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Abstract 

Increasingly large amounts of surveillance video data have resulted in the critical need for 

indexing and retrieval from video databases. This paper addresses the problem of objects 

representation for surveillance video retrieval system. We extract dominant color histogram 

and edge direction histogram as the object’s appearance model in which the improved 

histogram intersection algorithm is used to measure the similarity between two dominant 

color histograms. Furthermore, an agglomerative hierarchical based clustering method is 

proposed to select the most relevant and representative blobs for compact and effective object 

representation. Experimental results on real surveillance video sequences have proved the 

performance of our proposed approach. 
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1. Introduction 

As surveillance cameras are increasingly ubiquitous and producing huge amounts of video 

data, fast video retrieval system, which allows users to search their desired video clips 

efficiently, becomes more and more demanded. Object based indexing is crucial first step [1] 

in the processing chain in such systems. Moving objects are first segmented and tracked until 

it disappears, and the fundamental features of each tracked object are then extracted and 

indexed as metadata into the database [2], as shown in Figure 1. Objects in video surveillance 

are presented in the scene at a certain time. They are generally detected and tracked in a large 

number of frames. Therefore, an object is corresponding to a set of blobs and simply use of 

all these blobs for the object indexing and retrieval is redundant and ineffective because of the 

similarity between blobs [3]. 

This paper addresses the problem of objects representation for surveillance video retrieval. 

Various models and methods
 
[1-7, 10-14, and 16-25] have been proposed for this purpose in 

recent years. In [4], the average MPEG-7 descriptors are computed during the object’s life 

time. This method is not effective because the average descriptors can not accurately describe 

the objects with a large variety of object appearance. Calderara
 [5]

 uses a mixture of Gaussians 

to summarize the appearance of the object observed by a set of cameras. However, the 

mixture of Gaussians of objects is not reliably created and updated if the object detection and 

tracking are reliable. Ma
 [6]

 presents a representative blob detection method based on the 

hierarchical clustering in which the covariance matrix is extracted as the appearance model of 

object blobs. The limitation is that the covariance matrix is not able to well reflect the local 

changes of the object. One modification was proposed in [3], the authors have removed 

outliers that occur in a large number of frames using SVM. 

There are two contributions in this paper. The first one is that we extract dominant color 

histogram and edge direction histogram as the object’s appearance model in which the 
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improved histogram intersection algorithm is used to measure the similarity between two 

dominant color histograms. The second one concerns the clustering method to select the most 

relevant and representative blobs for compact and effective object representation. 

 

 

Figure 1. The Architecture of Video Retrieval System 

The rest of this paper is organized as follows. Section 2 presents the details of extraction 

the appearance model of moving objects. Section 3 aims at selecting the representative blobs 

for tracked objects. Experimental results and the conclusion follow in Sections 4 and 5, 

respectively. 

 

2. Appearance Model 

As a moving object moves across the video scene, it is first segmented by a background 

subtraction approach and tracked using an appearance based algorithm. Then, we use the 

dominant color histogram [7] and the edge direction histogram [8] to represent the appearance 

of segmented blobs. Here, an object blob means a region determined by a bounding box in a 

frame where object is detected.  

 

2.1. Dominant Color Histogram and its Similarity Measurement 

In order to reduce the influences of the lighting conditions, we compute the dominant color 

histogram in the HSV color space. Each bin of the dominant color histogram is represented by 

a vector vi= <ci, pi>, where ci represents the average hue value of the i-th bin, and pi 

represents the proportion of the i-th bin. Then the dominant color histogram dchist is 

constructed from the vectors vi of the three bins with the largest pi, as shown in Figure 2. 

Commonly, the distance between the two dominant color histograms is defined as Eq. (1). 
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Figure 2. The Dominant Color Histogram 

This method is simple and fast, but it does not match the perceptual similarity very well, 

and may cause incorrect ranks between similarity color distributions. Therefore, we use the 

histogram intersection algorithm
 
[12] to measure the similarity between two dominant color 

histograms. However, due to the different dominant color histograms may be not in the same 

palette, the histogram intersection method can’t be directly applied on the measurement of the 

dominant color histogram.  

In this work, a common palette is first generated for the dominant color histograms. Let 

dchist1={<C1i,P1i>,i=1,2,…,N1}, dchist2={<C2j,P2j>,j=1,2,..,N2} be two dominant color 

histograms of image I1 and I2. The common palette is generated by searching the closest two 

colors between two palettes. If the minimum distance is shorter than the threshold Tm then the 

two colors will be merged using Eq. (2). This process continues until the minimum distance is 

larger than the threshold Tm. 

( , ) 1 1 2 2 1 2
( ) / ( )

m i j i i j j i j
c p c p c p p                         (2) 

A common palette is composed of the merged colors and unmerged colors from the two 

palettes. The merged palette forms a common color space for the two histograms. Using the 

color space, we can redefine the histograms of dchist1 and dchist2. The redefined histogram 

dchist1m is given as Eq. (3). 
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, if the distance between c1i and cmj among cm is minimum and shorter 

than the threshold T, otherwise P1mj=0. The dchist2 can also be redefined as dchist2m using this 

method. 

Through the above steps, we get a common palette and two redefined histograms, and then 

we use the histogram intersection 
[14]

 to measure the similarity between the two histograms as 

Eq. (4). 
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2.2. Edge Direction Histogram and its Similarity Measurement 

The edge direction histogram is used to represent the shape feature of an object blob
 
[15]. 

