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Message from MMTC Chair 

Dear MMTC fellow members,  

Welcome to the September issue of IEEE MMTC E-letter! Time really flies. This is the first time I write to you as 
the vice-chair of MMTC. First of all, I want to express my sincere gratitude to the E-letter and R-letter editorial 
teams as well as chairs and vice–chairs of special interest groups (IG), and all contributors over the past two years. 
Their contribution and dedication have made both E-letter and R-letter valuable platforms for researchers in the 
multimedia communications society to share and exchange ideas. Special thanks also go to the former and current 
MMTC chairs, Dr. Haohong Wang and Dr. Jianwei Huang for their great leadership and strong support to E-letter 
and R-letter. Thank you!     

Looking forward, E-letter and R-letter editorial teams will continue to work with special issue groups of MMTC to 
bring to MMTC members the latest technological developments, hot research topics, and society news in multimedia 
communications and signal processing. Please follow closely our E-letter and R-letter.   

It is with my great pleasure to announce the new E-letter leadership team for the term of 2012-2014: 

• E-letter Director,  Dr. Shiwen Mao (Auburn University, USA) 
• E-letter Co-director, Dr. Guosen Yue (NEC Labs, USA) 
• E-letter Co-director, Dr. Periklis Chatzimisios (Alexander Technological Educational Institute of 

Thessaloniki, Greece) 

Dr. Mao has served as MMTC IG Chair during the past two years. Starting from July 2012, E-letter will resume to 
be a bimonthly publication. Each issue of E-letter will feature a special issue on emerging topics that contributed by 
an IG and E-letter jointly and an industry column organized by an E-letter editor or guest editor. The special issue on 
emerging topics may consist of two types of papers, i.e., extended abstract from open call for papers or short invited 
papers from well-known researchers summarizing their recent works, possibly a paper published in premier IEEE 
publications.  The full version of an accepted abstract will be recommended to fast-track review of an IEEE special 
issue organized by the IG.  The industry column will focus on practical industry problems and solutions. Historically, 
many excellent E-letter contributions are position papers partially based on existing publications in top IEEE 
ComSoc conferences and journals. In the future, the E-letter board will make selected recommendations of these 
related existing publications to the R-letter board, further increasing the visibility of the E-letter contributors. 

I am also very happy to introduce to you the new R-letter leadership team for the term of 2012-2014:  

• R-letter Director, Dr. Irene Cheng  (University of Alberta, Canada) 
• R-letter Co-director, Dr. Xianbin Wang (The University of Western Ontario, Canada) 

Both Dr. Cheng and Dr. Wang have served as MMTC IG Chairs during the past two years. In the next two years, the 
new R-letter editorial board will continue to stimulate multimedia research by selecting high-quality papers on 
emerging topics for review. The board will also encourage researchers to submit papers to IEEE MMTC sponsored 
publications and conferences, and nominate papers published in IEEE MMTC sponsored publications/conferences 
for best paper awards. 

I hope you enjoy reading the September issue of E-letter, and as always, your great suggestions and comments are 
very welcome!  

Kai Yang 

Vice-Chair of Multimedia Communication TC of IEEE ComSoc  
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SPECIAL ISSUE ON LARGE-SCALE MULTIMEDIA COPY DETECTION 

ALGORITHMS AND SYSTEMS 
 

Large-scale Multimedia Copy Detection Algorithms and Systems 

Guest Editor: Zhu Liu, AT&T, USA  

zliu@research.att.com 

Multimedia copy detection is to locate the copied 
segments of a target video in a testing video, and it is 
essential for many applications, including copyright 
infringement tracking, video content search, 
monitoring, and storage, etc. Various transformations 
may be applied in the copied content either 
intentionally (e.g., to elude the copyright infringement) 
or unintentionally (e.g., to convert it to the right format 
for streaming). They include embedding the copied 
video in the Picture-in-picture mode, strong re-
encoding, insertion of text and patterns, rotation, color 
enhancement, etc. Such modification on the original 
content demands high robustness of the copy detection 
algorithms. In addition, with the explosive growth in 
the volume of multimedia content as well as the desire 
to link content in real time, the underlying copy 
detection algorithms have to be efficient and scalable.  
 
