J. Vis. Commun. Image R. 25 (2014) 1726-1731

Contents lists available at ScienceDirect

J. Vis. Commun. Image R. AL

Representation

journal homepage: www.elsevier.com/locate/jvci e

Fusing multi-cues description for partial-duplicate image retrieval

@ CrossMark

Chenggang Clarence Yan?, Liang Li ®*, Zhan Wang ¢, Jian Yin ¢, Hailong Shi?, Shugiang Jiang?,

Qingming Huang *"

2Key Lab of Intelligent Information Processing, Institute of Computing Technology, Chinese Academy of Sciences, Beijing, China

Y University of Chinese Academy of Sciences, Beijing, China

¢State Key Laboratory of Information Security (DCS Center), Institute of Information Engineering, Chinese Academy of Sciences, Beijing, China

d Department of Computer, Shandong University, Weihai, China

ARTICLE INFO ABSTRACT

Article history:

Received 17 April 2014
Accepted 8 June 2014
Available online 26 June 2014

Keywords:

Multi-cues

Local Self-Similarity Descriptor
Spatial pyramid
Partial-duplicate image retrieval

In traditional image retrieval, images are commonly represented using Bag-of-visual-Words (BoW) built
from image local features. However, the lack of spatial and structural information suppresses its perfor-
mance in applications. In this paper, we introduce a multi-cues description by fusing structural, content
and spatial information for partial-duplicate image retrieval. Firstly, we propose a rotation-invariant
Local Self-Similarity Descriptor (LSSD), which captures the internal structural layouts in the local textural
self-similar regions around interest points. Then, based on the spatial pyramid model, we make use of
both LSSD and SIFT to construct an image representation with multi-cues. Finally, we formulate the
Semi-Relative Entropy as the distance metric. Comparison experiments with state-of-the-art methods
on four popular databases show the efficiency and effectiveness of our approach.

© 2014 Elsevier Inc. All rights reserved.

1. Introduction

With the rapid development of internet and multimedia tech-
nology, plenty of partial-duplicate images are generated for picture
sharing, information delivering, photo ornamenting, etc. Different
from the traditional image retrieval, the duplicate regions among
partial-duplicate images are only parts of the whole images while
there are various kinds of transformations on scale, viewpoint, illu-
mination and resolution. Although this make the retrieval task
more complicated and challenging, partial-duplicate image retrie-
val is demanded by various real applications (e.g. fake image detec-
tion, copy protection, and landmark searching), and has attracted
increasing research attentions recently.

Most of existing partial-duplicate image retrieval systems are
based on Bag-of-visual-Words (BoW) representation of SIFT
extracted from images. However traditional BoW representation
loses their discriminative power in partial-duplicate image retrie-
val since partial duplicate images are duplicates on small local
regions rather than entire images. To improve the discriminative-
ness of BoW representation, research efforts have been dedicated
at the following aspects: (1) Local descriptor aggregation [1-6].
Winder et al. [5] learn the descriptor via taking advantage of the
DAISY configuration (a.k.a. the polar Gaussian pooling approach
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which has origins in geometric blur). Bronstein et al. [1] construct
a spatially-sensitive image descriptor in which both the features
and their relations are affine-invariant. Perronnin et al. [3] and
Philbin et al. [4] propose a simple and yet efficient way of aggregat-
ing local descriptors into a vector of limited dimension inspired by
the Fisher kernel representation. The purpose of feature integration
is to generate a more discriminative description with spatial infor-
mation. But they are implemented on the region with a fixed size
so as to be limited in the partial-duplicate image retrieval. (2) Geo-
metric verification [7-11], which is motivated by the observation
that there existing strong geometric constrains among the visual
words in an object. For example, Jégou et al. [2] propose a weak
geometric consistency constraint in terms of angle and scale to fil-
ter the matching descriptors. Philbin et al. [8] exploit the shape
information in the affine-invariant image regions to improve query
performance. Wu et al. [9] bundle local features into groups and
introduce a relative coordinates ordering to improve the retrieval
precision. However, the scheme is limited because the relative
coordinates ordering is not rotation-invariant. Chum et al. [11]
extends the query expiation methods on spatial verification and
re-ranking. As there exists plenty of background noise in the
partial-duplicate images, the geometric verification is normally
ineffective in partial-duplicate image retrieval task.

