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ABSTRACT
Content Based Image Retrieval (CBIR) system supports users to retrieve relevant medical images based on
their features. Current content based image retrieval systems are incapable of providing exact results to the
users. To address this problem a consistent feature extraction method is required for content based medical
image retrieval system to extract similar features from the images. In this study discrete curvelet based
feature extraction technique is proposed to retrieve similar images and the similarity distance is calculated
by using Euclidean distance. The proposed method gives better precision and recall rate. Experimental
results on a database of 200 MRI images.
Keywords: Content Based Image Retrieval, Texture Retrieval, Discrete Curvelet, Similarity Matching,
Euclidean Distance
to retrieve the efficient images. The feature extraction in
CBIR is a major step whose efficiency depends upon the
technique adopted for extracting features from
particular images. The CBIR utilizes visual contents of
an image such as color, texture, shape, spatial layout, to
represent and index the image database. Along with
these features, texture feature is a more important and
major visual property of an image. A comprehensive and
extensive literature survey on CBIR is presented in
(Zhang et al., 2012; Zajic et al., 2011). At present, there
are many techniques for capturing medical images from
patients to assist with diagnostic tasks. These include
Computed Tomography (CT), Magnetic Resonance
Imaging (MRI), X-ray images, ultrasonography. The
diagnostic job generates a huge amount of medical
images that must be archived for upcoming evaluations.
The majority of these techniques produce digital images,
which are archived and handled through Picture
Archiving and Communication Systems (PACS).
Content based image retrieval is more challenging in
medical domain than in many general purpose domains.
The main reason is that important features in medical

1. INTRODUCTION
In current years, fast advances in technology have
created a huge amount of image data in different areas,
such as fine art galleries, fashion design, medicine. We
often need to efficiently retrieve image data to perform
assigned tasks and to make a decision. Hence,
developing proper tools for the retrieval image from huge
image collections is difficult. Two different types of
approaches, i.e., text based image retrieval and content
based image retrieval. In the text-based image retrieval
system, the images are physically annotated by text
descriptors and then used by a database system to perform
image retrieval. Though, there are some restrictions of
using keywords to attain image retrieval. That is, the
textual descriptions given by an annotator could be
different from the perspective of a user. In further, there
are inconsistencies between user textual queries and image
annotations. To alleviate these problems, the image
retrieval is carried out according to the contents of image.
Such approach is the so-called Content-Based Image
Retrieval (CBIR). The main aim of the CBIR system is
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a systematic analysis, application and evaluation of this
feature in this study.

images are often local features rather than global
features. This makes feature extraction much more
demanding. Feature extracted for medical images
must be able to both describe fine details of the
images and allow quick retrieval of relevant images.
The rest of this study is organized as follows. The
background work is presented in Section 2. The discrete
curvelet transform is described in Section 3. Curvelet
based feature extraction approach is discussed at section
4. The experimental results and conclusion are reported
in Section 5 and 6.

1.2. Discrete Curvelet Transform
Fundamentally, curvelet transform broaden the
ridgelet transform to multiple scale analysis. Given an
image f (x,y), the continuous ridgelet coefficients are
expressed in Equation (1) as shown below:
R f (a, b.θ) = ∫∫ ψ a ,b.θ (x, y)f (x, y)dxdy

1.1. Related Works

Here, a is the scale parameter where a > 0, b∈R is
the translation parameter and θ ∈[0,2π) is the orientation
parameter. Exact reconstruction is possible from these
coefficients. A ridgelet can be defined in Equation (2):

In general the spectral approaches of texture feature
representation, wavelet transforms and Gabor filters have
been found to be used in CBIR successfully. The
multiresolution wavelet transform has been employed to
retrieve images. The wavelet features do not achieve high
level of retrieval accuracy. Therefore, different approaches
have been developed to achieve higher level of retrieval
accuracy using wavelet transform. Wavelets perform
better for one dimensional signal as it is good in
representing point discontinuities. All singularities in a
one dimensional signal are point singularities, so wavelets
have certain universality there. However, in higher
dimensions, more types of singularities may exist. In these
cases wavelets lose their universality (Quellec et al.,
2012; Zhang et al., 2012; Zajic et al., 2011) and perform
merely good enough in capturing the edge discontinuities
in 2-D space, which is important in texture representation.
Another multiresolution approach, the Gabor filters,
consists of a group of wavelets each of which capturing
energy at a specific resolution and orientation. To
overcome the problems in using the discrete wavelet and
Gabor filters transform, a new multiresolution approach
named discrete curvelet transform. Curvelets take the form
of basis elements, which have elongated effective support;
i.e., length >width (Akakin and Gurcan, 2012). Therefore,
curvelets can capture anisotropic elements such as the
edges of an image effectively (Li et al., 2011).
Furthermore, curvelet spectra cover the frequency
plane of an image completely. For these important
properties, curvelet transform can be used as a powerful
image feature capturing tool in CBIR. Texture feature
representation and its use in CBIR is an important
research issue. Though many works on texture
classification and representation have already been done,
it is still an open issue. In order to realize the
effectiveness of the curvelet features for CBIR, we make
Science Publications