This special issue of E-Letter focuses on the recent 
progresses of large-scale multimedia content copy 
detection algorithms and systems. It is the great honor 
of the editorial team to have six leading research 
groups, from both academia and industry laboratories, 
to report their solutions for meeting these challenges 
and share their latest results. 
 
In the first article titled, “Multimodal Video Copy 

Detection using Multi-Detectors Fusion”, Tian, Huang, 
and Gao from Peking University presented their video 
copy detection system that achieved the best overall 
accuracy and excellent localization precision in the 
TRECVID 2010 and 2011 content-based copy 
detection (CBCD) evaluation task hosted by NIST. 
Complementary audio-visual features are exploited to 
construct several detectors and they are organized in a 
principled structure. Two multi-detectors fusion 
methods are investigated to determine the final 
detection results based on the video-level matches, 
namely, verification-based fusion and CBCD-oriented 
detector cascading. The proposed approaches are 
scalable and are suitable for many Web-scale 
applications. 
  
Uchida and Sakazawa from KDDI R&D Laboratories 
authored the second article, “Near-Duplicate Image 
Retrieval as a Classification Problem”. The authors 

proposed a scoring method for local visual feature 
based image retrieval system, where the descriptors can 
be optionally quantized. The new score is based on the 
ratio of the probability density functions of an object 
model and a background model. This method is 
generally applicable in many image retrieval systems, 
and its effectiveness has been demonstrated by the 
simulation results in the bag-of-visual words-based 
framework and the k-NN voting framework.  
 
The third article is contributed by Mukai et al. from 
NTT Communication Science Laboratories, and the 
title is “Robust Media Search Technology for Content-

Based Audio and Video Identification”. A robust media 
search technology is introduced where the media data 
is converted into sequences of fingerprints and the 
spatiotemporal accumulation of them provides 
extremely high identification accuracy. The adopted 
audio fingerprint technique is the divide-and-locate 
method, and the video one is the coarsely-quantized 
area matching method. The core technology has been 
deployed for many commercial services, including 
Internet copyright enforcement, media search on 
smartphones, and media link analysis. 
 
Anguera and Adamek presented a content based copy 
detection system built by Telefonica Research for 
NIST’s TRECVID evaluation in the fourth article, 
“Multimodal Video Copy Detection Using Local 

Features”.  The system relies on both audio features 
(MASK) and local video features (DART), and adopts 
a late fusion algorithm to combine the results from 
different modalities effectively. It achieved outstanding 
results in TRECVID 2010 and 2011. A disk-based 
inverted file index over SSD drives makes the system 
scalable for large database with low query latency.  
 
The fifth article is “Datasets for Content-Based Video 

Copy Detection Research”, from Jiang and Jiang at 
Fudan University. Instead of discussing fundamental 
video copy detection algorithms, the authors provided a 
nice overview on benchmark datasets widely adopted 
in this field, which are essential for evaluating different 
copy detection techniques and encouraging the 
innovation. In addition, the article introduced a new 
benchmark dataset that is being created by the group. 
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The uniqueness of this new dataset is that all videos are 
downloaded from the Internet without any artificial 
transformations. It will cover 50 topics, each contains 
20 videos. Once it is available in early 2013, it will 
make significant contribution to the community since 
researchers can test the algorithms on a collection of 
real data. 
 
The last article of this special issue is from Zavesky at 
AT&T Labs – Research, and the title is “Large-scale 

Multimedia Content Copy Detection in Mainstream 

Applications”. This article provides an excellent high 
level overview on the applications of video copy 
detection algorithms. The author first discussed three 
interesting topics: consumer media management, blind 
source reconstruction, product & companion linking, 
and reported AT&T’s activities in each of these three 
areas. Then a brief review on active research and 
evaluation is given, followed by an insight on the 
foreseeable challenges in future research. 
 
While this special issue is far from delivering a 
complete coverage on this exciting research area, we 
hope that the six invited letters give the audiences a 
taste of the main activities in this area, and provide 
them an opportunity to explore and collaborate in the 
related fields. Finally, we would like to thank all the 
authors for their great contribution and the E-Letter 
Board for making this special issue possible. 