Based on the above analysis, we design a multi-cues description
by fusing structural, content and spatial information for partial-
duplicate image retrieval. On the structural description, we
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propose a novel rotation-invariant Local Self-Similarity Descriptor
(LSSD), which captures the internal structural information in the
local textural self-similar regions around interest points. The
details of LSSD will be presented in Section 2. On the content
description, SIFT, as the most popular local descriptor, has the abil-
ity of robust and effective content representation for local point.
For the better discriminative power, we combine LSSD and SIFT
to form a multi-description for the local interest point. On the spa-
tial description, we construct the spatial pyramid description of
both LSSD and SIFT. Finally, according to the unique characteristic
of partial-duplicate image retrieval, we propose the Semi-Relative
Entropy (SRE) as the distance metric between two images based on
the spatial pyramid representation of multi-description. Fig. 1
illustrates the framework of our approach.
In summary, there are three contributions of our work:

e A multi-cues description with structural, content and spatial
information is designed for the partial-duplicate image
retrieval.

e The proposed LSSD presents good descriptive ability for struc-
tural layout and is robust for small local distortions.

e The proposed Semi-Relative Entropy is proved to be reasonable
and shows promising performance for partial-duplicate image
retrieval.

The remainder of the paper is organized as follows. Section 2
introduces the proposed Local Self-Similarity Descriptor in detail.
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Section 3 details the multi-cues description framework. Section 4
derives the proposed similarity measure formulation. The results
of experiments will be discussed in Section 5. Finally, Section 6
concludes the paper.

2. The local textural self-similarity description

In this paper we present a Local Self-Similarity Descriptor
(LSSD) which captures internal structural layouts of local
textural self-similarities around interest points and is robust to
small local distortions. Fig. 2 illustrates the process of extracting
LSSD.

2.1. Distinctive interest point

The Local Self-Similarity Descriptor is built upon interest points.
Interest points are commonly employed in a number of real-world
applications such as object recognition [12,6,13,14] and image
retrieval [3,9], because they can be computed efficiently. In addi-
tion, they are resistant to partial occlusion and relatively insensi-
tive to changes in viewpoint. We detect image interest points
using the DoG (Difference of Gaussian), proposed by Lowe [15],
which has been shown to be robust and effective for detecting
interest points. From the detected interest points, we can obtain
three cues for each interest point i.e. (1) scale; (2) location factor;
and (3) orientation factor.
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2.2. The extraction of LSSD

The LSSD is extracted in a circular region centered at an interest
point (i.e. typically of radius 20). At first, for each point in the circular
region, we compute LBP histogram [16] for its surrounding image
patch (typically 7 x 7). Then we construct the self-similarity map,
where the value of each point is the similarity distance between this
point and central point. We use the y? distance to measure the dis-
tance. Since the LBP only contains the information of texture, as sup-
plementary, we add a regular term to measure the bias of luminance.
Finally, the final distance measure formulation is:

(Hp(i) — Hq(D))* .

SSk(p,q) = 24+ 1xsin(|G, -G 1

k(P. q) Z (Hy () + Hyl)? + (IGp = Ggl) M
where G, denotes the gray level of point p and H, stands for the LBP
histogram of the patch centered at p; 7 is the balancing parameter.

