ¢ images and sort them in ascending

order.

6. Choose the first p classes which satisfy Eq. 6.
Finer Retrieval:

1. Construct a temporary feature database TFM RX g7 jenture from the
FMRL o7 tenvure database consisting only the feature vectors corre-
sponding to the images belonging to the top p identified image classes.

2. Compute the Euclidean distances between the compact NSCT based

query feature vector Inscr terture and each reduced feature vector of

TFMR{VSCT,te:Bture'
3. Sort the distances in ascending order and display the top ¢ images.

4. If the user is satisfied with the displayed result, then stop.

18



Figure 4: Example radiographs taken from the IRMA database: (left to right) top row:

abdomen, limbs, breast; bottom row: skull, chest, and spine.

5. Otherwise, take the user’s feedback response by marking the relevant
images from the irrelevant images in the displayed images.

6. Compute the fuzzy feature evaluation index based upon the user’s re-
sponse (described in section 5).

7. Go to step 2, taking into consideration the ranked fuzzy features to

recompute the Euclidean distances.

7. Experimental Results and Discussion

Extensive experiments were carried out to evaluate the performance (both

quantitatively and qualitatively) of the proposed CBMIR system.

7.1. Fxperimental Setup

The experiments were carried out on a Dell Precision T7400 PC with 4GB
RAM using MATLAB R2014b. All the experiments were performed on the
diverse radiographic medical image collection of the IRMA-2009 dataset [13,
4]. The X-ray images are noisy with irregular brightness and contrast, and

sometimes contain dominant visual artifacts such as artificial limbs and X-ray
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Figure 5: Performance comparison of different transforms in terms of AP and AR curves.

frame borders. This database contains 14,410 images divided into 193 dis-
tinct categories, where the number of images in each category varies largely
(from 1 to 2,314 images). In the experiments, we only took the categories
which contain at least 50 images. This resulted in a subset of database con-
taining 10, 902 images of 57 categories. The images in this database are orga-
nized into various semantic categories (by labelling them with the four-axis
IRMA code) by expert human observer according to the imaging modality,
the examined region, the image orientation with respect to the body, and
the biological system under evaluation. Some of the example radiographic
images of different classes are shown in Fig. 4. We used “pyrexc’ and “sinc”
as the pyramid filter and the orientation filter in NSCT decomposition, re-
spectively. The performance on the database was evaluated by considering
each image as the query image (leaving-one-out) and by measuring the classi-
fication accuracy as well as Average Precision (AP) and Recall (AR). During
the experiments, top 20 retrieved images were used to compute the precision

and recall values.
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7.2. Effectiveness: Feature Representation and Selection

The first set of experiments we conducted were to evaluate the effective-
ness of the feature representation technique used in the proposed CBMIR sys-
tem. For these experiments, we only considered the results obtained through
the proposed CBMIR system without fuzzy-index-RFM.

At first, we evaluated the performance of NSCT against other different
transforms (WT, CVT, CNT) and the outcome is described in Fig. 5. We
considered all the 10,902 (of 57 different classes) images and Euclidean dis-
tance measure considering different scope sizes (5, 10, 15, 20). In each run we
took 1 image from the 10,902 images as the query image and the rest 10,901
images as the stored labeled image database. It is clear from the Fig. 5 that
NSCT performs much better than WT, CVT and CNT in CBMIR domain.

Moreover, we tried to select the most effective PCNN-shape and NSCT-
texture features after applying MICI for efficient retrieval. The idea was to
select the optimal number of features that allows for the best category dis-
crimination considering both shape and texture. To this end, we trained a
multi-class Least-Squares Support Vector Machine (LS-SVM) classifier using
a one-versus-one strategy with a 10-fold cross-validation on the parametriza-
tion. A share of 60% labeled samples from the dataset was selected as the
training set, while the remaining 40% was reserved for the test set. We
evaluated the performance of the classifier using different shares of selected
features (20%, 40%, 60% and 100%) in terms of misclassification error on
IRMA dataset. According to the results reported in Fig. 6, we can clearly
see that the feature selection step has an impact on the retrieval perfor-

mance. The best results are achieved with a share of 40% PCNN-shape and
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Figure 6: Performance effectiveness of different shares of PCNN-shape and NSCT-texture

features.

20% NSCT-texture feature on IRMA dataset. Thus, empirically, the dimen-
sions of PCNN-shape and NSCT-texture feature vectors were reduced from
70 and 448 to 28 and 90, respectively.