Zhu Liu received the B.S. 
and M.S. degrees in 
Electronic Engineering from 
Tsinghua University, Beijing, 
China, in 1994 and 1996, 
respectively, and the Ph.D. 
degree in Electrical 
Engineering from 
Polytechnic Institute of New 
York University, Brooklyn, 
NY, in 2001. He joined 
AT&T Labs - Research, 

Middletown, NJ, in 2000, and is currently a Principle 
Member of Technical Staff in the Video and 
Multimedia Technologies Research Department. He is 
an adjunct professor of the Electrical Engineering 
Department of Columbia University. His research 
interests include multimedia content analysis, 
multimedia databases, video search, pattern recognition, 
machine learning, and natural language understanding. 
He holds 28 U.S. patents and has published more than 
60 papers in international conferences and journals. Dr. 
Liu is on the editorial board of the IEEE Transaction 
on Multimedia and the Peer-to-peer Networking and 
Applications Journal. He was also on the organizing 
committee and technical committee for a number of 
IEEE Conferences. Dr. Liu is a senior member of IEEE 
and a member of ACM.  
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Multimodal Video Copy Detection using Multi-Detectors Fusion 

Yonghong Tian, Tiejun Huang, and Wen Gao (Fellow, IEEE) 

Peking University, China  

{yhtian, tjhuang, wgao}@pku.edu.cn

1. Introduction 

Content-based copy detection (CBCD) is drawing 
increasing attention for content-based retrieval, media 
usage monitoring, content identification and copyright 
protection [1]. For example, copy detection can be used 
to prevent users from uploading copyrighted material 
to YouTube, who ever claimed in April 2012 that a 
staggering 72 hours of video were uploaded to the site 
every minute and meanwhile was harshly criticized for 
failing to ensure that these uploaded videos comply 
with the law of copyright. 
 
Technologically, however, copy detection in a Web-
scale video database is a pretty challenging task. This 
is mainly due to the fact that Web video copies often 
suffer different complex transformations on the 
components of audio, video, or both of a video file or 
stream, and to make things worse, the content of many 
copies may be significantly changed from their 
originals. After years of practice, it has been widely 
recognized that none of any single feature, or single 

detector based on several features, can work well for 

all transformations. Thus, it is beneficial to combine 
multimodal features or several detectors to enhance the 
robustness and discriminability of the copy detection 
system. This trend has also been validated by recent 
practices in the TRECVID-CBCD contests [2], in 
which most of the participating approaches compute 
several detection results through individual features 
and then fuse them to obtain the final result. 
 
In this article, we briefly describe our approaches that 
achieved the best copy detection accuracies and 
excellent localization precisions for the majority of 
transformations at 2010 and 2011 TRECVID-CBCD 
contests. Our basic idea is to exploit complementary 
audio-visual features to construct several detectors and 
then organize them in a principled structure. Here each 
detector often adopts the frame fusion based paradigm 
[11], namely, searching a list of similar reference 
frames for each query frame and then determining 
video-level matches from these frame-level matches. 
Given video-level matches from these detectors, two 
multi-detectors fusion methods namely, verification-
based fusion and CBCD-oriented detector cascading, 
are designed to derive the final detection result. In the 
following, we will describe them one by one. 
 
 

2. Verification-based Multimodal Fusion 

In the first approach, we employ a verification-based 
fusion method to combine the detection results from 
different detectors. As shown in Figure 1, four 
multimodal features are used to construct detectors, 
including two local visual features SIFT [3] and SURF 
[4], a global visual feature based on DCT and an audio 
feature WASF [5]. Comparatively, local visual features 
can effectively handle spatial content-altering 
transformations (e.g., cropping, picture-in-picture (PiP), 
pattern insertion) while global visual features are 
capable of resisting spatial content-preserving but 
quality-degrading operations (e.g., noise addition, 
resolution change, re-encoding). The two local visual 
features are used here mainly because a copy that is 
asserted as a non-copy by one feature might be 
detected as a copy by the other. To speed up feature 
searching, bag-of-words (BoW) technique is applied to 
convert each SIFT or SURF descriptor into a visual 
word (400 words generated from 2M descriptors) and 
then the inverted index is used for indexing the BoWs 
of SIFT and SURF. Meanwhile, local sensitive hashing 
(LSH) [6] is also used to accelerate similarity search 
for descriptors of DCT and WASF. 
 
