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ABSTRACT

The large amounts of image collections available from a variety of sources have posed increasing tech-
nical challenges to computer systems to store/transmit and index/manage the image data to make such
collections easily accessible. To search and retrieve the expected images from the database a content-
based image retrieval (CBIR) system is highly demanded. CBIR extracts features of a query image and try
to match them with extracted features from images in the database. This paper introduces two novel
methods as image descriptors. The basis of the proposed methods is built upon scale invariant feature
transform (SIFT) algorithm. After extracting image features using SIFT, k-means clustering is applied on
feature matrix extracted by SIFT, and then two new kinds of dimensionality reductions are applied to
make SIFT features more efficient and realistic for image retrieval problem. Using the proposed strategies
we cannot only take the advantage of SIFT features but also we can highly decrease the memory storage
used by SIFT features. As well as in order to compare images we do not need to run the time-consuming
matching algorithm of SIFT. Finally, proposed methods are compared with two popular methods namely,
color auto-correlogram and wavelet transform. As a result, our proposed retrieval system is fast and
accurate and it can efficiently manage large databases. Experimental results on two popular databases,
Caltech 101 (with 9144 images) and Li database (with 2360) images, show the superiority and efficiency
of the proposed methods.

© 2015 Elsevier GmbH. All rights reserved.

1. Introduction

multimedia databases. Although large number of indexing and
retrieval techniques have been developed, there is still no univer-

Research on multimedia systems and content-based image
retrieval has been given tremendous importance during the last
decade. Thereason behind thisis the fact that multimedia databases
deal with text, audio, video and image data which could provide
us with enormous amount of information and which has affected
our life style for the better. Content-based image retrieval (CBIR) is
a challenge of the access of multimedia databases simply because
there still exists vast differences in the perception capacity between
a human and a computer known as Semantic Gap.

Plenty of research works had been undertaken in the past decade
to design efficient image retrieval techniques from the image or
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sally accepted feature extraction, indexing and retrieval techniques
available. The most important factor that highly affects the per-
formance of an image retrieval system, in terms of its speed and
accuracy, is image descriptor. The image descriptor is responsible
for extracting the content image as image features. In this paper
we introduce a novel approach using scale invariant feature trans-
form (SIFT) algorithm to design an image retrieval system. SIFT is
an algorithm in computer vision to extract and describe local fea-
tures in images [1]. SIFT algorithm has been successfully used in
many computer vision and image processing tasks. Applications
include object recognition, robotic mapping and navigation, image
stitching, 3D modeling, gesture recognition, video tracking, indi-
vidual identification of wildlife and match moving [2-8]. So, in this
paper we decided to use SIFT as our image descriptor. Actually, in
the case of image retrieval problem there are two important draw-
backs with SIFT namely, time complexity and memory usage. In
order to tackle these problems we propose a new kind of clustering
method that highly decreases a dimension of the features extracted
by SIFT while at the same time keeps the discriminative power of
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the image features. The rest of the paper is organized as follows.
In Section 2, SIFT method and its drawbacks in image retrieval
problem is briefly discussed. In Section 3 proposed approaches are
described in details. Section 4 deals with experimental results and
implementations. Finally, future work and conclusion are drawn in
Section 5.

2. Scale invariant feature transform (SIFT)

For any object in an image, interesting points on the object can
be extracted to provide a “feature description” of the object. This
description, extracted from a training image, can then be used to
identify the object when attempting to locate the object in a test
image containing many other objects. To perform reliable recogni-
tion, it is important that the features extracted from the training
image be extractable even under changes in image scale, noise and
illumination. Such points usually lie on high-contrast regions of
the image, such as object edges. Another important characteris-
tic of these features is that the relative positions between them in
the original scene should not change from one image to another.
Similarly, features located in articulated or flexible objects would
typically not work if any change in their internal geometry hap-
pens between two images in the set being processed. Scale invariant
feature transform is a method for extracting distinctive invariant
features from images that can be used to perform reliable match-
ing between different views of an object or scene. The features
are invariant to image scale and rotation, and are shown to pro-
vide robust matching across a substantial range of affine distortion,
change in 3D viewpoint, addition of noise, and change in illumina-
tion. The features are highly distinctive, in the sense that a single
feature can be correctly matched with high probability against a
large database of features from many images. The major stages of
computation used to generate the set of image features using SIFT
method are shortly described in the following [1]:

2.1. Scale-space extrema extraction

The first phase of the computation seeks to identify potential
interest points. It searches over all scales and image locations. The
computation is accomplished by using a difference of Gaussian
(DoG) function. The resulting interest points are invariant to scale
and rotation, meaning that they are persistent across image scales
and rotation.

2.2. Keypoint localization

For all interest points found in phase 1, a detailed model is cre-
ated to determine location and scale. Keypoints are selected based
on their stability. A stable keypoint is thus a keypoint resistant to
image distortion.