The next experiment we performed was to find out the best sequence of
feature combination for radiographic images considering two different feature
representations (selected PCNN-shape and NSCT-texture features from the
previous experiments). The graph of Fig. 7 shows the performance of com-
pact PCNN-shape and NSCT-texture feature vectors with various combina-
tions, considering various scope size ¢ (5, 10, 15 and 20 images/frame). The
graph shows the performance of the CBMIR system using compact PCNN-
shape and NSCT-texture features, combination of compact PCNN-shape +
NSCT-texture features, compact NSCT-texture followed by compact PCNN-
shape and compact PCNN-shape followed by compact NSCT-texture, respec-
tively. Here, “=" means “followed by”. For e.g., PCNN-shape = NSCT-
texture means PCNN-shape followed by NSCT-texture. The numbers in the
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Figure 7: Performance comparison of different feature sequence combinations.

bracket denote the dimension of the selected feature representation. From the
graph of Fig. 7, we can see that the compact NSCT performs worse than com-
pact PCNN-shape features whereas the combination of compact PCNN-shape
+ NSCT-texture performs better than only PCNN-shape and NSCT-texture
based feature representation schemes. Therefore, the proposed feature repre-
sentation scheme (PCNN-shape followed by NSCT-texture) provides the best
retrieval results. We also conducted another experiment to find out the time
requirement of different feature representation schemes. Table 1 shows the
average retrieval time using all and selected features with Euclidean distance
measure and without considering RFM. From Table 1, it can be seen that
the “PCNN-shape= NSCT-texture” performs well in terms of classification
accuracy while having a satisfactory time requirement as compared to the
other feature combinations.

To support our choice of setting the scope size ( as 20 (which is a general
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Different Methods With All Fea- With Compact

tures Features
Accuracy(%) | Time(sec) | Accuracy (%) | Time(sec)
PCNN-shape 87.19 1.104 85.89 0.525
NSCT-texture 75.12 2.915 74.45 1.146
PCNN-shape = NSCT-texture 93.69 3.102 93.03 1.169

Table 1: Comparisons of different features vectors in terms of time requirement and clas-

sification accuracy.

(a) QueryImage

(b) 120 (t) 21-40 (d) 41-60
Figure 8: Performance comparison considering different scope size (. Green boxes —

relevant images, red boxes — irrelevant images.

and popular convention), we evaluated the performance of the proposed CB-
MIR system with different scope sizes - starting from 5 to 60 in step-size 5.
An example is given in Fig. 8 which shows the fact that increasing the scope
size would result in showing more and more number of irrelevant images.
In this case, it becomes difficult for the medical personal to provide correct
response to the system as the person has to choose the relevant /irrelevant
images from a large number of displayed images. Moreover, the effectiveness
of the RFM also depends on the correctness of the user’s response. With a

large scope size, there is a chance of introducing erroneous responses to the
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RFM.

7.3. Effectiveness: Fuzzy Indexr Based RFM

To test the effectiveness of the novel fuzzy-indez-RFM, top 20 retrieved
images were used to compute the average precision values. The graph of
Fig. 9, shows the effectiveness of the proposed system in terms of average
precision for different phases of the system and the number of iterations.
We can clearly see the incremental improvement in the retrieval accuracy
achieved by the proposed system over the different stages of the system. The
proposed CBMIR system achieves near about 78% average precision after the
coarse retrieval (using compact PCNN-shape feature). Based on the retrieval
results provided by the coarse retrieval steps, the system works on a reduced
search space (consisting only the images of the top p classes returned by
coarse retrieval steps). The AP increases to approximately 93% in the finer
retrieval stage (using compact NSCT-texture features). If the user is not
satisfied with the retrieval result, based on the feedback response of the user,
the proposed fuzzy-indez-RFM tries to improve the result further. From the
graph of Fig. 9, we can see that the proposed fuzzy-index-RFM achieves the
highest retrieval accuracy after only 3 — 4 iterations.

The Fig. 10 shows the visual results (considering ¢ = 20) achieved by the
different steps of the proposed CBMIR system for some query images (left
column’s image marked by black box). The row 1 of the right column shows
the coarse classification results, when retrieval is done on whole database.
The row 2 of the right column shows the results of limited classes, which has
been selected using similarity position score. Based on the user feedback,

final results are shown in the last row (row 3 of the right column) of the

25



100

-3

= i 1
S 95 ]
A2 ]
£ 90 :
[ T ]
&, 85] E
= 3
2 80.: E
=< _: : : ; ]
754 > A 2 3 a

Phases \_ No. of Iterations (RF) /

~

Figure 9: Effectiveness of the proposed fuzzy-index-RFM.

respective query image. We can see that all the retrieved images after the
374 iteration of the fuzzy-index-RFM are almost from the same class as that
of the query image with improved ranking. In Fig. 10(b), after using the
proposed fuzzy-index-RFM, only one irrelevant image present in the top 20
retrieved images as shown in row 3. This might because that the pathology
information has not being considered in our proposed system. Hence, from
the qualitative and quantitative results, we can say that our system achieves
AP of approximately 93% without using fuzzy-index-RFM and it increases
to approximately 98% by using proposed fuzzy-indez-RFM on the subset of
IRMA-2009 database’s images.

