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Abstract 

This paper proposes an image retrieval system scheme 
based on salient region of interest. In our retrieval 
system, an image is represented by salient region of 
interest and background. The salient regions of interest 
roughly correspond to semantic objects, which 
separated from the background by a robust automated 
segmentation method based on the edge and region 
integration. The measure for the similarity between 
images incorporates properties of two categories of 
regions and the entire image. Experiments show that 
our scheme can improve the quality of retrieval 
compared with global similarities based query. 

Keywords:  Content-Based Image Retrieval, Region of 
Interest. 

1. Introduction 
Content-based image retrieval (CBIR) is defined as the 
retrieval of relevant images from an image database 
based on automatically derived imagery features. The 
research work of CBIR can be roughly divided into 
three phases according to the similarity matching 
contents:  

− Entire image based retrieval, 
− Region based retrieval, 
− Semantic object based retrieval. 

The research work of CBIR over the last few years has 
shown that retrieving images through matching images 
solely on that basis of global similarities is often too 
crude to produce satisfactory results. The region-based 
retrieval attempts to overcome the defects of entire 
image based query by segmenting an image into 
regions with uniform low-level features such as color 
or texture. However, such a region may have few 
semantic meaning. The query results based on 
individual regions matching may be too inexplicable to 
be understood by general users. On the other hand, 
semantic object-based image retrieval is still far too 
rudimentary and fragile to produce reliable results. The 
salient region of interest is at the intermediate level 
between the original image and the semantic object of 
image. The salient interested region may consist of one 
or more semantic objects, and the semantic objects 

may be half-baked. It is an effective visual 
representation of image according to human visual 
perception. Applying salient region of interest into 
image retrieval is feasible and may improve the quality 
of content-based image retrieval.  

In this paper, we propose a scheme of salient region of 
interest based image retrieval system. An image is 
segmented into the salient meaningful region and the 
background automatically at the time of ingested into 
the database, and visual attributes that represent each 
of these two regions are computed. The scheme adopts 
the similarity measure integrated salient region of 
interest, background and global image flexibly. The 
retrieval scheme has been tested on an image database 
of 10,000 images from COREL image collection. 
Experiments show that our scheme can improve the 
image retrieval performance compared with the entire 
image based query. 

The outline of this paper is as follows: In Section 2, we 
briefly review the related works. The retrieval scheme 
is presented in Section 3. In Section 4, experiments 
and results are described. Finally, we conclude and 
suggest the future work in Section 5. 

2. Related Work 
CBIR has been researched for many years, and a 
number of general-purpose image retrieval systems 
have been developed. According to the three phrases 
mentioned in the first paragraph of introduction, we 
review the representative work below.  

The initial content-based image retrieval scheme, the 
query by image example, includes IBM initial version 
of QBIC [2], MIT Photobook [3], Virage System [4], 
and Columbia VisualSEEK [5], etc. This scheme 
allows to retrieve images in the database whose whole 
visual appearance is similar to a given example image 
selected by the user. The underlying assumption of this 
scheme is that the entire visual content of an image is 
relevant for a search. Thus the user is not able to focus 
on a specific image part and to ignore the background. 
Though this scheme was useful to show the visual 
information retrieval viability, it is not sufficient to 
meet the user's need. 



Region-based retrieval systems include UCSB NeTra 
[6], Berkeley Blobworld [7], Stanford SIMPLI-city [8] 
and etc. The NeTra and Blobworld systems partition 
the image into regions with homogeneous texture and 
color features, and compare images based on 
individual regions. Although they support the query 
based on several regions, they perform query by 
merging single-region query results. Such a querying 
scheme may add burdens on users without significant 
reward. SIMPLIcity applies the IRM (Integrated 
Region matching) [9] for evaluating overall similarity 
between images incorporates properties of all regions 
in the images. 

Because there are some highly difficult open problems, 
semantic object-based image retrieval is unpractical in 
recent years. 

3. The Proposed Scheme 
The proposed retrieval scheme mainly consists of three 
components as shown in Figure 1. In this scheme, the 
input image should be segmented into the salient 
meaningful region and the background firstly. And 
then the visual features of the two categories of regions 
and the entire image are computed before ingested into 
database. In the querying process, if the query image is 
not stored in the database, it should be passed through 
the same image segmentation and representation 
process as was used in data ingest. For an image in the 
database, its features data can be got from the 
corresponding database directly. The features of query 
image are matched with every image’s features in the 
database. The similarity measure integrates the salient 
region of interest, background and entire image. And 
user can customize this integration easily. Our 
scheme’s outstanding characters are in two aspects: a) 
the segmenting process is automatic and the salient 
region of interest has some semantic meanings, but not 
regions with homogeneous low-level visual features. b) 
A flexible similarity measure. 