After we obtain the self-similarity map, we transform it into a
polar coordinate, which is partitioned into 64 bins symmetrically
(4 radial intervals, 16 angle intervals). As a tradeoff between
robustness and discrimination, the second maximal value in each
bin is used as the value of each bin in the descriptor. Finally, we
cascade these 64 bins clockwise and radially to form the LSSD.
The value of the vector is normalized to the range 0-1. In Sec-
tion 2.1, we obtain the orientation factor of an interest point, and
cascade these bins with the orientation factor as the initial direc-
tion to keep rotation invariance of LSSD. Algorithm 1 presents
the detailed computation of LSSD.

Algorithm 1. Extracting the Local Self-Similarity Descriptor (LSSD)

Input: image I, interest points k;, i = 1,..., K
Output: the set of LSSD {S;}

1 for each interest point k; do

2 Get a circular region centered at k; with radius R;
3 Get LBP histogram H of a square centered at k;;
4 for each point p; ; in the circular region do
5 Compute LBP histogram H; ; of a square centered at p; ;;
6 Get the similarity by comparing H with H; ;;
7 end
8 Get a circular self-similarity map;
9 Transform the map into a polar coordinate;
10 Quantize the polar coordinate into S; with bins;
11 end

-

2 return all the S;;

We note that not all descriptors are significant. In the paper, we
filter out two kinds of uninformative descriptors: first, all the bins
of a descriptor are below a threshold (typically 0.05), which demon-
strates that this descriptor does not capture any useful information.
Second, all the bins of a descriptor are above a threshold (typically
0.95), which demonstrates that this interest point is an outlier.

3. The multi-cues description framework

We quantize LSSD and SIFT into the BoW representation inde-
pendently, and bind both two features to represent an image.
Fig. 3 illustrates the effective region of LSSD and SIFT. LSSD has
the capability of capturing the internal structural information for
a larger region centered at an interest point and SIFT is a robust
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Fig. 3. The effective region of LSSD and SIFT.

and effective representation of content for an interest point. Such
the description has strong descriptive power including geometry
and content in the local region so that it is valid to occlusion.

Further, we make use of spatial pyramid matching (SPM) model
[17] in order to integrate the spatial information, which is one
extension of the BoW model and has made a remarkable success
on a range of image applications. For an given image I, firstly, we
partition it into 2' x 2' segments in different scales I=0, 1, 2. Sec-
ondly, SIFT and LSSD descriptors are extracted from each segment.
Thirdly, for each segment in each scale, we compute the BoW his-
tograms of SIFT and LSSD, respectively. Finally, for each feature, we
concatenates all the 21 region representations to form a vector rep-
resentation of the image, both the spatial layout and more basic
pattern responses are retained.

Based on the above steps, the images is represented with two
SPM histograms of SIFT and LSSD, which constructs a multi-cues
description to capture the structural, content and spatial informa-
tion. Fig. 4 illustrates the generating framework of the proposed
multi-cues image description.

4. Similarity measurement with Semi-Relative Entropy

We quantize LSSD and SIFT into SPM histograms separately. For
each image, we can represent it with the multi-cues description.
We evaluate the similarity between images by formulating a
Semi-Relative Entropy (SRE).

In probability theory and information theory, the relative
entropy [ 18] (also KL-divergence, information divergence, or infor-
mation gain) is a non-symmetric measure of the difference
between two probability distributions P and Q:
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@ : ABoW histogram based on LSSD
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Fig. 4. The multi-cues description framework.
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p(i)

D (PQ) = ZP lOg— 2)

q(i)

Besides non-symmetric, the relative entropy has another disad-
vantage: some items are neutralized because function log(-) is not
always larger than zero. So we propose the Semi-Relative Entropy
Dsge(P||Q), which is given by:

q(0) )
— 3
p(i) )

p(i

Das(PQ) = 31 |p() - TogBy 7] +

where f(-) is a monotonically increasing function and is defined as
the sigmoid function:

1
1 +exp(—s)

a(i - Tog

fls)= 4)
By means of the function, we can balance the effect of each item.