7.4. Effectiveness: Comparisons with State-of-the-Art CBMIR Systems

An exact comparison across different existing CBMIR schemes reported
in the literature is a complex task. This is due to the different usages of
medical image database in these studies. However, to further justify the
proposed system, we compared it against several state-of-the-art CBMIR

schemes for medical images [25, 26, 27, 21, 43, 24, 17, 30], without involving
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Figure 10: Visual performance of the proposed system (black box — query image, green
box — relevant image and red box — irrelevant image): Left column’s image is the query
image. Row 1 of right column shows the coarse classification results ((a): 11/20; (b):
4/20). Row 2 of right column shows the results when limited search from pre-selected
number of classes ((a): 17/20; (b): 13/20, ranking improved) using similarity positional
score. Row 3 of right column shows the refinement of second result with fuzzy-indez-RFM

after 37 iteration ((a):20/20; (b): 19/20, ranking improved).
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Scheme #Images|#Class Accuracy (%)

Keysers et al. [25] 1,617 6 92.00%
Lehmann et al. [26] 6,231 81 85.50%
Rahman et al. [27] 5,000 20 81.96%

Pourghassem et al. [21]| 9,100 40 194.00% (17 merged classes)

Takovidis et al. [43] 10,000 116 90%
Rahman et al. [24] | 5,000 | 30 81.01%
Fesharaki et al. [17] 2,158 18 93.60%
Srinivas et al. [30] 2,600 - 87.50%
Proposed 10,902 57 93.03%

Table 2: Comparisons with state-of-the-art CBMIR, systems. #Images: Number of

images in the database; #Class: Number of image classes in the database.

the RFM in the retrieval loop. The comparison is summarized in Table 2.
It can be seen from the Table 2 that many [25, 17, 30] of the existing CB-
MIR systems works efficiently for small image database (< 3,000 images)
having very limited classes (< 20 categories) of medical images. But, the
effectiveness of these systems for larger medical image database consisting
of much different modalities of medical images is unknown. The schemes
described in [27, 24] both achieved approximately 81% accuracy on medical
image database having 5,000 images, but considering only 20 and 30 image
classes, respectively. Only the CBMIR systems proposed in [26, 21, 43] have
considered bigger image database (> 5,000 images) consisting of relatively
higher number of different classes (> 40) of images. Specifically, the scheme

of [21] reported average classification accuracy of 94% on a database of 9, 100
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images from 40 classes in which 17 classes are merged. But, considering all the
40 different image classes-the accuracy reduces to approximately 64% [21].
The scheme described in [43] considered the largest diverse image database
(10,000 images of 116 classes) among all the existing techniques mentioned
in the Table 2. But even with a much higher dimensional feature repre-
sentation scheme (compared to the proposed feature vectors), this scheme
achieved approximately 90% accuracy. Compared with these above men-
tioned methods, the proposed system performs (comparably) better (93%)
because of the use of a novel hierarchial two-stage retrieval procedure along
with the novel SPS and fuzzy-index REM. The global (shape) to local (tex-
ture) hierarchial system follows the vision system (VS) characteristics. The
use of PCNN mimicking the mammalian VS, provides an efficient descriptor
to effectively represent the shape characteristics of the radiographic images
using the global coupling and pulse-synchronization properties. On the other
hand, the use of NSCT as a multiscale geometric analysis tool to represent
the texture of the x-ray images is also proven to be an effective solution. This
also leads to a lower dimensional (using MICI) compact feature representa-
tion. It should also be noted that inclusion of the novel fuzzy-index RFM to
the proposed system also enhances the retrieval performance (approximately
98%). The proposed system does not use any computationally expensive
machine learning techniques (like support vector machine, fuzzy C-means,
decision tree etc.) which makes it easily implementable in hardware and re-
quires only compact feature vector representations of the stored database’s

images with their class levels during retrieval.
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8. Conclusion

In this paper, we have proposed a novel efficient system for retrieval of
radiographic medical images based on a two-stage hierarchical classification
system. Main importance is given on constructing effective feature vector
representing the image’s content and search-space reduction without com-
promising the performance. Furthermore, to handle the uncertainty and
ambiguity of the user response, a novel fuzzy-index-RFM is incorporated to
the proposed system. Experimental evaluations of the proposed system have
shown that our approach is effective and improves the retrieval performance
of CBMIR systems significantly compared to other state-of-the-art methods.
In future, we intend to explore our proposed scheme for the retrieval of vari-
ous kinds of medical images, such as endoscopic, colonoscopy images etc. We
are also interested in considering the generalizations of our proposed scheme
to accommodate different types of features, different similarity measures and

improved RFM within our framework.
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Highlights:
1. An interactive CBMIR system using two-stage classification.

2. Two new compact feature representations using PCNN and NSCT.

3. New “similarity positional score” to automatically identify the top “p
probable classes in the first stage.

4. Reducing the “semantic gap” problem using a new fuzzy based relevance
feedback mechanism.

5. Large and diversified experimental findings on popular and large
radiographic image database (IRMA-2009).





