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ABSTRACT
In traditional partial-duplicate image retrieval, images

are commonly represented using the Bag-of-Visual-Words

(BOV) model built from image local features, such as SIFT.

Actually, there is only a small similar portion between partial-

duplicate images so that such representation on the whole im-

age is not adequate for the partial-duplicate image retrieval

task. In this paper, we propose a novel perspective to retrieval

partial-duplicate images with Contented-based Saliency Re-

gion (CSR). CSRs are such sub-regions with abundant visual

content and high visual attention in the image. The content of

CSR is represented with the BOV model while saliency analy-

sis is employed to ensure the high visual attention of CSR.

Each CSR is regarded as an independent unit to be retrieved

in the dataset. To effectively retrieve the CSRs, we design a

relative saliency ordering constraint, which captures a weak

saliency relative layout among interest points in the CSR.

Comparison experiments with four state-of-the-art methods

on the standard partial-duplicate image dataset clearly verify

the effectiveness of our scheme. Further, our approach can

provide a more diverse retrieval result, which facilitates the

interaction of portable-device users.

Index Terms— Content-based Saliency Region, Partial-

Duplicate Image Retrieval, Relative Saliency Ordering Con-

straint

1. INTRODUCTION

The spring up of large numbers of online image data brings

a new challenge to the content-based image retrieval (CBIR)

systems [1]. Recently, with the rapid improvement of multi-

media technology, plenty of partial-duplicate images are gen-

erated by softwares (e.g. Photoshop) and image personaliza-

tion websites [2]. The notion of ”partial-duplicate” implies

that the duplicate areas are only parts of the whole images and
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Fig. 1. Flowchart of our proposed approach.

located in different regions with various kinds of transforma-

tions, thus makes the retrieval task much more complicated.

Except as a common image retrieval method, it is also an im-

portant approach of finding forged images [3] and leveraging

the interaction between a portable-device user and the remote

image server [4].

The duplicate areas in partial-duplicate images are only lo-

cated at local regions so that global features (e.g. global color

histogram) or the whole image description with local features

(e.g. Bag-of-Visual-Words (BOV) histogram [5]) may lose

their discriminative power. Recently, some researchers have

set about solving this problem. In [6], a multi-description

of local interest point is utilized for retrieving partial dupli-

cate images, which captures local texture layout. However,

its high computing complexity is intolerable in real applica-

tions. In [7], researchers bundle local features into groups in-

stead of taking all of them as a whole, and introduce a relative

coordinates ordering to improve the precision. However, the

scheme is limited because the relative coordinates ordering is

not rotation-invariant. Wu et al. [8] improves this scheme
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with an affine invariant geometric constraint. This bundled

feature becomes more discriminative than single local fea-

ture, and moreover, these bundles can be naturally applied to

partial-duplicate image retrieval. But these bundles are usu-

ally detected by MSER detectors which may include interest

points from different objects into the same bundle.

In order to achieve more discriminative power, the bun-

dle should be carefully extracted with an elaborate contour

which can separate different objects and exclude irrelative in-

terest points. Actually, this is an image segmentation prob-

lem. To achieve reliable and visible objects, researchers have

proposed some object segmentation schemes [5, 9, 10, 11].

However, these schemes cannot be directly introduced to par-

tial duplicate image retrieval systems for the following issue:

among all the segmented objects in an image, there may only

exist one or two regions which are inclined to be interested by

the user. Therefore, how to extract these interested regions is

an essential problem. Inspired by both saliency analysis [12]

and content-based image retrieval [1, 13], we realize that the

regions with abundant visual content and high visual attention

may be our objective, which have the large probability to be

the potential interested areas.

In this paper we proposes a novel perspective to retrieve

partial-duplicate images with Content-based Saliency Region

(CSR). CSR is such a sub-region in an image, which present

both abundant visual content and high visual attention. We

represent the content of CSR with the BOV model while we

employ saliency analysis [12, 14, 15] to ensure the high vi-

sual attention of CSR. Every CSR is independent with each

other. Further, we design a relative saliency ordering con-

straint to refine retrieval performance, which is actually a

weak saliency relative layout among interest points of the

CSR. Figure 1 illustrates the flowchart of our scheme. Firstly,

the CSRs are extracted from the query image. Secondly, for

each CSR of the query image, we retrieve its duplicates from

these CSRs of the database under the relative saliency order-

ing constraint. Finally, relative retrieval lists are returned to

the user, which are corresponding to query CSRs. Experi-

ments on the standard database for partial duplicate image

retrieval show the effectiveness of our approach. Another ad-

vantage of our method is that it can provide the user a diverse

retrieval result, which is more suitable to retrieve images on

the portable-device than previous methods.