For frame fusion based paradigm, another key issue is 
to define appropriate temporal constraints on frame-
level matches such that two matched sequences have 
consistent timestamps. To address this problem, we 
proposed temporal pyramid matching (TPM) in [7]. 
Inspired by spatial pyramid matching [8] which 
conducts pyramid match kernel in 2-D image space, 
TPM partitions each video into increasingly finer 
temporal segments and assemble frame-level similarity 
search results into video-level matches through 
similarity evaluation on multiple temporal granularities. 
 
Considering that the BoW representation inevitably 
causes decrease in feature’s discriminability, a 
verification mechanism is added in the result-level 
fusion module. That is, if a query video is 
simultaneously asserted by at least two detectors as a 
copy of the same reference video, then it is accepted as 
a copy; otherwise, if a query video is reported as a 
copy only by one detector, it should be further verified 
using the original SIFT descriptor. In this case, only if 
the recalculated similarity for the video-level match is 
above a pre-defined threshold, will it be accepted as a 
real copy. 
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It should also be noted that in our system, PiP is 
detected by Hough transform which detects two pairs  
of parallel lines so as to locate the inserted foreground 
videos. For those queries with PiP, the foreground and 
original key-frames will be processed respectively. In 
addition, queries asserted as non-copies will be flipped 
and matched again to deal with flip transformation. 
 
We submitted two runs to the 2010 TRECVID-CBCD 
contest. Official evaluation results show that among 
totally 56 transformations, our system achieved 
excellent NDCR (Normalized Detection Cost Rate) [8]: 
39 best “Actual NDCR” and 51 best “Optimal NDCR” 
for BALANCED profile; 52 best “Actual NDCR” and 
50 best “Optimal NDCR” for NOFA profile. For 
localization precision, our system also obtained 
competitive F1: averagely 0.9 for both BALANCED 
and NOFA profiles and all the transformations. 
Nevertheless, such an excellent detection performance 
was obtained at the cost of a long processing time, 
despite the system could be optimized with multi-
thread programming. 
 
3. CBCD-oriented Detector Cascading 

To solve the efficiency issue, we proposed a copy 
detection approach with a cascade of multimodal 
features. In this CBCD-oriented cascade architecture 
(See Figure 2), detectors based on several 
complementary audio-visual features are organized in a 
cascade structure such that efficient but relatively 
simple detectors are placed in the front, while effective 
but complex detectors are located in the rear. Thus with 
elaborately tuned decision thresholds for these 
detectors, the processing time can be significantly 
reduced for most copies since they can be correctly 
detected through at most the first two detectors.  

Instead of using both SIFT and SURF in our previous 
system at TRECVID-CBCD 2010, here we only use 
only one local feature, i.e., DC-SIFT [9], since DC-
SIFT can better represent scenes as well as objects, 
leading to a better performance in video copy detection 
task. More importantly, inspired by the well-known 
“classifier cascade,” our system places a series of 
detectors in a simple-to-complex order. Formally, in an 
N-Stage cascade of detectors,

1 2
, , ,

N N
d d d= LD , a 

query q is processed by each detector successively until 
one asserts it as a copy or all determine it as a non-copy. 
That is, q is first processed by 

1
d  where a positive 

detection result, i.e., the returned reference video 
1

r  

has a similarity ( V)
1

s  greater than or equal to a 

predefined threshold 
1

θ , leading to the immediate 

acceptance of q as a copy; otherwise, the evaluation of 

2
d  on q will be triggered… Only if q is asserted as a 

non-copy by all the detectors, will it be accepted as a 
non-copy. In practice, most copies can be detected 
through the first two detectors, thus saving a major part 
of processing time. 
 
The effectiveness of our CBCD-oriented cascading 
architecture can be further illustrated by Table 1. We 
can see that only the WASF detector is enough to deal 
with A1-A4 audio transformations, no matter which 
visual transformations exist; otherwise, if one of V3-
V6 visual transformations is also exerted on the query 
video, two detectors respectively over WASF and DCT 
are needed; for the remaining cases, all three detectors 
are needed. Our experimental results also validate the 
complementarity of the individual detectors in our 
system. 