3.1 Salient Region of Interest Segmentation 
As we all know, it is difficult to isolate the meaningful 
region of interest from the scene without a priori 
knowledge. In a common case, the regions with many 
abrupt changes often attract the human’s attention. The 
best instance is the low depth of field (DOF) [1] image. 
The low DOF is an important technique widely used 
by professional photographers to emphasize an interest 
object in the image. In low DOF image, the interested 
object is sharply focused, whereas background objects 
are blurred to out-of-focus. The observer’s attention 
can be easily concentrated on the focused region of the 

pictures. For another example, a landscape picture with 
a building under the blue sky, we think the building 
region as the region of interest and the sky region as 
the background. But for the sunset image, we cannot 
say which region is interested in because the whole 
image has gradual changes in vision. Therefore, the 
regions having sharply focused edges and details are 
called salient regions of interest in this paper. 
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Figure 1. The schematic of image ingesting 

and querying process 

In this Section, we describe a fully automatic algorithm 
for extracting the interest regions from the foreground 
or background. The algorithm first classifies images to 
two different groups according to their wavelet 
modulus maxima point densities, and then extract the 
salient regions of interest differently. The approach of 
extraction combines the wavelet modulus maxima 
edges with the color regions information of mean shift 
based segmentation. Experiments testify that the 
segmentation method is effective especially for low 
depth of field images and landscape images. As shown 
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Figure 2. The flowchart of the image 
segmentation 



in Figure.2, the segmentation method is comprised of 
five steps: 

a) Detect wavelet modulus maxima edges, 
b) Compute the complexity CMP of image, if 

highlow , go to next step, else exit, 
where  and  are two thresholds. 

PCMPP <<
low high

c) Mean Shift based color region segmentation 
according to the complexity CMP of image, 

P P

d) Classify the color region to two categories: 
salient interest regions and background regions, 

e) Delete the small isolated object regions or 
background regions. 

3.1.1 Wavelet Modulus Maxima Edge Detect-
ion 

The first step of salient region of interest extraction is 
the wavelet modulus maxima edge detection. It had 
been proved that Wavelet modulus maxima (WMM) 
could characterize the regularity of signals [10]. This 
turned out to be an effective way to locate the 
singularity or edges of an image. As shown in Figure 3, 
the points having local maximum of wavelet transform 
modulus are corresponding to the abrupt change 
locations in the image, and the gradual changes are set 
to zero. Because the wavelet modulus maxima points 
can locate sharply edge, the wavelet modulus maxima 
points and their position information can be used to 
locate the region of interest. 

On the other hand, the wavelet modulus maxima can 
represent the sharply focused edges and the inner 
texture details of the interest regions in image. 
Therefore, the wavelet maxima point density of the 
image is in proportion to the visual complexity of the 
whole image.  

In the second step, define the ratio of the total number 
of wavelet modulus maxima points to the total number 
of pixels as the complexity CMP of the image. If 

, it shows that the image content is so 
consistent as not to be segmented, the whole image can 

be looked as region of interest. If , it 

shows that the image has too many details to be 
segmented, the whole image can be looked as region of 
interest too. Where  and  are two thresholds. 

Some example images refused to segmentation are 
shown in Figure 4, the upper row is the original images; 
the bottom is the corresponding wavelet modulus 
maxima. The crowds image and flowers image having 
abundant texture details, their wavelet modulus 
maxima point densities are larger than . But for 

sunset images, the densities are smaller than . It is 
difficult to know which region is interest region or 
background. If these four images were segmented, 
some meaningful regions would be lost. In 
experiments, we set = 0.001 and = 0.1. 

lowPCMP <

highPCMP >

lowP highP

highP

lowP

lowP highP

For highlow PCMPP <<  images, the salient regions of 

interest are extracted in the following two steps. We 
separate the image into color regions, and then classify 
them into two categories.  

    

    
Figure 4. Some example images refused to 

segmentation

3.1.2 Mean Shift based Color Region Segment-
ation 
In the third step, the mean shift method is used to 
separate the image into color regions. Mean shift 
provides an efficient way to locally estimate the 
gradient of a density [11], and it has been a popular 
tool in computer vision. High quality region 
segmentation can be obtained by applying the mean 
shift in the combined spatial-range domain [12]. The 
mean shift based segmentation algorithm is 
conceptually very simple being based on the same idea 
of iteratively shifting a fixed size window to the 
average of the data points within it. Details in the 
image are preserved due to the nonparametric character 
of the analysis that does not assume a priori any 
particular structure for the data. In addition, another 
important advantage of mean shift based region 
segmentation is its modularity that makes the control 
of segmentation output very simple. Three parameters 
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Figure 3. The characterization of 