(1)

 x cos θ + y sin θ − b 
ψ a ,b,θ (x, y) = a 2 ψ 

a


1

(2)

where, θ is the orientation of the ridgelet. Ridgelets are
constant along the lines x cosθ+y sinθ=const and transverse
to these ridges are wavelets (Zhang et al., 2012; Zajic et al.,
2011). Ridgelets take the form of a basis element and
obtain a high anisotropy. Therefore, it captures the edge
information more effectively. A ridgelet is linear in its
edge direction and is much sharper than a conventional
sinusoidal wavelet (Zhang et al., 2012; Zajic et al., 2011).
Curvelet transform based on wrapping of Fourier
samples takes a 2-D image as input in the form of a
Cartesian array f[m,n] such that 0≤m<M,0≤n<N and
generates a number of curvelet coefficients indexed by a
scale j, an orientation l and two spatial location
parameters (k1 ,k2) as output. To form the curvelet
texture descriptor, statistical operations are applied to
these coefficients. Discrete curvelet coefficients can be
defined by Equation (3) (Liu et al., 2011;
Manipoonchelvi and Muneeswaran, 2011):
C D ( j,l, k1 , k 2 ) =

∑ f [ m, n ]φ

0≤ m ≤ M

D
j,l,k1 ,k 2

[ m,n ]

(3)

Here, each, φD j,l,k ,k [ m, n ] is a digital curvelet
1

2

waveform. This curvelet approach implements the
effective parabolic scaling law on the subbands in the
frequency domain to capture curved edges within an
image more effectively. Curvelets exhibit an oscillating
behavior in the direction perpendicular to their
orientation in frequency domain. Basically, wrapping
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database image can be defined below as Equation 4.
where, d is the distance between the feature vector and n
represents the total number of pixels in the image.
The Euclidean distance ‘d’ can be expressed in
Equation (4):

based curvelet transform is a multiscale transform with a
pyramid structure consisting of many orientations at each
scale. At high scales, the curvelet waveform becomes so
fine that it looks like a needle shaped element. To
achieve higher level of efficiency, curvelet transform is
usually implemented in the frequency domain. That is, both
the curvelet and the image are transformed and are then
multiplied in the Fourier frequency domain. The product is
then inverse Fourier transformed to obtain the curvelet
coefficients. The process can be described as Curvelet
transform = IFFT[FFT(Curvelet) FFT(Image)] and the
product from the multiplication is a wedge.

1

 2n
2
d(Q,T) =  ∑ (Qi − Ti ) 2 
 i =1


(4)

The images in the database are ranked according
to their distance d to the query image in ascending
orders and then the ranked images are retrieved. The
computed distance is ranked according to closest similar;
in addition, if the distance is less than a certain
threshold set, the corresponding original images is
close or match the query image. Precision P is defined
as the ratio of the number of retrieved relevant images r
to the total number of retrieved images n, i.e., P = r/n
(Iakovidis et al., 2009). The Precision and Recall
definition is given by Equation (5) and (6).
Precision measures the accuracy of the retrieval:

1.3. Curvelet based Feature Extraction
A generalized form of content based image
retrieval process using curvelet transform is shown in
Fig. 1. In our retrieval experiments, texture features are
first computed from the curvelet coefficients of the
query image. The database images are then compared to
the query image using a similarity measurement
technique on the feature elements in the features
vectors. The system uses the Euclidean distance to
compare the query feature vector with all the feature
vectors in the feature database. Figure 2 describes the
flowgraph of curvelet transform.

Pr ecision =

No. of relevant images retrieved r
=
Total no. of images retrieved
n

(5)

1.4. Similarity Measures
Recall is defined by R and is defined as the ratio of
the number of retrieved relevant images r to the total
number m of relevant images in the whole database, i.e.,
R = r/m (Iakovidis et al., 2009). Recall measures the
robustness of the retrieval:

The similarity measure by a given query image
involves searching the database for similar curvelet
coefficients. Euclidean Distance is suitable and effective
method which is widely used in image retrieval area. The
retrieval results are a list of medical images ranked by their
similarities measure with the query image (Wang and Zhao,
2010; Prasad and Krishna, 2011). The similarity distance
measure between the vectors of query image and the

Re call =

No. of relevant images retrieved
r
=
Total no. of relevant images in DB m

(6)

Fig. 1. Image retrieval mechanism using curvelet transform
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Fig. 2. Curvelet transform flow graph

Fig. 3. GUI for Curvelet based MRI image retrieval
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Fig. 4. Comparison of recall vs precision rate
Table 1. Various approaches and their retrieval time, accuracy
Total retrieval time for
Approach
200 images (in seconds)
Curvelet
29.09
Wavelet
32.91
Gabor Filter
34.32

1.5. Experimental Results

euclidean distance. The main objective of this study is
to investigate and evaluate an effective and robust
approach for texture representation and to use it in
image retrieval. For this purpose, we have
investigated the texture analysis using several
approaches. Throughout the study characteristics of
the main MRI methods, i.e., discrete wavelet and
discrete curvelet were discussed. Finally, we
compared the curvelet CBIR performance with that of
the existing Gabor filters and wavelet. This is the first
systematic evaluation of the image retrieval using
curvelet transform. This work has found that curvelet
features outperformed the existing texture features in
both accuracy and efficiency. Furthermore, curvelet
texture features can also be used combined with color
features to retrieve color images. Combining discrete
curvelet texture features with color features may
improve the retrieval outcome.

We present the performance of MRI image retrieval
using discrete curvelet transform and euclidean distance
method. First, we present the results of image retrieval
using the curvelet technique on a data set to evaluate its
robustness and accuracy. Then, we present the
comparison of curvelet with two different formulations.
Here GUI is created to analyze the impact of the
proposed method as shown in Fig. 3. Similarity
measures like, Recall and precision is calculated for
proposed algorithm and compared with other methods
depicted in Fig. 4. Table 1 describes various
approaches and their retrieval time, accuracy.

2. CONCLUSION
We have proposed a framework for MRI image
retrieval using discrete curvelet transform and
Science Publications

Average retrieval
accuracy (%)
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