The rest of this paper is organized as follows. Section 2 in-

troduces the generating procedure of Content-based Saliency

Region. Section 3 details the relative saliency ordering con-

straint. Section 4 analyzes experimental results and Section 5

concludes the paper.

2. CONTENT-BASED SALIENCY REGION
GENERATION

Motivated by both saliency analysis and content-based image

retrieval, we detect the Content-based Saliency Region (CSR)

Fig. 2. Generatation procedure of Content-based Saliency Re-

gion.

for partial-duplicate image retrieval. CSR is one sub-region in

the image, which presents abundant visual content and high

visual attention. Figure 2 illustrates the generation procedure

of CSR. First, the image is segmented into perceptive units.

Second, we compute the saliency map on the base of percep-

tive units. Third, we filter the saliency map by the amount of

visual content. Finally, the whole image is decomposed into

CSRs and each CSR is represented with the BOV histogram.

2.1. Perceptive Unit Construction

Perceptive unit is defined as the image patch which corre-

sponds to the center of the receptive field [16]. It is the basis

of calculating the CSR.

Perceptive unit is constructed with three considerations.

First, it should contain plenty of perceptive information. Sec-

ond, it should be computable, meaning that it can be obtained

through computational methods. Third, the size of perceptive

unit should be adaptive. One feasible alternative is to take re-

gion as perceptive unit. In [15], perceptive unit is performed

through the simple k-means method in the RGB color space.

Noted that the color-based region clustering method may

not be accurate enough, in our work, we make use of a re-

liable graph-based segmentation algorithm [9], which incre-

mentally merges smaller-size patches with similar appear-



ances and with small minimum spanning tree weights. The

segmented regions fulfill the three criteria mentioned above.

Moreover, due to the algorithm’s ability to preserve details

in low-variability image regions and ignore details in high-

variability regions, the generation of CSR is more reliable.

2.2. Saliency Map Generation

Based on the perceptive units, we generate the saliency map

by fusing contrast maps (HSV contrast map, Gabor contrast

map) and information map (rarity map).

2.2.1. Contrast Map Calculation

Contrast is estimated by taking advantage of the receptive

field model [16], which refers to the specific receptors that

feed into a given cell in the nervous system, with one or more

synapses intervening. Its structure is modeled with Difference

of Gaussian (DoG)[16]:

DoG(x, y) =
1

2πσ2
[exp(−x2 + y2

2σ2
)

− 1
λ2

exp(−x2 + y2

2λ2σ2
)]

(1)

where we set the parameter λ and σ following [15]. λ=2.0984

and σ=0.5104R, R is the radius of the core for receptive field,

which is defined:

core = {(x, y) | DoG(x, y) ≥ 0} (2)

For each perceptive unit, we calculate the core of its recep-

tive field. Then we can obtain its DoG function. Finally, the

contrast of a point in the perceptive unit is calculated as:

Con(x, y) =∑
(u,v)∈I

‖ f(x, y) − f(u, v) ‖2 ×DoGk(u − x, v − y) (3)

where DoGk is DoG function of region k. f(·) is the feature

function at the corresponding point. In this paper, the adopted

features include color, intensity, texture and orientation. The

color and intensity features are indicated by HSV color value.

The texture and orientation features are represented by a set of

Gabor filters with 4 scales and 4 orientations. Therefore, we

can obtain both HSV contrast map and Gabor contrast map

for a perceptive unit.

2.2.2. Information Map Calculation

In information theory, entropy is a measurement of the uncer-

tainty/rarity associated with a random variable. According to

Shannon’s information theory, the rarer an event is, the more

informative it owns. Thus, rarity is suitable to calculate the

saliency of a region. The rarity of each region is calculated as

follows:

E(k) = −Σlogp[g(x, y)] (4)

where g(x, y) is the intensity value of pixel (x, y) ∈region k.

And p[g(x, y)] denotes the probability of grey level g(x, y) in

the whole image.

2.2.3. Saliency fusion

After obtaining HSV contrast map, Gabor contrast map, and

rarity map, we fuse them into the ultimate saliency map

with linear or nonlinear methods, of which the performances

are investigated in [12]. Here, for simplification we use a

weighted fusion method presented in [15]:

Msaliency =wHSV MHSV + wGaborMGabor

+ wRarityMRarity

(5)

where Msaliency is the final saliency map fused by

MHSV (HSV contrast map), MGabor(Gabor contrast map)

and MRarity(Rarity map). The weights of wHSV , wGabor

and wRarity are set to be 0.28, 0.32 and 0.4. We experimented

with different weights, and found the above set to give the bet-

ter performance.

2.3. CSR Generation

From both physiological and psychological points of view,

the higher the saliency value is, the more interesting the cor-

responding region is. With the guide of saliency map, we first

obtain the saliency region. Then we filter the saliency region

on the base of its visual content, which is represented via the

BOV model.

