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Abstract. In this paper, we present an efficient content-based video copy 

detection method based on vocabulary tree and inverted files. The copy 

detection system exploits complementary local features and video sequence 

matching. Using two different local features, vocabulary trees and inverted files 

are built respectively to get keyframes matching result. Histogram-based and 

diagonal-based sequence matching approaches are applied to detect the copy 

video sequences. The experimental results on the TRECVID 2011 video copy 

detection dataset show that the proposed system is effective and efficient. 

Keywords: Content-based copy detection, Bag-of-Words, Vocabulary tree, 

Inverted file. 

1 Introduction 

Along with the development of computer, web, and other multimedia technologies, 

the amount of videos increases exponentially nowadays. The spread of the videos 

leads to many copies on the Internet or TV. Therefore, a video copy detection system 

is necessary for the digital copyright protection, information (illegal content) 

monitoring, video retrieval and so on.  

Given a query video, video copy detection aims at finding the copy clips in the 

database of reference videos [1]. A copy is a transformed video sequence derived 

from an original video. The transformation contains scaling, compression, picture-in-

picture (PIP), pattern insertion and cropping, etc [1].  

The video copy detection is challenging due to the following factors. (1) effective 

and robust feature extraction. Many kinds of video transformations change the videos 

seriously, such as PIP, spatial shifts, blur and so on. (2) high dimension of features. 

For instance, Scale-invariant feature transform (SIFT) [2] that is robust, is a 128-d 

descriptor. The high dimension inevitably make the computational cost of matching 

processing be high. (3) context cues in video. The temporal information should be 

considered effectively and reasonably for video copy detection.  

In this paper, we present a video copy detection system which can effectively 

address these problems. An overview of our system is shown in Fig. 1. We extract 

two kinds of local features for a subsample of frames from the video. One is the 128-d 

SIFT descriptor, which is employed to cope with spatial content-altering 

transformations. The other is the 32-d Oriented Features from Accelerated Segment 



Test (FAST) and Rotated BRIEF (ORB) descriptor [3]. It is a very fast binary 

descriptor based on Binary Robust Independent Elementary Features (BRIEF), which 

is rotation invariant and resistant to noise. These two descriptors are combined 

together, achieving total robustness to various transformations. In order to reduce 

dimensionality and index efficiently, the local descriptors are hierarchically quantized 

in a vocabulary tree. This vocabulary tree allows a larger and more discriminative 

vocabulary to be used efficiently. Each keyframe is represented by a vocabulary 

histogram. The entire set of the representations of the video dataset is stored in a 

structure similar into the inverted file, which accelerates feature matching process. 

We proposed three sequence matching methods for video copy detection, two of them 

are based on the histogram, and  the other is based on diagonal.  
Frame-matching Video-matching

Re
f.

 V
id

eo
Qu

er
y 

Vi
de

o

Pr
ep

ro
ce

ss
in

g

Extract 
ORB

Building 
Vocabulary Tree 
and Inverted 

Index
ORB

 Vocabulary 
Tree & 

Inverted Index

Extract 
ORB

Bag-of-Words and 
Inverted Index

Matched Frames

Diagonal-based 
Sequence Matching

Optimized Histogram-
based Sequence 

Matching

Histogram-based 
Sequence Matching

Extract 
SIFT

Bag-of-Words and 
Inverted Index

SIFT 
Vocabulary 

Tree & 
Inverted Index

Extract 
SIFT

Building 
Vocabulary Tree 
and Inverted 

Index

Copy-
detection 
Result

Copy-
detection 
Result

Copy-
detection 
Result

 

Fig. 1. An overview of our CBCD system 

2 Related Work 

Due to the definition of copy video, a kind of robust and discriminative feature 

should be extracted to detect copy videos. The feature is widely used for CBCD 

before it can be classified into two broad categories, global features and local features. 

Global features include the global statistics of low-level features. Many research 

studies have used them to deal with some simple video transformations. For example, 

Coskun et al. [4] use the Discrete Cosine Transform (DCT) to identify copies. 