 
Figure 1. Framework of our copy detection system used for 2010 TRECVID-CBCD task 
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Official evaluation results in the TRECVID-CBCD 
2011 contest showed that our system also achieved 
excellent NDCR performance (i.e., 34 best “Actual 
NDCR” and 31 best “Optimal NDCR” for 
BALANCED profile; 31 best “Actual NDCR” and 14 
best “Optimal NDCR” for NOFA profile) and very 
good F1 performance (i.e., average F1 of 0.95 for both 
BALANCED and NOFA profiles and all the 
transformations). More importantly, due to the 
adoption of CBCD-oriented cascade architecture, our 
Processing Times were shorter than the median ones of 
all the participants, and also much less that our 
previous system at TRECVID-CBCD 2010.  
 
Table 1. The effectiveness of different features on the audio-

visual transformations. 
 A1 A2 A3 A4 A5 A6 A7 

V1 

Case1: WASF Only 

Case3: WASF+ 
DCT+DC-SIFT V2 

V3 

Case2: WASF+DCT 
V4 
V5 
V6 
V8 Case3: WASF+ 

DCT+DC-SIFT V10 
 

Figure 3 shows the performance curves of different 
methods over 56 transformations for BALANCED 
profile, including our system (“Our-D3”), its simplified 
version only with WASF and DCT detectors (“Our-
D2”), two best approaches from other 21 participants 
(CRIM-VISI and INRIA-LEAR), and the median 
performance on each transformation among all 
approaches (“Median”). We can see that when using 
only WASF and DCT detectors, Our-D2 could obtain a 
slightly less excellent NDCR and better F1 results with 
a small fraction of processing time than Our-D3.  

 
 
However, it is obvious that artificial adjustment of 
decision thresholds for detectors can hardly achieve the 
optimal performance, and more importantly, lacks in 
generalization and is very burdensome. To fix this 
problem, a soft threshold learning algorithm was 
proposed in [10] to estimate the optimal decision 
thresholds for detectors. Experimental results showed 
that by utilizing soft threshold learning algorithm rather 
than manually tuning the thresholds, the effectiveness 
and efficiency can be further enhanced. 
 
4. Summary 

This article presents two multimodal video copy 
detection approaches that exploit complementary 
audio-visual features to detect copies that are subjected 

 
Figure 3. Performance curves of different methods 
over 56 transformations in the TRECVID-CBCD 
2011 contest (for BALANCED profile only). (a) 

NDCR (y-axis in log2 coordinate), (b) Mean F1, (c) 
Mean Processing Time (y-axis in log  coordinate). 

 
Figure 2. Schematic illustration of our CBCD-
oriented cascading method used for the 2011 

TRECVID-CBCD task 
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to complicated transformations. Due to the scalable 
processing performance, our approaches are capable of 
satisfying various requirements in many Web-scale 
applications. 
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Near-Duplicate Image Retrieval as a Classification Problem 

Yusuke Uchida and Shigeuki Sakazawa 

KDDI R&D Laboratories, Inc., Japan 

{ys-uchida, sakazawa}@kddilabs.jp

1. Introduction 

With recent advances in both stable interest region 
detectors [1] and robust and distinctive descriptors [2], 
the retrieval of near-duplicate images has attracted 
significant attention [3]. It has become applicable to 
large-scale databases owing to the bag-of-visual words 
(BoVW) framework [4]. In the BoVW framework, 
local feature points or regions are first detected in an 
image, and then feature descriptors are extracted from 
them. These feature vectors are quantized into visual 
words (VWs) using a visual codebook, resulting in a 
histogram representation of VWs. In many cases, 
image similarity is measured by the L2 distance 
between the normalized histograms. As the histograms 
are generally sparse, an inverted index data structure 
and a voting function enable an efficient similarity 
search. The equivalency between L2 distances and 
scores obtained with the voting function is described in 
[5] in detail. As a way to emphasize distinctive VWs, 
the inverse document frequency (IDF) scoring [4] has 
been widely used, and shown to be effective. 
 
Though the BoVW framework realizes efficient 
retrieval, some degradation of accuracy is caused by 
quantization [6]. Two major approaches are proposed 
to alleviate quantization error: post-filtering [5,8] and 
multiple assignment [5,9,10]. In post-filtering, after the 
VW-based matching any unreliable matches are 
filtered out according to the estimated distances 
between query and reference descriptors. In the 
multiple assignment approaches, a query descriptor can 
be matched not only with reference descriptors in the 
nearest VW, but also with reference descriptors in the 
several nearest VWs. Although quantization error is 
alleviated, all the above methods still depend on IDF 
scoring in voting, which is designed for words or 
quantized descriptors. In other words, the score is still 
quantized. 
 