Firstly, we divide the saliency map into background and

saliency region. We employ a threshold based segmentation

method by maximizing inter class variance:

ẑ = argmax(n0(μ0 − μ)2 + n1(μ1 − μ)2)/(n0 + n1) (6)

where z is the threshold value. If the saliency value of one

point is greater than z, it falls into the saliency region, oth-

erwise into the background. μ is the mean saliency value of

the whole image. μ0 is the mean saliency value of the back-

ground. μ1 is the mean saliency value of the saliency region.

n0 and n1 are the numbers of points in the background and

saliency region.

Secondly, we represent the visual content of saliency re-

gion with the BOV histogram. For each saliency region, SIFT

descriptors [17] are extracted on local interest points detected

by Difference of Gaussian function. Each SIFT is assigned to

its closest visual word in the ”visual vocabulary” (the vocab-

ulary is obtained offline by clustering a large amount of SIFT

descriptors with hierarchical k-means). In fact, each saliency

region is described with a high-dimensional sparse histogram.

A visual content score is computed as follows:

Cscore =
1
S

K∑
i=1

ni

Ni
× ni (7)



where, S is the area of saliency region and K is the total num-

ber of visual word; ni and Ni are the numbers of visual word i
in the saliency region and whole image database respectively.

We filter the saliency regions with Cscore < ε. ε is set to be

0.05 empirically.

After above two steps, we obtain the naive CSRs with high

visual attention. Most of these CSRs have simple visual con-

tent and they are not robust to noise. Thus we refine CSRs at

two aspects: one is to unite the saliency regions by the con-

nectedness and the other is to eliminate the saliency regions

with few visual words. At last, we obtain the significant CSRs

and update their BOV histogram.

3. RELATIVE SALIENCY ORDERING
CONSTRAINT

After obtaining the CSRs of the image, the next step is to re-

trieve them in the database. The CSRs are retrieved based

on Bag-of-Visual-Words (BOV) matching. However, vec-

tor quantization and the ignorance of geometric relationship

have limited the descriptive power of BOV. In order to solve

this problem, we add the relative saliency ordering constraint

to the traditional BOV scheme. The relative saliency or-

dering relation can be regarded as a weak saliency relative

layout constraint among interest points in the CSR. To be

more specific, we believe that the relative order of interest

points’ saliency values is well-preserved in partial-duplicate

images. In this paper the relative saliency ordering con-

straint is adopted for the accurate matching between CSRs.

To the query CSR q and the candidate CSR c, supposing they

share n matched visual words: CSR(q) = vq1, . . . , vqn and

CSR(c) = vc1, . . . , vcn, and vqi and vci is the i-th matched

visual word. S(q) = αq1, . . . , αqn and S(c) = αc1, . . . , αcn

represent the corresponding saliency values for visual words

in q and c. According to S(q), we obtain the saliency ordinal

vector T (q) = βq1, . . . , βqn for all the visual words in CSR

q. Here, βqi ∈ 1, . . . , n is the saliency order of vqi. Simi-

larly, we obtain T (c) = βc1, . . . , βcn for all the visual words

in CSR c.

One simple way to calculate saliency ordering relationship

can be achieved by computing the order inconsistency of two

saliency ordinal vectors T (q) and T (c). Figure 3 illustrates

an example of saliency ordering relationship. Figure 3-(a) is

the query CSR q and the candidate CSR c. The color points

on their surfaces are interest points; Figure 3-(b) is the corre-

sponding saliency map with Figure 3-(a), which is computed

in Section 2.2; Figure 3-(d) is the saliency ordinal vector. Ac-

cording to Figure 3-(d), the order inconsistency between q
and c is (0+1+1+1+1)/5=0.8. As Figure 3-(a) shows, although

there is only one mis-matching point, it brings a large influ-

ence to the matching result. Therefore, directly computing the

order inconsistency of two saliency ordinal vectors may result

in very low recall for the sensitivity of inconsistent saliency

order. In order to solve the above problem, we construct an

Fig. 3. (a) Content-based Saliency Region with visual words

(colored points); (b) the corresponding saliency map with (a);

(c) saliency value at the position of visual word (d) saliency

ordinal vector of visual words in (a); (e) Saliency Relative

Matrix (SRM) of visual words in (a); (f) XOR result of two

SRMs in (d).

Saliency Relative Matrix (SRM) for each CSR:

SRM =

⎡
⎢⎢⎢⎣

1 r12 · · · r1n

r21 1 · · · r2n

...
...