2.3. Orientation assignment

One or more orientations are assigned to each keypoint location
based on local image gradient directions. All future operations are
performed on image data that has been transformed relative to the
assigned orientation, scale, and location for each feature, thereby
providing invariance to these transformations.

2.4. Keypoint descriptor

The local image gradients are measured at the selected scale
in the region around each keypoint. These are transformed into
a representation that allows for significant levels of local shape
distortion and change in illumination. A keypoint descriptor is a
128-dimensional vector that describes a keypoint. The reason for

this high dimension is that each keypoint descriptor contains a lot
of information about the point it describes.

For image matching and recognition, SIFT features are first
extracted from a set of reference images and stored in a database.
A new image is matched by individually comparing each feature
from the new image to this previous database and finding candidate
matching features based on Euclidean distance of their feature vec-
tors. The keypoint descriptors are highly distinctive, which allows
a single feature to find its correct match with good probability in
a large database of features. However, in a cluttered image, many
features from the background will not have any correct match in
the database, giving rise to many false matches in addition to the
correct ones. The correct matches can be filtered from the full set
of matches by identifying subsets of keypoints that agree on the
object and its location, scale, and orientation in the new image. The
probability that several features will agree on these parameters by
chance is much lower than the probability that any individual fea-
ture match will be in error. The determination of these consistent
clusters can be performed rapidly by using an efficient hash table
implementation of the generalized Hough transform. Each cluster
of 3 or more features that agree on an object and its pose is then
subject to further detailed verification. First, a least-squared esti-
mate is made for an affine approximation to the object pose. Any
other image features consistent with this pose are identified, and
outliers are discarded. Finally, a detailed computation is made of the
probability that a particular set of features indicates the presence
of an object, given the accuracy of fit and number of probable false
matches. Object matches that pass all these tests can be identified
as correct with high confidence.

In order to get useful insights toward the image retrieval prob-
lem using SIFT, one can refer to [10]. In this paper Bakken did some
useful experiments for evaluating the power of SIFT in CBIR. For
instance he measured the running time of keypoint generation and
keypoint matching. Also, he examined the results of applying SIFT
on different kind of images like images with high rate of variation
or simple images with flat area of just one color. In the end he con-
cluded that SIFT is not suitable for CBIR problem. Two of the most
important drawbacks of SIFT that prevent it from having a good
performance in CBIR are its memory usage and running time of
the matching algorithm. Here we address these two drawbacks in
such a way that SIFT can be efficiently used for retrieving images
from large databases in real time performance while the proposed
approaches can reach high accuracy.

3. Proposed approaches

In this section we propose two approaches for using SIFT
features in CBIR. SIFT features are local features that are highly dis-
tinctive and suitable for image matching. However, in case of CBIR,
a problem arises from the large number of keypoints extracted by
SIFT algorithm. Storing these features and then matching them with
images in the large databases is really impractical [10]. Therefore,
it seems that new ways for decreasing the size of SIFT descriptor is
needed. Data clustering is one way for achieving this goal.

Here we use clustering for decreasing the size of SIFT feature
descriptor. By increasing the number of keypoints in images, SIFT
feature descriptor gets too big. Suppose that an image A contains a
set of k keypoints P={p1, pa, . . ., r} in which feature vector of each
point p; is v; = {vj1, Vj2, Vi3, - - -, Vi128}- Now, we define the following
concepts.

3.1. Cardinality matrix of cluster-sets (CMCS)

In our proposed methods k-means clustering is used to decrease
the dimension of feature matrix. To this end, in our first method,
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Fig. 1. The retrieval results of the mountain image from Li database [9].

feature vector of each keypoint is divided into 16 parts so that each
part includes eight keypoints. Clustering these parts yields a new
feature vector. So, the feature vector v; is divided into 16 parts as

following:
vj = {vj1, Vj2, Vj3, . . ., Vj128} — division of Feature vector

- Vj128}

(1)

l’]/-] = {Uj], sz, Uj3, ey ‘Ujg}, ey U]’.16 = {Uj121 , Vj1229 I/j123, ..

We construct a k-means clustering named K with eight clusters
SO as l((vjfl) =n if and only if vjfl belongs to the nth cluster. There-

fore, each vJCl belongs to one cluster and feature vector v; can be

represented in a more compact way using 8 clusters.

However, for each image, like A, the number of keypoints vary
which causes a big for comparing images. Therefore, we have to
aggregate extracted features from points. In order to do that, we
define the following Cluster-Set:

Mj; = (K (vy) =i, v € P} (2)

where lej is a set of parts belongs to the ith cluster. This set helps
to construct a global matrix G as following:
M| e M

. U
1 1,16

G= o : (3)

|M§1| |Mé,16| 8x16
where |lej| is cardinality of the set \lej|. Fig. 1 shows the experi-

mental results of the first proposed method.

