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Abstract 

 
Video copy detection has been actively studied in a wide range of multimedia applications. This project presents graph based video 
copy detection method using SURF techniques. A very efficient SURF method is employed to detect the motions in videos. By 
taking advantage of the extremely fast similarity computation, perform the segment based copy detection method that exhaustively 
searches the copy candidates from the large video database without indexing. To reduce the computational complexity, we first use 
the dual-threshold method to segment the videos into segments with homogeneous content and extract key frames from each 
segment. SURF features are extracted from the single key frame of the segments. Then, we propose an SVD-based method to match 
two video frames with SURF point set descriptors. To obtain the video sequence matching result, we propose a graph-based 
method.If a video copy detection technique is to be effective, it needs to be robust to many digitization and encoding processes that 
give rise to several distortions, including changes in brightness, color, frame format, as well as different blocky artifacts. 
Experimental results also demonstrate that the proposed method can obtain a better trade-off between the effectiveness and the 
efficiency of video copy detection. 
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I INTRODUCTION 

 
Growing broadcasting of digital video content on different media brings the search of copies in large video 

databases to a new critical issue. Copying of video increases with the rapid development of multimedia technologies 
and media streaming, Copyrighted materials become videos and can be easily copied, stored, and distributed over the 
Internet. As video is the most complex type of digital media, it has so far received the least attention regarding 
copyright management [2]. Because videos are available in different formats, it is more efficient to the copy detection 
process on the content of the video rather than its name, description, or binary representation. This situation, aside from 
enabling users to access information easily, causes huge privacy issues. Video copy detection is a challenging problem 
in computer vision due to the following reasons. First of all, the problem domain is exceptionally wide. Depending on 
the purpose of a video copy detection system, different solutions can be applied [1]. For example, a simple frame-based 
color histogram similarity approach could be enough for detecting exact duplicates of video segments or identifying 
commercial breaks. On the other hand, matching news stories across different channels (camera viewpoints) is a totally 
different problem, and will probably require interest point matching techniques [5][6][7]. Therefore, no general solution 
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can be proposed to video copy detection problem. Secondly, the problem space is extremely large, which often requires 
real-time solutions. 

SURF and SVD approaches to detect the video copies. Based on segmentation search we identify the video 
copies and extend the work with graph based analysis. Then our proposed work illustrates that segmentation and graph-
based video sequence matching method can detect video copies effectively. Also, the proposed method has advantages. 
Specifically, it can automatically find optimal sequence matching result from the disordered matching results based on 
spatial feature. 

 
The framework of content-based video copy detection. It is composed of two parts: 
 

1) An offline step. Keyframes are extracted from the reference video database and features are extracted from 
these keyframes. The extracted features should be robust and effective to transformations by which the video 
may undergo. Also, the features can be stored in an indexing structure to make similarity comparison efficient. 

2) An online step. Query videos are analyzed. Features are extracted from these videos and compared to those 
stored in the reference database. The matching results are then analyzed and the detection results are returned. 
 

.  
 

 
Fig 1. Framework of video copy detection                                                                                                                      

 
II  RELATED WORK 
 

Copy is a subset of near duplicate. Copies have an origin, while near-duplicates may not[8]. Specifically, two 
news videos on the same event from two broadcasting corporations are not copies, but near duplicates since they deliver 
the same information to audience,although some variations on the scenes may exist. One type of copy detection 
methods use global descriptor.Specifically, Hampapur et al. compared distance measures and video sequence matching 
methods for video copy detection[2][9]. Specifically, they divided each video frames along the time sequence into several 
blocks and proposed average gray values for each block. Then, they linked gray values of these divided blocks separately 
along the time direction before they use those sequence information to describe the video content. the color histogram in HSV 
color space to detect and remove the majority of duplicates of web videos. 
 
The local descriptors on points, lines, and shape play an important role in image and video copy detection.[16][17] 
Among them, descriptors on points are widely used. Specifically,spatiotemporal interest points were employed to 
classify human actions and to detect periodic movement. selected four different locations at the space around interest 
points (i.e., these four locations are in the same frame) when they describe the feature points, while selected four 
different locations around interest points in both time and spatial domain also described the trajectory characteristic of 
feature points and used labels (such as “background” or “movement”) to label some feature points[19][20][21]. This 
method can effectively improve the robustness and discriminative ability of video signature.Similarly, detected 
duplicate scenes by using the trajectory characteristic of the feature points. 
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As SURF descriptor has good stability and discriminative ability, we choose SURF descriptor to describe 
video characteristics. Meanwhile, we suggest two solutions to the lack of high computational cost in the process of copy 
detection: 1) dual-threshold method to eliminate video redundant frames; 2) using singular value decomposition (SVD) 
for matching two feature sets of SURF features on key points.The video subsequence matching by using the video’s 
temporal information. When we input a query video, the objective of the video copy detection is to find whether the 
copy sequence exists in the target video or not.[19][16] There are much uncertainty in the process of video copy 
detection, for example, whether there exists a copy in the video, what is the length of copy clip, and where is start and 
end position. Therefore, it is difficult for video copy detection to employ some supervised learning methods,which 
makes video copy detection more difficult than the ordinary video retrieval. The video sequence matching algorithms 
for video copy detection task now have two weak points. First, in matching, a hard threshold needs to be determined 
first to obtain the matching results. However, it is difficult to determine a generic threshold for matching different video 
clips. Second, an exhaustive search method will involve high computational cost to detect all possible video copies with 
various lengths and locations. To resolve this problem, we propose a graphbased video sequence matching method in 
this paper[26]. This method has the advantages of high accuracy in locating copies, being able to compensate the 
deficiency in description of image low-level features, reducing detection time costs, and being able to simultaneously 
locate more than one copy in two comparing video sequences.  
  
