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ABSTRACT 
 
This paper introduces a Self-Similarity Matrix (SSM) based video 
copy detection scheme and a Visual Character-String (VCS) de-
scriptor for SSM matching. SSM, which exploits the spatial and 
temporal information in a video clip, is extracted from exhaustive 
calculation of distances between the frames. The SSM based me-
thod treats the video clip as a whole and transforms the temporal 
self-similarity into a matrix. Moreover, by implementing the pro-
posed VCS descriptor, the problem of SSM alignment failure and 
size variation can also be solved properly. Experimental evalua-
tions based on CIVR07 Copy Detection Corpus validate the effec-
tiveness of the proposed solution. 
 

Index Terms—copy detection, self-similarity, near-duplicate, 
SSM, VCS 
 

1. INTRODUCTION 
 
Nowadays, with the great variety and availability of fast growing 
amount of digital video resources, Content Based Copy Detection 
(CBCD), an alternative watermarking method for monitoring and 
copy protection issue has been brought to the forefront. According 
to the TRECVID 2008 CBCD evaluation plan [1], a copy is a seg-
ment of video derived from another video, usually by means of 
various transformations such as addition, deletion, modification, 
etc. 

In review of the CBCD, several approaches based on key-
frame matching have been proposed. Researchers extract low-level 
global features to represent video frames, such as color moment 
and color histogram [2]. Although these global features are usually 
very efficient, they lack the discriminative power for representing 
frames. They may suffer from serious problems such as lighting 
changes. Recently, some approaches extract Local Interest Points 
(LIPs) in the frame, which appears to be prominent for the invaria-
bility to illumination variations and geometric transformations [3]. 
Zhang et al. introduced a stochastic Attribute Relational Graph 
(ARG) framework based on LIPs detected by SUSAN corner de-
tector [4] and Zhao et al. matched LIPs with PCA-SIFT description 
and implemented rapid filtering [5]. Wu et al. treated each key-
frame as a Bag of visual Words (BoW) [6], and the visual words 
were constructed by offline quantization of LIPs descriptors. 

While the keyframe matching based method benefits from the 
adoption of LIPs, the following problems appear: 1) False matches 
of LIPs sometimes greatly degrade the final performance of the 
whole system. 2) Matching LIPs in keyframe always involves a lot 
of calculations, which might be unaffordable in computation com-
plexity. Besides, the keyframe matching based copy detection de-
pends on the extraction of keyframes, which may suffer from 
frame losing in the copy files. 

    

   
Different from the keyframe matching based copy detection 

scheme, Kim et al. contributed a spatiotemporal sequence Match-
ing solution [7]. They extracted ordinal signatures from the parti-
tions of each frame in the clip. And the temporal signatures were 
obtained from the temporal trails of the partitions. In [8], Wu et al. 
tracked LIPs in video sequences. They proposed a video matching 
approach based on the temporal pattern of discontinuities obtained 
from LIPs’ trajectories. 

 In this paper, we propose a non-keyframe matching based 
copy detection scheme by extracting SSM in a video clip. SSM is a 
variant of recurrence plot [9], which can visualize the recurrence of 
states in a phase space [10]. Junejo et al. introduced SSM to the 
problem of action recognition in [11]. On observing the obvious 
stability of temporal self-similarities embodied in action sequence, 
they experimented that SSM is robust to view point changes. Tak-
ing a further step beyond [11], specific kind of video file generates 
a specific kind of SSM pattern. Therefore, by analyzing the pattern 
of SSM, video category and retrieval can be achieved. 

Moreover, we find SSM suitable in the task of CBCD: 1) Ma-
trix representation is succinct. It transforms the problem of video 
matching into an easier task- matrix matching. 2) As the experi-
mental results showed in [11], SSM is view point invariant. 3) 
SSM is independent to keyframe matching. It is robust in condition 
such as losing frames in the copies. 4) Generally speaking, we do 
not need to use LIPs in the extraction of SSM, thus, the problems 
mentioned above are eliminated. In our approach, we extract SSM 
from exhaustive calculation of distances between the frames in a 
clip. Then the SSMs are described and matched to detect copies.   

Fig. 1 Flow chart of the proposed approach 



Fig. 1 illustrates the flow chart of our approach. 
The rest of the paper is organized as follows. We introduce 

SSM and describe our approach in section 2. In section 3, we test 
the proposed method on CIVR07 Copy Detection Evaluation Cor-
pus (MUSCLE-VCD-2007) ST1 [12]. Finally, we conclude the 
paper with a summary in section 4. 
 