Hampapur and Bolle [5] compare global features based on color, motion and spatio-

temporal distribution of intensities. This ordinal measure has been proved to be robust 

to different resolutions, illumination shifts and display formats, but it does not robust 

to pattern insertion, shifting, or cropping. Overall, although those features are more 

compact and can be extracted more efficiently, they are only robust to some simple 

transformations. Considering this situation, local features have demonstrated their 

effectiveness for detecting copy videos. Many approaches extract local patches with 

the Hessian-Affine region detector and describe them with the SIFT or Speed Up 

Robust Features (SURF) descriptors [6]. The high dimension leads to heavy 

computational cost. The most popular method for reducing the dimension is the bag-

of-words (BoW) approach [7] [8]. It first clusters a large amount of training features 

to generate a visual word vocabulary. And every cluster center is a visual word. Then 

every features extracted from the database are mapped to those word. So every frame 



 

is represented by a visual word histogram. Moreover, combining with inverted file, 

the BoW representation can improve the effectiveness and efficiency of the 

approaches using local features.  

The video matching methods are paid more attention. Wei et al. [9] proposes a 

frame fusion scheme which is based on a Viterbi-like algorithm, comprising an online 

back-tracking strategy with three relaxed constraints. Tian et al. [8] propose a 

sequential pyramid matching method which is adopted to aggregate frame level 

results into video level results.  

3 Overview of Our Propose Approach 

The CBCD generally involves two parts: frame matching and video matching. For 

frame matching, there are three steps: (1) extracting features of the keyframes, (2) 

utilizing the Bag-of-Words model to compact the features, (3) indexing the similar 

frames using the inverted files. For video matching, we proposed three methods of 

matching sequences. Two are based on the histogram, the rest one is based on 

diagonal. 

4 Frame-matching 

Frame-matching aims at getting the similar frames of the query frame. We use 

local features and their Bag-of-Words representations, and then index the similar 

frames with inverted files.  

4.1 Preprocessing 

Since many adjacent frames are quite similar, it is redundant to use every frame in 

a video for copy detection. Two approaches are widely used to extract keyframe. One 

is based on shot boundary, the other is to sample keyframe uniformly. The shot 

boundary can not be detected accurately enough, and it is proved that the result of 

uniform sampling is better than the shot boundary based method. Consequently, the 

keyframes in our video copy detection system are obtained by uniformly sampling at 

a rate of 2 frames per second.  

In addition, we detect the black frames by computing the average luminance values 

and remove them to avoid affecting the feature extraction. For PIP transformation, it 

is difficult to find this kind of copies directly. We preprocess them, and match the 

foreground, background and the original frames respectively.  

4.2 Feature Extraction 

We use two kinds of local features for our CBCD system, SIFT and ORB. For 

SIFT, we firstly detect Hessian-Laplace regions using the software of [10] with 

default parameters. This region detector is invariant to many image transformations, 

such as scale changes, image rotation and noise. SIFT are invariant to image scale and 



rotation. They are also robust to changes in illumination, noise, and minor changes in 

viewpoint. The dimension of SIFT is 128.  

Another local feature is a very fast binary descriptor based on BRIEF, called ORB, 

which is rotation invariant and resistant to noise. First, FAST is used to detect the 

interest points. Then we use BRIEF as the feature descriptor, which uses simple 

binary tests between pixels in a smoothed image patch. Its performance includes 

robustness to lighting, blur, and perspective distortion. The dimension of ORB is 32, 

and the speed of using ORB is almost 100 times faster than using SIFT.  

4.3 Building Vocabulary Tree 

Directly matching the frames using the Euclidian distance between two feature 

vectors with 128-d or 32-d is not scalable at all. In this work, we utilize Bag-of-Words 

to generate compact feature representation for efficient feature matching.  

The first step is to convert the feature vectors to visual words, which also produces 

a visual vocabulary. We perform hierarchical k-means clustering on a training set of 

frames’ descriptors to generate a visual vocabulary. Visual words are then defined as 

the centers of the learned clusters. After generating a vocabulary, each descriptor is 

mapped to a visual word by searching the nearest centroid in the visual vocabulary.  