In this paper, we present a new scoring method 
applicable to both quantized and unquantized 
descriptors. The proposed score is based on the ratio of 
the probability density functions of an object model 
and a background model, which is efficiently 
calculated in an on-the-fly manner via nearest-neighbor 
density estimation. In experiments, we show the 
effectiveness of the proposed scoring method by 
applying it to a BoVW framework and a k-nearest 
neighbor voting framework. 
 

2. Image retrieval as a classification problem 

In this section, we first present the formulation of the 
proposed scoring method, starting with a classification 
problem. Then, in order to make it applicable to large-
scale image retrieval, an approximation is introduced. 
Finally, the score is calculated via non-parametric 
density ratio estimation. 
 
Probabilistic formulation. 
Given a query image Q, the objective is to find a 
similar image Rj’ among a large number of reference 
images R1, ..., RC. Considering this as a classification 
problem, we start with maximum-a-posteriori 
estimation: j’ = argmaxj p(Rj|Q). Assuming p(Rj) is 
uniform, the maximum-a-posteriori estimation reduces 
to a maximum likelihood estimation: 

).R|Q(maxarg)Q|R(maxarg' jjjj ppj ==  

Letting Q = {q1, ..., qn} denote the descriptors of the 
query image Q, with the naive Bayes assumption we 
get: 
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n
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As pointed out in [6], if we assume all query 
descriptors are derived from only the object model of 
Rj, p(Q|Rj) tends to be too small even if Q and Rj share 
the same object. In [6], the problem is alleviated by 
estimating p(qi|Rj) using a few dozen images 
representing the same class. As this is not practical for 
large-scale image retrieval, we model p(qi|Rj) with a 
mixture of the object model of Rj and a background 
model distinct from Rj: 
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where λ (0 < λ < 1) is the mixture parameter, and Rj 
denotes a set of descriptors in the reference image Rj. If 
we consider the descriptors Q and Rj as words, this is 
identical to LM (language modeling)-RSV [11] in the 
area of information retrieval (IR). Combining the 
above equations, we obtain: 
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objective is now to identify the reference image Rj with 
the largest Σi Sij, where sij can be considered to be a 
voting score reflecting the contribution of the 
descriptor qi to the image Rj. 
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Approximation with nearest neighbors.  
The above formulation requires the calculation of sij for 
all Rj. Letting C denote the number of classes and D 
denote the average number of descriptors in an image, 
the calculation of score sij for all Rj has a time cost of 
O(Clog(D)) with efficient (approximate) nearest-
neighbor search algorithms [8,12,13]. This does not 
become a fatal flaw in classification problems where 
D>>C. However, it is intractable in large-scale image 
retrieval problems where C>>D, where C corresponds 
to the number of images or objects in a database. In 
order to make it tractable, the following simple 
approximation is adopted. We assume the nearest-
neighbor descriptors N(qi) of qi (e.g., k-nearest 
neighbors of qi) were obtained against all reference 
descriptors. Then, p(qi|Rj) is calculated only for Rj, at 
least one of whose descriptors appears in N(qi), and 
otherwise we assume p(qi|Rj) = 0. Because sij becomes 
0 if p(qi|Rj) = 0, the calculation of Σi Sij is performed 
efficiently. With this approximation, the computational 
cost is reduced from O(Clog(D)) to O(log(CD)). 
 
Non-parametric density ratio estimation. 
Finally, sij is calculated using N(qi). We assume that 
N(qi) has t subsets 

),()()()( 21 iitii qNqNqNqN =⊂⊂⊂ L  

such that they satisfy 
)).(|())(|( ibiiai qNqpqNqpba >⇒<  

For each Ns(qi) (1≦s≦t), the densities p(qi|Rj) and 
p(qi) are estimated via k-nearest neighbor density 
estimation only for Rj, one of whose descriptors 
appears in Ns(qi): 
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where |Ns(qi)|j is the number of descriptors of Rj that 
appear in Ns(qi), Rall is the set of all reference 
descriptors, Vs is the volume of a hyper-sphere with 
radius |qi - r’s|, and r’s is the farthest descriptor from qi 
in Ns(qi). Finally, we obtain: 
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Although a score sij can be obtained for each s, we 
adopt maxssij as the final score. More concrete 
examples of the formulation are shown in the following 
section. 
 