2. SSM BASED COPY DETECTION 
 
2.1. Definition of Self-Similarity Matrix (SSM) 
 
For a certain video clip, frames 1 2 3{ , , ,..., }nF F F F are represented in 
their feature vectors 1 2 3{ , , ,..., }nT T T T . SSM is calculated by exhaus-
tively calculating the distance between every two feature vectors: 
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where ijd denotes the distance between iT  and jT . Intuitively, 
SSM is a symmetric positive semi-define matrix with zero value 
along the main diagonal. 
 
2.2. SSM extraction 
 
To effectively detect copies of source video, we describe video 
files as a collection of video clips and aim to transform video clips 
into the representation of SSMs. 

In SSM extraction, various kinds of features can be used to 
represent the frames. Taking into account that duplicate video clips 
may suffer from variations in color and texture (such as change of 
brightness, contrast, text insertion); what is common across those 
sequences in the underlying induced motion fields. We extract 
optical flow from video clips due to the discriminative power it 
presented in prior studies [13]. Considering both components of 
the optical flow, three different SSMs are computed respectively 
based on X direction, Y direction, and both X and Y directions. To 
add spatial information into our approach, the optical flow matrix 
is divided into sub-blocks. Then, we sum up the optical flow values 
in each block and concatenate them into a feature vector T . There-
fore, SSM is calculated by computing the Cosine (or Euclidean) 

distance between any pair of the two feature vectors iT  and jT . 

Fig. 2 shows the SSMs calculated by different components of 
optical flow. In the figure, row 1, row 2, rows 3 are the copy video, 
source video, irrelevant video and their SSMs calculated by differ-
ent optical flow components. The copy video is transformed by 
zooming, changing of color, cropping and vertical deformation 
from the source one. And we shall find out that there is a striking 
similarity between the copy video’s SSMs to their correspondences 
extracted from the source. This observation is supported by more 
experiments and an SSM description and matching method is re-
quired to effectively match similar SSM pairs. 
 
2.3. SSM description 
 
As one of our main contributions, we propose a Visual Character-
String (VCS) descriptor by mining local patterns of SSM. The 
visual characters, namely a summed value of a small joint block, 
are extracted along the main diagonal and concatenated together in 
to a string. Noticing that each of such ‘Characters’ represents the 
relationship (similarity) between certain sequential frames, it can 
be treated as a representation of ‘event’ happened in the frames 
itself. Moreover, we find that the order of the ‘String’ is as crucial 
as the ‘character’ values in it, that is simply because the order de-
notes us the succession of certain ‘events’ happened in the video. 

We extract VCS by setting a m n mask on every point 
( , )SSM i i along the main diagonal, as shown in Fig. 3. The visual 

character iVC is calculated as equation (2.2): 
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The ( , )weight u v can be set by a kernel such as Gaussian function, 
or it can be set equally. In that case, iVC simply denotes the sum in 
mask and the string is constructed by concatenating every visual 
character along the main diagonal. 
 
2.4. SSM matching 
 
After describing SSMs as visual strings, we employ edit distance 
[14] as the metric to calculate the similarity between two strings. 
Vladimir Levenshtein proposed edit distance in [14]. The metric 
considers the minimum cost of operations on character to trans-
form one string into another. Intuitively, we can insert, substitute,  
and delete a character. And each of the three operations is assigned 
with a cost value of 1. 

   Fig. 3 Visual Character-String 

Fig. 2 SSMs calculated by different components of optical flow



 
 

For the input string A and B, the smaller the cost to transform 
A to B, the more similar the two strings are. Noticing that in [14], 
the cost of substitution is always set to 1, no matter how similar the 
two characters are. We assign special weight to the cost of substi-
tution according to the distance of the two characters, and the new 
cost of substituting visual character iVC to jVC  is: 

( , )sub i j i jCost d VC VC
Z


  

                  
(2.3)  

where ( , )i jd VC VC is the distance between the visual characters, 

and  is variable parameter. Z specifies the largest distance be-

tween all the characters. 
Noticing that the video clips are ranging of different lengths, 

the proposed SSM description and matching scheme can also cope 
with SSMs of different sizes. Moreover, by mining the local pat-
terns along the main diagonal, maximum information of the matrix 
is reserved and selected to describe the matrix. Fig. 4 illustrates 
why we emphasize the region near the main diagonal. 

At the end of this section, we shall have a brief review the 
proposed CBCD approach. For an input video, we aim to find its 
copies in source database. Firstly, the video is segmented into 
many clips. Then, we extract optical flow in the clips and calculate 
SSMs respectively. After that, the SSMs are described as visual 
strings and matched to their correspondences which are extracted 
from the source database. In case that there may be no correspond-
ing items to a video clip, we set distance threshold  to detect va-
lid candidates. For a single input SSM, if all the SSMs in source 
database are not near to it (distance > ), a “Not-in-Database” sign 
is returned to that clip. Finally, we bring all the segmented input 
video clips together, and let them vote for the copy videos in the 
source database.  
 