In order to obtaining a larger and more discriminatory vocabulary efficiently, we 

build a vocabulary tree [11], which is shown to result in a significant improvement of 

retrieval quality. This vocabulary tree defines a hierarchical quantization by 

hierarchical k-means clustering. K defines the branch factor of the tree, and L  

defines the level of the tree. In our experience, the number of branch factor is 10, and 

the number of level is 6. 1,000,000 leaf nodes are used for our method. Every 

descriptor in the database is mapped to the vocabulary tree. So the frames of reference 

videos are represented by a set of visual words in the vocabulary tree. Moreover, the 

representation of database is saved in a file.  

For two kinds of features, we build two different vocabulary trees respectively. 

Each tree has 1,000,000 leaf nodes. The representations using different features are 

also generated respectively. We get two vocabulary trees, and two representations for 

every frame in the database.  

4.4 Indexing by Inverted File  

We use a score function [11] to measure the relevance between the query frame 

and the reference frames based on how similar the paths down the vocabulary tree. 

The score function between q and d is defined as 

 

 , =  - 
q d

s q d
q d

. (1) 

Moreover, we use inverted files to index the similar frames efficiently with the 

large database. The inverted files store the id-numbers of the images in which a 

particular node occurs, as well as for each image the term frequency.  



 

Given a query video, for each frame, we use the top A similar reference frames by 

ranking the score. The output of a query video is a collection
fM which contains a 

series of frame level matches
 a

fm : 

      
= , , , ,

a a a

f q f r fm q t r t s , (2) 

where q and r identify the query and reference video, 
qt and rt are the timestamps of 

matched query and database frames,
 fs is the score of the frame match, computed 

by(1), and a defines the top A  matching frames and =1,2, ,Aa .  

5 Video Matching 

We proposed two approaches for video matching based on frame-matching results. 

One is based on histogram, the other is based on diagonals.  

5.1 Histogram-based Sequence Matching 

After Frame-matching，we get the collection
fM which contains a series of frame 

level matches
 a

fm . 

We respectively sum the numbers of matched frames which belong to the same 

reference video, denoted rh : 
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where r is the name of the reference video in the database.  

After getting a set of rh , we get a histogram of them, and the video matching result 

is the maximum of rh that must be larger than a threshold h .  
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where rN is the name of reference video which get the largest rh , hR defines the 

result of video matching. If the maximum of rh is larger than the threshold h , the 

result hR returns the name of copy video, otherwise, the result hR returns none  which 

means there is no copy of the query video.  

5.2 Optimized Histogram-based Sequence Matching Using Scores 

In the subsection 5.1, the information of scores, which may be an important factor 

detecting the copy video, is not considered. We optimize our model of histogram-

based sequence matching by combining the scores. 

We respectively compute the sum of scores for each reference video which may be 

a copy of query video, denoted rs : 
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We use
 a

fs to replace
 a

fSig in Section 5.1. The following steps are same. Then we 

get the video matching result sR for the query video. 

5.3 Diagonal-based Sequence Matching 

In the section 5.1 and section 5.2, the histogram doesn’t consider the context 

information of videos. The copy sequence is consistent in spatio. So we proposed a 

sequence matching method based on diagonal scheme.  

Considering the frame-matching result
fM , we build a matrix

,= i jM m    

( =1, , qi l , =1, , rj l ) of each reference video for a query video, 
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where ql ( rl )defines the number of query (reference) video keyframes. 

The diagonal we define in our method is the -k th diagonal of matrix M , which 

contains continuous non-zero numbers. We first line all the diagonals in the matrix. 

Then the diagonals whose length is less than a threshold are ignored. That is, those 

single-frame matches and short sequence matches are filtered out. A score
 

=
ar

d fs s is computed for each diagonal left. A threshold is used for filtering the 

better diagonals whose
r

ds is larger than it. For the remaining diagonals, we connect 

the neighbor diagonals to form a longer one by operations of insertions and deletion. 



 

Then we compute the score of these new diagonals, and return the result that the copy 

video is the reference video with the largest score which is larger than a threshold
d . 
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6 Experiment 

In this section, we evaluate our CBCD system on the TREC Video Retrieval 

Evaluation (TRECVID) 2011 dataset [1]. We first introduce the dataset, and give the 

details of experimental settings. Finally, the experiment result is given and analyzed. 