3.2. Resultant vector of clustered SIFT features (RVCSF)

In the second method, we compress local feature vectors based
on the concept of SIFT features. To do so, resultant of histogram bins
in the same directions is computed. Hence, a new compact feature
vector ; is built as following:

v = {Uﬁ, Vj2, Vj3, - - .,Uj]zg} d 1_11

15 15 15
= E Vj(148+1)s g Vj(14842)5 + - » E Vj(148+8) (4)
10 10 =0

As a result of this compression, the local features tend to be
more global while they are highly distinctive yet. This improve-
ment results in better performance in the scope of CBIR. To make
more improvement we decided to cluster new compact feature vec-
tor using k-means, K, with 16 clusters. Hence, K(7;) = n if and only
if v; belongs to the nth cluster. By using clustering K, each feature
descriptor can be referred as a cluster. Therefore, with aggregating
clustering results, we build the global feature vector G, as follow-
ing:

G = (|- |1

seer |Mis|] (5)

where My = {pK(7;) =k, peP}, k=1,2,..,16.

In this method we used 16 clusters. Experimental results show
that by increasing the number of clusters the efficiency of the
proposed method is highly increased. Fig. 2 shows the result of
implementing the second method with 16 clusters. We should
mention that the best results were achieved when we used the
second method with 16 clusters and dividing images into 16 parts.

We also noticed that the locations of the keypoints in images
play an important role in the SIFT algorithm. Therefore, to take this
point into account, we decided to divide images into some parts
and compute their G2 feature. In this case the distance between
two images is sum of the distances between corresponding parts.

4. Experimental results and comparisons

In this section we make some comparisons between our
proposed methods with some popular methods like color auto-
correlogram [12] and wavelet transform [13]. As it can be seen from
Fig. 3 the performance of the first and second proposed methods
are better than color auto-correlogram and Wavelet.

For comparingretrieval results on Li database, we used the name
of the images in the database which are created by the database col-
lector and the fact that similar images are given sequential numbers
so the sum of Euclidean distances between the name of the query
image and retrieved images can be a realistic criteria for comparing
the methods.

As it can be seen from Fig. 3 the most promising results were
achieved using proposed approaches.

The performance of the proposed scheme is also tested on the
benchmark Caltech 101 which contains 9146 images grouped into
101 distinct object classes and a background class. The number of
images in an image category ranges from 31 to 800. Most images
in the Caltech 101 database have a centered object, which covers
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Fig. 2. Retrieval results of the face image from Caltech 101 database [11].
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Fig. 3. Theresults of comparison between our proposed methods, auto-correlogram
and wavelet transform.

the entire image. Hence, the problem of geometrical variance of
object representation is minimal as in the case of ideal object based
image retrieval. The experiments were carried out by using a set of
ten different, randomly sampled images from each image category
as query images. Thus, the recall experiments were performed for
1010 query images. All experiments are performed on grayscale
images. The effectiveness of our scheme is demonstrated by com-
paring the results with the traditional Bag of words (BoW) approach
[14] as well as the Spatial pyramid matching (SPM) based scheme
[15].

The mean Average Precision (mAP) values for the three schemes
are calculated over all the query images. Average precision of a
single query is defined as the mean of precision scores after eachrel-
evant image retrieved. mAP is defined as the mean of the individual
average precision scores for all query images. Our proposed method
achieved 92.69% mAP while BoW method and SPM achieved 82.00%
and 88.80% mAP, respectively.

Therefore, the proposed scheme produce an improvement of
10.69% over the traditional BoW scheme, while the SPM based
scheme produces an improvement of 6.8%.

In general, image sets, which had distinct visual patterns and
less background occlusion responded well to the proposed scheme
like the ‘camera’ image set in the Caltech 101 database. Image sets
where the position or orientation of the central object of inter-
est varies significantly within the images in the set, are seen to
show relatively poor results when used as query images for the pro-
posed scheme. This could be attributed to the fact that the proposed

scheme does not focus on geometrically invariant representation
of the object structure.

5. Conclusion and future work

This paper proposes two new approaches for content-based
image retrieval using Scale invariant feature transform method.
The main goals of these two approaches are tackling two impor-
tant drawbacks of SIFT method namely, its memory usage and its
matching time, that prevents it to be used as a reliable method for
CBIR problem. In the first approach using k-means clustering, the
feature matrix extracted by SIFT method is clustered to 16 clus-
ters so that instead of having a huge matrix with dimension of
k x 128, which k is the number of keypoints, we will have a reduced
matrix of size 8 x 16. In the second approach using the fact that
each keypoint is described by eight dominant directions, the fea-
ture matrix is reduced to a vector of size 1 x 18. In both methods
there is no loss of discriminative power of SIFT while the size of fea-
ture matrix is highly reduced. The proposed approach shows high
performance when facing with object images namely the images
with an object in them. This fact is because of the concept of SIFT.
However, for more complex images like scene images or images
with cluttered and occluded background the performance of SIFT
needs more improvement.
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