. . .
...

rn1 rn2 · · · 1

⎤
⎥⎥⎥⎦

rij =
{

0 αi > αj

1 otherwise

(8)

The element rij in SRM is defined by the saliency values αi

and αj of visual word vi and vj in one CSR. Each visual word

in CSR is compared with other visual words. The SRM is an

anti-symmetric matrix which preserves the relative saliency

order among visual words. Figure 3-(e) illustrates the SRM

between T (q) and T (c).
We measure the inconsistency between two SRMs by using

the XOR operation:

M = SRMq ⊕ SRMc (9)

Intuitively, SRM is not sensitive to inconsistent saliency or-

der, and it avoids the problem of directly comparing saliency

ordinal vectors. According to the matrix in Figure 3-(f), its



Fig. 4. Comparisons of five approaches using the MAP.

order inconsistency is (0+1+1+3+1)/25=0.24, and the incon-

sistency values concentrate in the fourth line and row, which

is just related to the mismatched visual word.

4. EXPERIMENTS

The internet partial-duplicate image database presented in [8]

provides the source of partial-duplicate images in our exper-

iment. It consists of 10 image collections with 200 partial-

duplicates in each category. To construct a real image retrieval

environment, we add another 30,000 distracter web images

and there are totally 32,000 images in the experiment dataset.

We first evaluate the effectiveness of our proposed approach

on partial-duplicate image retrieval task. Then, the perfor-

mance promotion provided by SRM is discussed.

4.1. Comparison to State-of-the-art

We use a traditional BOV approach [18] as the ”baseline”

approach and a dictionary with 5,000 visual words is clus-

tered with hierarchical k-means. Besides, three other state-

of-the-art partial-duplicate image retrieval schemes [6, 7, 8]

are compared with our approach. In [6], a multi-description

is designed for partial-duplicate image retrieval (calling this

method ”multi-description”). In [7], the SIFT and MSER

are extracted from images and bundled into groups (calling

this method ”bundled feature”). In [8], bundled feature is

improved by adding an affine invariant geometric constraint

(calling this method ”bundled+”). All of these approaches

share the common SIFT vocabulary of 5,000 visual words,

and the weighting parameter is set to be 2 for [7] and 1 for

[8]. In [6], besides the SIFT descriptor, another local self-

similarity descriptor (LSSD) is also used. For the LSSD we

cluster the dictionary with 300 visual words following [6].

We select 50 representative images from the 10 image col-

lections as the queries. Following [7], Mean Average Preci-

sion (MAP) is adopted as the evaluation metric. Noted that

in our scheme, each CSR has its own retrieval list and there

Fig. 5. Average time by five approaches for retrieving a query

image, which does not include the SIFT extraction time.

are multi-lists returned to the user. To make our scheme com-

parable to other approaches, we integrate these retrieval lists

into one list according to the similarity distance.

Figure 4 illustrates the experimental results, leading to

three observations. First, our approach improves the MAP

obviously, as can be seen by comparing other state-of-the-art

methods. The MAP of our approach is 63.4%, while that of

BOV, ”bundled feature”, ”bundled+” and ”multi-description”

are 32.6%, 53.6%, 59.9% and 53.27% respectively. Second,

the traditional BOV approach lost its discriminative power on

the partial-duplicate image retrieval task. The reason lies in

the fact that partial-duplicate images have only a small sim-

ilar portion. Third, our results on ”Monalisa” and ”Google

Logo” are not satisfactory, which is caused by the non-ideal

saliency distributions of query images which result in poor

CSR detection.

Besides the obvious improvements on MAP, it is neces-

sary to point out that our approach is also efficient. Figure

5 shows the average time of retrieving a query image on the

32k image dataset. The above experiments are carried out on

a laptop with 2 GB memory and 2-core 2.10 Ghz processor.

Our method is faster than ”multi-description” and comparable

to ”bundled feature”. Although BOV need only 50 millisec-

ond to retrieve an query image, its mean average precision of

32.6% is unbearable. In short, our approach shows significant

advantages on both accuracy and efficiency.

4.2. Verification of SRM

In section 3, for formulating the relative saliency relationship,

we construct SRM instead of directly comparing saliency or-

dinal vector. Here we prepare 60 query CSRs and retrieve

them from the experiment corpus by using SRM and directly

comparing saliency ordinal vector. Figure 6 illustrates the

comparison result via calculating the average accuracy for

top-k returned CSRs. We can see that SRM is more effi-

cient and robust, which brings great performance promotion

for CSR retrieval.



Fig. 6. Comparison of two approaches on the accuracy of

top-k retrieval results.

5. CONCLUSION

This paper proposes a new prospective for partial-duplicate

image retrieval with Contented-based Saliency Region

(CSR). Actually, each CSR is one sub-region in an image

with abundant visual content and high visual attention. A

relative saliency ordering constraint is proposed to capture

the saliency relative layout among interest points in the CSR,

which facilitates the CSR retrieval from the database. Com-

parison experiments on the public partial-duplicate image

dataset show the effectiveness of our scheme. Moreover, our

approach can provide the user a more diverse retrieval result

so that the future work will be focused on apply this method

on the portable-device.
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