wavelet modulus maxima 



( sσ , rσ , M) are used in mean shift segmentation. The 
spatial parameter sσ  is invariable for all images with 
the same size. The range parameter rσ and the smallest 
region size M control the number of color regions in 
the image. If an image has simple and smooth content, 
the small values should be used for rσ  and M to get 
the accurate region boundaries. As shown in Figure 
5.(c) and (d), the fox image is incorrect segmented 
with ( sσ , rσ , M) = (8, 8, 40), but correct with the 
smaller values (8, 4.5, 20). However, for an image 
having abundant changes, the large values have to be 
used for rσ  and M to discard the effect of small local 
variations in the feature space. As shown in Figure 5.(g) 
and (h), the tiger image is better segmented with the 
larger values (8, 8, 40) than (8, 4.5, 20). The right 
color region segmentation must be got in this step, 
otherwise the object will not be separated from the 
background correctly in next step. Therefore, we select 
different resolution parameters rσ  and M according to 
complexity CMP of image. The CMP game value 

= 0.025 in our experiments. If CMP is larger than 

the game value , then (
gameP

gameP sσ , , M)=(8, 8, 40), else 

(
rσ

sσ , , M) = (8, 4.5, 20). 
rσ

3.1.3 Color Regions Classification 
Because regions having abundant various details often 
attract humans’ attention, but not does those invariable 
background. We classify the color regions to interest 
region or background according to their WMM point 
densities in the fourth step.  

Suppose an image is divided into N color regions 

denoted by  and the centers of color regions 
by . Let  be the WMM points 
translated from the image. The details of the salient 
region of interest and background identification in the 
fourth step are provided in the list below: 

NiiR ...1}{ =

NiiC ...1}{ = PkkW ...1}{ =

        
(a)                    (b)                     (c)                     (d)                      (e)                      (f)                     (g)                     (h) 

Figure5. (a) Fox. (b) WMM edge of Fox. (c) Result of (8,8,40). (d) Result of (8,4.5,20). (e) Tiger. (f) WMM 
edge of Tiger. (g) Result of (8,8,40). (h) Result of (8,4.5,20) 

1. For each WMM point , Compute the 
Euclidean distances k  from  to each color 
region center , where k=1…P, i=1…N. The 
point  is attached to the region , where 

kk , 0<l≤N. 

kW
id kW

iC
kW lC

)(min
0 Ni≤<2. For each color region , compute its WMM 

points count  included, its region pixels 
count  and its boundary pixels count 

iBlen , 
i=1…N. 

il dd =

iR
iE

iArea

3. For each color region , if  or 
, then , else 

, where th1 and th2 are two 
thresholds. 

iR 1/ thAreaE ii >
2/ thBlenE ii > Interestj RR ∈

Backgroundj RR ∈

We compute the histograms of the ratios of  
and  for about 500 images, and find that these 
two parameters selection is also robust and relates to 
the image visual complexity. The simple images are 
applied with the small thresholds th1=th2=0.001, and 
the complex with the larger ones th1=th2=0.05. 

ii AreaE /

ii BlenE /

After the identification step, delete the small isolated 
interest regions and small isolated background regions 
to get the final regions of interest. 

The segmentation method can’t obtain accurate results, 
but they are enough for content-based image retrieval. 
The most important thing is that it can be realized 
easily and be processed full automatically. 

Examples of segmentation results are shown in Figure 

         

             
Figure 6. Some Salient Region of Interest Extraction Results 



6, in which the blue regions are background. The 
segmentation method has been implemented in C++ on 
a single-CPU 2.8GHz with the Windows operating 
system. More than 1000 low depth of field images and 
landscape images in COREL image collection are 
tested with the method. In general, an image of 384×
256 pixels can be processed within three seconds. 
3.2 The Image and Region Representation 
In this proposed Scheme, both the entire image and 
salient region of interest are represented with the 
consistent visual features, which are color histogram, 
color moments, wavelet-based texture and 
directionality histogram. Color histogram is taken in 
HSV color space with quantization of 8×4=32 colors. 
The first three moments from each of the three color 
channels are used for color moments. The means and 
the variances of three levels wavelet transform 
coefficients for LL, LH, HL, and HH bands compose 
24-dimension PWT wavelet features. 8-dimension 
directionality histogram is also used to compose the 
visual feature vector. The visual feature is a 73-
dimension vector, and “Gaussian Normalization” [13] 
is used to make the value of each feature component be 
in the range of [-1,1].  

Because the background region segmented by the 
method in section 3.1 is smooth and has no clear 
details, the color feature plays much more important 
role than the texture feature does. So the background 
region is represented with 41-dimension feature vector 
composed by 32-dimension color histogram and 9-
dimension color moments. 
3.3 The Similarity Measure 
In our scheme, the overall similarity between images is 
measured by integrating properties of salient region of 
interest, background and entire image. The integrated 
measure can reduce the effect of inaccurate 
segmentation. The overall similarity is computed as a 
weights sum of the salient interested region similarity, 
background similarity, and entire image similarity 
between two images. 