III AUTO DUAL-THRESHOLD METHOD TO ELIMINATE REDUNDANT VIDEO FRAMES 
 

An effective way of reducing nonnecessary matching is to extract certain keyframes to represent the video 
content and the matching of two video sequences can be first performed the extracted keyframes cannot represent the 
temporal information among frames[26][27]. On the other hand, some methods were proposed to detect video shots and 
extract keyframes from each shot to represent the video content by matching the keyframes. Then, we propose to detect 
video segments, which is an intermediate representation between video frames and video shots. 
 In the framework, we use an auto dual-threshold method to eliminate redundant video frames. This method 
cuts continuous video frames into video segments by eliminating temporal redundancy of the visual information of 
continuous video frames. This method has the following two characteristics. First, two thresholds are used[30]. 
Specifically, one threshold is used for detecting abrupt changes of visual information of frames and another for gradual 
changes. Second, the values of two thresholds are determined adaptively according to video content. 
 
 
 

 
 

Fig 2,Auto dual-threshold method to eliminate redundant video frames,select keyframes. 
 
 By using the auto dual-threshold segmenting method, continuous video frames can be segmented into temporally.In our 
existing system three frames are extracted from each video segment, which are the first frame, the keyframe and the last 
frame of this segment.The keyframe is determined by the frame that is the most similar to the average frame but 
proposed system take only single frame for each segment[23]. Each segment is assigned a continuous ID number along 
the time direction. We also make the statistical analysis on the time length of the video segments obtained by the auto 
dual-threshold segmenting method 
 
IV. MATCHING SURF FEATURE POINT SETS BASED ON SVD 
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To better represent the local content of video frames, we choose SURF descriptors to present the video sequences, using 
these indexing methods, the temporal information of the SURF feature points in different frames will be lost. Thus, our 
motivation is to match the two SURF feature sets in two video frames and make use of the temporal information of 
video frames. 

 
The SVD method has been widely used in pattern recognition, data compression, signal processing, and other 

fields and also used the SVD method to match SURF features, the motivation of our method is essentially different from 
their method. The goal of the use of the SVD method to reduce and correct the wrong match between the two points in 
two SURF feature sets. The method focused on the “one point-to-one point” correspondence.However, we use the SVD 
method to measure the similarity between two SURF feature point sets, and emphasize the similarity of “frame-to-
frame.”If A 2 Rm_n (based m > n), ranðAÞ ¼ r, then there exists two orthogonal matrices U; V , and a diagonal matrix. 
The matrix singular value has the following characteristics: 
Characteristic 1: transposition and replacement invariance. That is to say, after transposition or row-column replacement 
operation of the matrix, its singular value remains unchanged. This characteristic can be directly proved according to the 
definition of singular value and the characteristic of elementary matrix. 
Characteristic 2: energy concentricity. The matrix A can be approximately restructured by the first k largest singular 
values of A. It can be proved that the matrix corresponding to the first k largest singular values of A is the closest to 
matrix A under the Frobenius norm. 
The aim is to compute the similarity between two SURF feature point sets that are extracted from keyframes of videos. 
Accordingly, we propose an SVD-based method to match the SURF feature point sets. The image SURF feature 
contains many local feature points, each feature point is described by a128D vector. Then, the SURF feature points set 
of one image can be represented as a matrix. It can be known from Characteristic 1 that the singular value of the image 
SURF feature matrix is not related to the position of SURF feature point. According to Characteristic 2, we can use the 
energy concentricity of the first k largest singular values of the image SURF feature matrix to greatly reduce the 
matching cost. In this paper, we use these characteristics of the image SURF feature matrix and its singular value to 
match the SURF feature point sets of images. 