Finally, we formulate the Semi-Relative Entropy to evaluate the
similarity between images:

SRE(P - Q) = o - Dsge(Psirr||Qsirr) + B - Dsre(Pisspl|Qssp) (5)
st. a+p=1 (6)

where ¢ is the balancing parameter. P and Pgyr are the probabil-
ity density distribution of different Bow for query image P, and Qg
and Qg are the probability density distribution of different Bow
for Source images Q. Dsge(Psirr||Qsrr) and Dsge(Prssp||Qssp) denote
the SRE between homogeneous visual words.

5. Experimental results
5.1. Datasets and evaluation metric

To evaluate our scheme, we compare it with the state-of-the-art
approaches on five image datasets: (1) the Oxford building dataset
[19], we select the images with “good” and “ok” label in the ground
truth and there are 566 images with 11 different landmarks in all.
(2) an image corpus crawled from Google image [20], we crawl
1375 images with 16 categories from Google image as our ground
truth. (3) Caltech256 [21]: we choose 20 categories consisted of
1799 images from the Caltech256 dataset, which are near- or par-
tial-duplicate images. (4) PDID: a public internet partial-duplicate
image dataset [22], which consists of 10 image collections and 30 K
distractors. Each collection has 200 images. (5) PDID1M: a large
scale partial-duplicate image dataset, which consists of the PDID
dataset and one million distracter images from the Flickr.

Following [22,9], Mean Average Precision (MAP) is used as the
evaluation metric. For each query image, we compute its Average
Precision (AP), which is the area under the precision-recall curve,
and then take the mean value over all query images.

5.2. Comparison of discrimination for descriptors and distance metric

5.2.1. Comparison of discrimination for descriptor

We compare the discrimination of four descriptions in partial-
duplicate image retrieval: the multi-description of SIFT and LSSD,
another multi-description of SIFT and COLOR, SIFT, and LSSD.
Images are represented with BoW of these four descriptions and
Semi-Relative Entropy is used as the distance metric.

In the experiment, the COLOR description is a 128-Dimension
gray histogram for a square patch (typically 21 x 21) centered at
the interest point detected by DoG detector [15]. In LSSD, the
parameter « in Eq. (6) takes 0.4 and the texture is represented by
LBP;%? [16], which can be fast computed. Although LSSD is robust
to small scale variance, we use the original query image and its
down-sampled image to retrieve images for higher precision. The
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Fig. 5. Comparison of different descriptions.
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Fig. 6. Comparison of different distance metrics.

visual vocabulary of SIFT is 1.2k and that of LSSD and COLOR is both
300.

Fig. 5 shows the comparison of the above four descriptions. We
find that two multi-descriptions show the better performance,
especially that the combination of LSSD and SIFT has a more than
60% improvement over the SIFT. Another result is that LSSD by
itself has less descriptive ability than SIFT, which results from that
LSSD only captures internal geometric layouts so as to have less
uniqueness.

5.2.2. Comparison of distance metrics

We measure the similarity of the multi-description of LSSD and
SIFT with four distance metrics: Euclidean distance, y? distance,
KL-divergence and our proposed Semi-Relative Entropy. Fig. 6
shows that the Semi-Relative Entropy has the best performance
and other three methods are near to each other. Semi-Relative
Entropy decreases the weight of the common items between the
query image and the candidate image while it increases the weight
of the different items.

5.3. Performance comparison with state-of-the art approaches for
partial-duplicate image retrieval

5.3.1. Performance on the PDID dataset

In this subsection, we evaluate the performance of our proposed
multi-cues description on the PDID dataset [22], where PDID is
specially designed for the partial-duplicate image retrieval.

Baseline: we use a traditional BoW approach as the “baseline”
approach and a dictionary with 5000 visual words is clustered with
hierarchical k-means.