Both the region and image are represented with a high 
dimension feature vector, so the similarity measure is 
defined as a distance between two points in a high 
dimensional space. We use Euclidean distance in 
similarity measure. Assume that image 1 and 2 are 
represented by set  and 

, where SRI, Bk and IMg denote 
salient region of interest, background and entire image 
respectively. Their visual feature vectors are denoted 
as ,  and , where N 

and M are the dimensions of feature vector, D

},,{1 IMgBkSRII =

},,{ '''
2 IMgBkSRII =

1D...1}{ =iiSRIf
2D...1}{ =iiBkf

1D...1}{ =iiIMgf

1 = 73, 
D2 = 41. The overall similarity between two images is 
defined as: 
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In equation (1), ,  and  are weight 

coefficients which reflect the significance of salient 
region of interest, background and entire image 
respectively. Based on the view that the important 
objects in an image tend to occupy larger areas, we 
choose the percentages of the image covered by salient 
interested region and background as the weight 
coefficient  and , and set =1. If the 

image is refused to be segmented and the entire image 
is salient region of interest, =1 and =0. In our 
retrieval system interface, user can set these three 
weights according to his query targets. For instance, if 
the user only want to query by the salient interested 
region, he can set =1 and = =0.  

SRIw Bkw IMgw

SRIw Bkw IMgw

SRIw Bkw

SRIw Bkw IMgw

In the query process, the distances between query 
image and every image in database are computed, and 
the distances are sorted in ascending order. The 
smaller distance denotes a higher degree of similarity 
between the query image and database image. 

4. Experimental Results 
The proposed retrieval scheme has been implemented 
in C++ on a single-CPU 2.8GHz with the Windows 
operating system. The testing image database includes 
10,000 pictures from Corel dataset. Domain 
professionals classified all images in the database into 
semantic categories, which contains animal, plant, 
building, landscape, and etc. Each category contains 
100 images. The experiment compares the proposed  

ID Category Name 
1 Tiger 
2 Wolf 
3 Lien 
4 Eagle 
5 Reindeer 
6 Balloon 
7 Garden 
8 Flower 
9 Building 

10 Pyramid 

Table 1. Categories of Images Tested 



       
(a)                                                            (b)                                                            (c) 

Figure 7. Comparing the proposed retrieval scheme with global match approach on average precision of 20, 40 and 
100 respectively. 

plot the average precision of the query results for 10 
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Figure 8. Top-ranked retrieval results comparison between the global match and the proposed scheme, where 
=1 and = =0. (a) Tiger. (b) Balloon. (c) Lion. (d) Building. The left is global match results and the 

right is this paper scheme results. The up-left image is the query sample image. 
SRIw Bkw IMgw



scheme result with global similarity retrieval that the 
image is described with the same the visual features. To 
provide numerical results, we test 40 images chosen 
randomly from ten categories, each containing four of the 
images. A retrieved image is considered a match if it 
belongs to the same category of the query image. The 
categories of images tested are listed in Table 1. In our 
experiment, we compute the precision for both the 
proposed scheme and global matching retrieval to compare 
these two methods retrieval performance. Precisions with 
different number of retrieved images are computed, and 
they are average precision of four containing images for 
each category. In Figure 7 we image categories, and (a), (b) 
and (c) correspond to 20, 40 and 100 retrieved images 
respectively. Experimental results show that the precisions 
of the proposed scheme are higher than global similarity 
match at three different numbers of retrieved images, and 
the proposed scheme achieves better result at smaller 
number of retrieved images. As the results shown in 
Figure 8, the proposed scheme can overcome some whole 
matching defects such as the sensitivity to intensity 
variations, color distortions, and cropping in a certain 
extent. We have not compared its performance with other 
region-based retrieval method, but we affirm that our 
scheme offer the user a simple and convenient operating 
interface. 

5. Conclusion 
In this paper, we describe a scheme of salient region of 
interest based image retrieval system. We have developed 
an automatic segmentation method, which can separate the 
image into salient meaningful region and the background 
automatically. The scheme adopts the similarity measure 
integrated salient region of interest, background and 
global image flexibly. The retrieval scheme has been 
tested on an image database of 10,000 images from 
COREL image collection. Experiments show that our 
scheme can improve the image retrieval performance 
compared with whole matching based query. But if the 
image database contains a large number of images having 
no salient interested region, the scheme is ineffective. In 
the future work, we will try to apply fuzzy method in the 
segmentation and similarity measure to improve the 
retrieval performance. 
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