In order to describe both the global and local changes of the object, the edge direction 
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histogram is composed of three parts, the global histogram
 
[16], semi-global histogram

 
[17] 

and the local histogram
 
[18]. Firstly, the image is divided into 4×4 blocks, as shown in 

Figurer 3 (a). At each block bi,j we count the directions of each pixel using the Sobel edge 

direction, and the vertical edges, horizontal edges, 45°edges and 135° edges are used to 

construct the edge direction histogram
[19]

. Every histogram has four bins, corresponding to the 

four directions. The edge direction histogram of bi,j at direction dir is constructed as follow:   
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Where ex,y is the sobel edge direction at point (x,y). vi,j,dir is the normalize factor, and e is a 

threshold that used to determine whether ex,y is a non-direction edge or not. The local 

histogram totally has 16×4=64 bins, and represented as ehist
l
. According to the local 

histogram, we can get the global histogram ehist
g
 by accumulating the local histogram. In 

order to compute the semi-global histogram, the local block is combined in the way shown in 

Figure 3(b, c, d). Then the semi-global histogram ehist
s
 is constructed by accumulating the 

local block histogram in each semi-global block. The semi-global histogram totally has 

13×4=52 bins. The distance between two edge direction histograms is defined by the 

following equation
 
[20]: 
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Figure 3. The Bounding Boxes of the Blocks for Construction of Edge Direction 
Histogram 

3. Representative Blobs 

Let { , 1, 2 , ..., }
k k

i
S C i n   be the object blobs set of the k

th
 trajectory, where

k

i
C represents the 

appearance model {dchisti, ehisti} of the i
th
 blob in the k

th
 trajectory. The purpose of clustering 

is to get the compact subset 
( ) ( )

{ , 1, 2 , ..., }
r k r k

i
S C i m  from S

k
, where m<<n. This compact 

representation
 
 needs to contain all the typical appearances present within the set S

k
. It should 

capture various appearances of blobs as it moves across the scene. Here, we use an 
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agglomerative hierarchical based clustering
 
[22] driven by the similarity measurement defined 

by Eq. (4) and Eq. (7). 

First, we use the agglomerative method to identify the number of the clusters. Initially, 

each 
k

i
C  is placed in its own group, then we have n initial clusters, each of them only has one 

single blob. In order to merge the closest pairs of clusters, as for the proximity between 

clusters , we use average proximities as Eq. (8) and Eq. (9)  

)},({
ji

CCaverageproximity                                                                (8) 

( , ) 1 ( , ) ( , )
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Where d c
  and ed

  are the weighting coefficient corresponding to the distances of 

dominant color histogram and edge direction histogram, 0≤ d c
 ≤1, 0≤ ed

 ≤1. After the 

clustering of t
th
 layer, there are ⌈n/(2

t
)⌉ clusters left. And the iteration will be ended when 

there are only four clusters left. 

Due to the errors of tracking or the presence of occluding, there are some exceptional 

clusters which should be discarded
 
[23]. We find these exceptional clusters according to the 

number of blobs in each of them. If the number of the blobs in one cluster is less than Tc, then 

the cluster is discarded. Once the clustering is done, a representative blob is computed to 

describe the whole cluster. Each representative blob Cr can be got by the following equation
 

[24]. 
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4. Experimental Results 

Here, we present experimental results on the proposed representative blobs selection 

approach. Two surveillance videos were used: one is a video sequence containing moving car, 

and the other is a video sequence which contains a person walking in a lateral direction and 

appearing in different poses. Both objects are presented in the scene for several seconds, and 

with a variety of appearance. Figure 4(a) and 5(a) shows original sequence of moving object 

blobs, which is determined by object segmentation and tracking algorithm
 
[9]. In Figure 4(b) 

and 5(b), we depict the clustering results, and the corresponding representative blobs are 

given in Figure 4(c) and 5(c). It can be found that the representative blobs extracted by the 

proposed method can well reflect the variety of appearance aspect of each tracked objects. 

The proposed approach is used in our surveillance video retrieval system. We apply the 

method described in Section 2 and 3 to the construction of models for tracked moving objects, 

and the appearance model of selected representative moving blobs are indexed as metadata 

into the database. Figure 6 shows a demonstration of user interface of the retrieval system. 

The query image is shown at the bottom-right, and the corresponding snapshots of retrieved 

objects are shown in the left, which are displayed in the order of top-down and then left-right 

according to the similarity. Users can select any retrieved object and playback the video clip 

which contains the object. 
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5. Conclusion 

In this paper, we have presented a method to deal with the problem of objects 

representation for surveillance video retrieval. Dominant color histogram and edge direction 

histogram is extracted as the object’s appearance model in which the improved histogram 

intersection algorithm is used to measure the similarity between two dominant color 

histograms. Furthermore, we have also proposed a method to select the most relevant and 

representative blobs for compact and effective object representation. This work was partly 

supported NSF of China (Grant No 61272391). 

 

        

        

(a)Original sequence of moving object blobs 

       

     

     

(b)Clustering results (c)Representative blobs 

Figure 4. Selection Results of Representative Blobs for a Moving Car 

                          

         

(a)Original sequence of moving object blobs 
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(b)Clustering results (c)Representative blobs 

Figure 5. Selection Results of Representative Blobs for a Walking Man 

Figure 6. User Interface of the Surveillance Video Retrieval System 
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