6.1 Dataset and Experimental Setting 

TRECVID is sponsored by the National Institute of Standards and Technology 

(NIST), devoting to research in automatic segmentation, indexing, and content-based 

retrieval of digital video. Since 2008, TRECIVD has organized the task CBCD, and 

the dataset we use in this paper is TRECVID 2011 CBCD.  

Table 1. Video transformations.  

Transformation Description 

T1 Simulated camcording  

T2 Picture in picture  

T3 Insertions of pattern 

T4 Compression 

T5 Change of gamma 

T6 Decrease in quality (a mixture of 3 transformations among 

blur, gamma, frame dropping, contrast, compression, ratio, 

white noise) 

T8 Post production (a mixture of 3 transformations among crop, 

shift, contrast, text insertion, vertical mirroring, insertion of 

pattern, picture in picture) 

T10 Change to randomly choose 1 transformation from each of 

the 3 main categories 

In TRECVID 2011 CBCD task, the reference dataset contains more than 12000 

videos. More than 10000 query videos are created. For each query, the tools will take 

a segment from the reference dataset, optionally transform it, embed it in some video 

segment which does not occur in the reference dataset, and then finally apply a video 



transformation on the entire query segment. There are ten kinds of video 

transformations listed in Table 1. 

For video copy detection, we first extract keyframes uniformly from the video at a 

rate of 2 frames per second. Then the SIFT and ORB features are extracted from the 

keyframes. We build the vocabulary tree with 6 levels and 1,000,000 leaf nodes, and 

index the similar frames by ranking the score using inverted files. We store the top 20 

similar frames and their scores for each frame. After matching the frames, we match 

the video using the three methods respectively. Our experiment is done on the subset 

of TRECVID dataset, which are sampled randomly. The distributions of type of 

queries and transformations are same with the whole dataset. 

6.2 Experiment Result and Analysis  

The evaluations we use are precision and recall. In our paper, the true positives 

(TP) are the copies that are correct and the false positives (FP) are unexpected copies. 

The false negatives (FN) are the missing copies, and true negatives (TN) are correct 

non-copies.  

We use precision, recall, true negative rate, and accuracy to evaluate our CBCD 

system. The results we get using three different video matching methods are shown in 

the Table 2.  

Table 2. Precision, Recall, TNR, and Accuracy of Matching Method  

 Method 5.1 Method 5.2 Method 5.3 

Precision 0.444 0.600 0.765 

Recall 0.727 0.692 0.867 

TNR 0.500 0.667 0.750 

Accuracy 0.581 0.677 0.806 

From the result we can find that the matching method based on diagonal is proved 

better than the method based on histogram. The result using scores is proved better 

than the result without scores. The reason is that the score information and spatio 

information are significant for sequence matching. 

Table 3. Precisions for different transformations 

Transformation T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 

Precision 0.78 0.77 0.83 0.83 0.88 0.81 0.72 0.71 0.67 0.64 

As shown in Table 3, it is obvious that the difficulty of copy detection for different 

transformations varies a lot. T5 is the easiest one. Most of T3, T4 and T6 can be 

matched accurately as well. The more challenging transformations are T2, T8 and 

T10. Without preprocessing on PIP transformation, our system does not perform well 

on T2 and T8 which may contain PIP transformation. It is proved that the 

preprocessing for PIP is required to detect the foreground and background. For this 

reason, we improve our system by detect the PIP transformation during the 

preprocessing. It turns out that the result is better than before.  

  The processing time of our system is appropriate. The usage of vocabulary tree and 

inverted files decreases the processing time.  



 

7 Conclusions and Future Work 

We have proposed a content-based copy detection system based on vocabulary tree 

and inverted file. By introducing the SIFT and ORB features, the proposed system 

utilizes the Bag-of-Words model to compact the features, and indexes with the 

inverted files. Then it uses the methods based on histogram and diagonal to matching 

the video sequences respectively. The evaluation result on TRECVID 2011 CBCD 

dataset shows that the proposed system is effective and efficient. Our future work will 

be devoted on the usage of audio information and accurate copy localization. 

However, there are a few thoughts on further reducing the computational complexity 

as following. (1) Decreasing the number of SIFT features and using the most 

representational interest points. (2) Increasing the size of vocabulary tree to adopt a 

more efficient way to read in the large inverted files. Moreover, the video sequences 

matching method should be improved using more context information. 
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