3. EXPERIMENTAL RESULTS 
 

In this section, we evaluate our SSM-based copy detection ap-
proach on CIVR07 Copy Detection Evaluation Corpus (MUSCLE-
VCD-2007) ST1 [12]. The source data contains about 100 hours of 
352×288 video materials coming from web, TV archives, and mov-
ies. Meanwhile, 15 queries with a total length of 2 hours and 30 
minutes are available to detect copies in the source database. 
Among those 15 queries, 5 cannot find copies in the source data-
base. According to the evaluation plot [12], criterion of the detec-
tion scheme is defined as equation (3.1): 

Num Of Correct Matchings

Num Of Total Queries

Ncorrect
Quality

Nqueries


             

(3.1)  

Noticing that the ST1 issue is a matching problem, where every 
query only has one correspondence in the source, we segment vid-
eo files into 4-minute-length (6000 frames) video clips and only I 
frames are used to extract SSMs. In all, the 15 video queries are 
segmented into 44 video clips and 828 clips come from the source 
database. We manage to match both of the 15 queries and 44 video 
clips to their correspondences. 

Firstly, we aim to select the best parameters in our approach. 
According to Fig. 5 and 6, X-component of the optical flow and 
cosine distance are preferable. This is mainly because of the do-
minance of X direction movements in most of the videos. In all, 13 
of the 15 queries are successfully matched with their correspon-
dences, holding the same result with the best one reported in 
CIVR07 Copy Detection Evaluation ST1[12]. Noticing that only 
using I frame may not efficiently express the whole clip, we then 
introduce a shot boundary detection scheme proposed in [15]. 

To reduce the cost of computation, only the shots around 10 
to 20 seconds are chosen to represent a video file and all frames in 
the shot are used to extract SSMs. There are totally 185 query shots 
and 2669 source shots. 

We conduct experiment on the 185 query shots and 2669 
source shots. The block size selected is 4×4, and X component of 
optical flow and cosine distance are adopted. We vary the VCS 
mask size in Table 1, and our approach is proved to be effective.  

Finally, we make a comparison between different SSM de-
scription and matching schemes. Foote et al. proposed beat spec-
trum, which shows its effectiveness in audio retrieval [16]. Junejo 
developed a local log-polar structure SSM descriptor based on the 
calculation of the histogram of gradient directions [11]. We use the 

Fig. 5 The comparison of optical flow components. 

Fig. 6 The comparison of different distance measures 

Fig. 4 Importance of the regions 
(Supposing that we are in a condition of time alignment failure, the
original SSM SSM_org extracted from the source is shown as the
whole matrix, and the SSMs extracted from the copy are SSM 1’
and SSM 2’. Here, we notice that the Silent Region 1 and Silent
Region 2 are invalid regions to match SSM_org with SSM_1’ and
SSM_2’. Thus, only the regions near the main diagonal reserve the
key information of the matrix.) 



Our 
approach 

VCS  
Mask Size 

Correct 
Shots 

Correct 
Queries 

Retrieval
Quality 

5×5 173 15 100% 
10×10 173 15 100% 
15×15 174 15 100% 
20×20 174 15 100% 
25×25 174 15 100% 
30×30 172 15 100% 
35×35 172 15 100% 
40×40 172 15 100% 

Best result reported in CIVR07 Copy Detection 
Evaluation ST1 [12] 

86% 

Table 1 Results of our approach under different VCS mask sizes 
(In comparison with the best one reported in [12]). 
 
 
shots mentioned above, and the matching quality received by each 
of the three approaches is shown in Fig. 7. It can be seen that our 
SSM descriptor appears to be prominent in near-duplicate and copy 
detection issue. Regarding that most of the video shots are seg-
mented into different lengths, the proposed method benefits from 
its robustness to treat different SSM sizes and misaligned frame 
sequences. 

In this section, based on the CIVR07 Copy Detection Corpus, 
we select the parameters in our approach and validate the effec-
tiveness of the proposed solution. The SSM based copy detection 
scheme treats the video clip as a whole and transforms the tempor-
al self-similarity into a matrix. It is succinct in expression and ro-
bust to duplicate transforms. By implementing the proposed VCS 
descriptor, the problem of SSM alignment failure and size varia-
tion can also be solved properly. 
 

4. CONCLUSION 
 

In this paper, we present a Self-Similarity based copy detec-
tion approach and verify its effectiveness on the CIVR07 Copy 
Detection Evaluation Corpus. We also propose a VCS descriptor 
and edit distance based matching scheme which can cope with 
SSMs of different sizes. Our method is robust and do not rely on 
keyframe matching. Future study will include more features in the 
process of SSM extracting. Meanwhile, we shall test our method 
on various dataset such as TRECVID benchmark. 
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