 
V GRAPH-BASED VIDEO SEQUENCE MATCHING METHOD FOR VIDEO COPY DETECTION 
 
 This section will describe the proposed graph-based video sequence matching method for video copy detection 
[19][16][22][17][25].  
The method is presented as follows: 
Step 1: Segment the video frames and extract features of the keyframes. According to the method described in Section 
3, we perform the dual-threshold method to segment the video sequences, and then extract SURF features of the 
keyframes.  
Step 2: Match the query video and target video. 
Step 3: Generate the matching result graph according to the matching results. In the matching result graph, the vertex 
Mij represents a match between CQ 
i and CT j . To determine whether there exists an edge between two vertexes, two measures are evaluated. 
Step 4: Search the longest path in the matching result graph.The problem of searching copy video sequences is now 
converted into a problem of searching some longest paths in the matching result graph. The dynamic programming 
method is used in this paper. The method can search the longest path between two arbitrary vertexes in the matching 
result graph. These longest paths can determine not only the location of the video copies but also the time length of the 
video copies. 
Step 5: Output the result of detection. For each vertex of the matching result graph, it has more than one path or no path. 
 
VI EXPERIMENTS 
 
In this section, we present our experimental results of the proposed graph-based video sequence matching method for 
video copy detection. Two key techniques will be evaluated in our experiments. The first experiment is to examine the 
effectiveness of the SURF feature point set matching method based on SVD. Second, we examine the effectiveness of 
the proposed graph-based video sequence matching method, compared with the traditional sequence matching method. 
 
A.Experiment Setting 
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Each query is constructed by taking a segment of variable length from the test video data set. And the segment 
is embedded into a video which is not in the test data set[5]. Then, one or more transformations are applied to the entire 
query video segment. In the obtained query videos, some may contain no test segment and others may contain entire 
segment of one test video segment. 
 
B.Evaluation Criteria 
 

To evaluate the performance of video copy detection, we use three criteria. These criteria are minimal 
normalized detection cost rate (MinNDCR), copy location accuracy, computational time cost, recall, and precision. 
MinNDCR: This measure is a tradeoff between the cost of missing a true positive and the cost of dealing with false 
positives. 
NDCR allows to measure the ability to detect true copies as well as to avoid false alarms. The smaller the NDCR is, the 
better the detection performance is. In the experiment, NDCRs for different decision thresholds are computed and 
minimal NDCR, i.e., MinNDCR, is obtained for each transformation. 
Copy location accuracy: This measure aims to assess the accuracy of finding the exact extent of the copy in the 
reference video. It is measured by the F1 measure which is defined as the harmonic mean of precision and recall[5][16].  
CTSA: This measure aims to show the registration level between detected copy location and the true copy location. 

 
Advantages of the Graph-Based Video Sequence Matching Method 
 
Since the matching results based on visual features of the video frames do not incorporate the videos’ temporal 
characteristics, the goal of the proposed graph-based video sequence matching method is to refine and order the 
segment matching results by incorporating the temporal information. The proposed method demonstrate the following 
advantages: 
1. It can automatically find optimal sequence matching 
result.The dashed box B represents query matching results based on a similarity threshold. Specifically, each column in 
B corresponds to the similarity matching results of each query frame (order by similarity). Then, the graph-based video 
sequence matching method can automatically find an optimal path to describe the sequence matching result.  
2. It can automatically remove the noise caused by visual feature matching. In the detection process, there are some 
noise in the matching results based on the spatial feature of video frameThe graph-based matching method can use two 
constraints  to remove the noise.  
3. It is adaptive to video frame rate change. The query 
video’s frame rate is twice the query video’s frame rate  Experimental results demonstrate that we can still detect the 
video copies at different frame rate. 
4. It can detect multiple copies existed in the detected video. In real application, the video copies can appear more than 
once  our proposed method can detect the multiple copies. 
 

 
 

Fig 3.segmentation graph 
 

Finally, the graph-based video sequence matching method has good scalability to the application based on sequence 
matching. And the matching methods on visual features will not affect the graph-based sequence matching method. 
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Fig 4.Feature detection 
 

 
 

 

 
 

Fig 5.Matching result 
 

VII CONCLUSIONS 
 
This paper first analyzes different video copy types and the features used for copy detection. Based on the analysis, we 
use local feature of SURF to describe video frames. Then, we use a dual-threshold method to 
eliminate redundant video frames and use the SVD-based method to compute the similarity of two SURF feature point 
sets. Experimental results show that this method can obtain a better tradeoff between the detection effectiveness and 
time cost. 

Experimental results show that the proposed graph-based video sequence matching method has several 
advantages: 

 
1. The graph-based method can find the best matching sequence in many messy match results, which effectively 
excludes false “high similarity” noise and compensate the limited description of image low-level visual features. 
2. The graph-based method takes fully into account the spatiotemporal characteristic of video sequence, and has high 
copy location accuracy. 
3. The graph-based sequence matching method can automatically detect the discrete paths in the matching result graph. 
Thus, it can detect more than one copies. 
4. Compared to exhaustive search method, graph based method can also reduce detection time. 
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