Comparison: four popular partial-duplicate image retrieval
schemes [22,23,9,24] are compared with our approach. (1) We also
enhance the baseline method with soft assignment [24], where the
number of nearest neighbors is set to 3 and o2 =6250. (later
referred as “Soft BoW”). (2) In [9], the SIFT and MSER are extracted
from images and bundled into groups (“bundled feature” for
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Fig. 8. Comparisons of different methods using MAP with the large scale image dataset.

short). (3) In [22], bundled feature is improved by adding an affine
invariant geometric constraint (“bundled+” for short). All of these
approaches share the common SIFT vocabulary of 5000 visual
words. For [9], the weight parameter of geometric consistency is
set to 2. For [22], the weight parameter of affine consistency is
set to 1. (4) A state-of-the-art descriptor-VLAD (vector of locally
aggregated descriptors) [23], which derived from both BoW and
Fisher kernel. Its cluster centroids k is set to 64, and the final
dimension is 8192. (5) For our approach, we use a dictionary with
10,000 visual words for SIFT, and another dictionary with 4096
visual words for LSSD. The parameter « in Eq. (6) is set to 0.65.

Fig. 7 shows the experimental results, leading to three observa-
tions. Firstly, our approach improves the MAP obviously, as can be
seen by comparing other state-of-the-art methods. The MAP of our
approach is 71.57%, while that of BoW, Soft BowW, “bundled fea-
ture”, “bundled+” and “VALD” are 32.6%, 38.3%, 59.9%, 53.6% and
47.6% respectively. Secondly, the traditional BoW approach lost
its discriminative power for the partial-duplicate image retrieval.
The reason lies in the fact that partial-duplicate images have only
a small similar portion. Thirdly, our result on “Monalisa” is not sat-
isfactory, and the reason lies in the high diversity of the “Monalisa”
images in the ground truth dataset, most of which are created by
the manual Photoshop.

5.3.2. Performance on the large scale PDID1M dataset

To evaluate the scalability of the multi-cues description, we also
estimate it on the PDID1M dataset.

Baseline: the traditional BoW approach [25] is used as the base-
line. A dictionary with 0.5M visual words is used, which is obtained
by hierarchical k-means clustering on 50K images.

Comparisons: (1) “Soft BoW” [24], where the number of nearest
neighbors is set to 3 and ¢? = 6250. This methods use the same
dictionary with the baseline. (2) “VLAD” [23], which cluster

centroids k is 64. (3) “CW” [26], a novel vocabulary tree based
approach by introducing contextual weighting of local features in
both descriptor and spatial domains, where the vocabulary tree
is with a branch factor K = 8 and depth L = 6. (4) For our approach,
we use a dictionary with 10,000 visual words for SIFT, and another
dictionary with 4096 visual words for LSSD. The parameter o in Eq.
(6) is set to 0.65.

Fig. 8 details the comparison results with four popular image
retrieval methods on the PDID1M dataset, leading to the following
observations: firstly, our approach significantly improves the MAP,
as can be seen by comparing with “baseline”, our approach boosts
the MAP from 0.261 to 0.552, a 29.1% improvement. Secondly,
comparing to the other methods, the multi-cues description also
has the improvement of performance, from 3.28% to 19.25%.
Thirdly, the performance of our method has a rapid degradation
on the “Monalisa” group under the large scale environment. In
the dataset, most Monalisa images is from the manual Photoshop,
which leads to the lack of regular content and structural patterns.

6. Conclusion

In this paper, a multi-cues description is introduced by fusing
structural, content and spatial information for partial-duplicate
image retrieval. In detail, a novel rotation-invariant Local Self-
Similarity Descriptor (LSSD) is proposed, which can capture the
internal structural layouts in the local textural self-similar regions
around interest points. Then, based on the spatial pyramid model,
we make use of both LSSD and SIFT to construct an image
representation with multi-cues. Further, we formulate the Semi-
Relative Entropy as the distance metric. In the future we plan
to have a deep research on accelerating the extraction of LSSD,
and introduce a practical large scale partial-duplicate image
retrieval system.
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