3. Performance evaluation 

In this section, we show the effectiveness of the 
classification-based method by applying it to the 
BoVW and k-nearest neighbor (k-NN) voting 
frameworks. Experiments were performed on the 
University of Kentucky recognition benchmark dataset 
[14], which includes 2,550 different objects or scenes. 
Each of these objects is represented by four images 

taken from four different angles, making 10,200 
images. These images are used as both reference and 
query images. Mean average precision (MAP) [5,14] is 
used as an indicator of retrieval performance. The 
detailed parameters are shown in [5,7,15]. 
 
Application to the BoVW-based framework. 
First, we show the result when the above scheme is 
applied to the traditional BoVW framework. In this 
case, the nearest-neighbor descriptors Ns(qi) of qi are 
defined as the descriptors that are assigned to the s 
nearest VWs of qi, and m corresponds to the number of 
multiple assignments in multiple assignment 
approaches [5,9,10]. In the case where m = 1, this 
becomes the same as the BoVW framework except for 
the scoring method. Figure 1 shows the MAP scores 
obtained with the proposed method (PROP) and the 
traditional IDF-based scoring method (IDF) as a 
function of λ. We can see that the proposed scoring 
method significantly improves the performance. The 
best MAP score of 0.814 is achieved with relatively 
low λ (λ = 0.07), which implies that there are a small 
number of features useful for object recognition [16]. 
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Figure 1. Performance of BoVW-based image retrieval. 

0 0.05 0.1

0.84

0.86

0.88

λ

M
e
a
n
 a

v
e
ra

g
e
 p

re
c
is

io
n

 
 

PROP (m=24)

IDF+W (m=6)

IDF (m=6)

 
Figure 2. Performance of k-NN-based image retrieval. 

 

Application to the k-NN-based framework. 
Next, we apply the proposed scheme to the k-NN 
voting framework. In this case, the nearest neighbor 
descriptors Ns(qi) are defined simply as the s nearest 
descriptors of qi, and m is the number of the nearest 
neighbors used in the voting. In Figure 2, we also 
compare the method (IDF+W) which utilizes the 
distance d between the descriptors as a weight (e.g., 
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exp(-d2/σ2)) in the voting [5,7]. In Figure 2, it is also 
shown that the proposed scoring method improves the 
accuracy. In this experiment, m has been optimized for 
each method independently. 
 
4. Conclusion 

In this paper we have proposed a new scoring method 
for local feature-based image retrieval, which is based 
on the ratio of the probability density function of an 
object model to that of a background model. The 
effectiveness of the proposed method was confirmed 
by applying it to the bag-of-visual words-based 
framework and the k-NN voting framework. The 
proposed approach can be applied to many problems 
where content is represented by a set of descriptors, 
and the neighbors of the descriptors can be obtained 
efficiently under any metrics. 
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1. Introduction 

The increase in the capacity of networks and storage 
devices is causing an explosive expansion in the 
volume of media data that we can access. Accordingly, 
demand is rapidly growing for tools that allow us to 
search for and identify media information using not 
only key words but also audio, video or image content. 
We consider media search to be a core technology for 
meeting such needs. The most basic function of a 
media search involves detecting and locating media 
fragments that are similar to a media fragment 
presented as a query in a huge number of media 
archives. This function is sometimes called content-
based copy detection. The copy detection of media data 
has a wide range of applications including copyright 
management and enforcement, derivative tracking, 
advertising and recommendations. 
 
In media search, robustness is particularly important 
because media signals are often converted to various 
encoding formats, mixed with other signals such as 
background music, or even edited and re-edited into 
different versions. Search speed is also crucial, 
considering the rapidly growing volumes of audio and 
video being created, distributed and exchanged by 
individuals, public institutions and corporations around 
the world. 
 
2. Robust Media Search (RMS) Technology 

Robust Media Search (RMS) is a core technology for 
content-based audio and video media search and 
identification developed by NTT. It offers excellent 
robustness and a very high search speed by using 
coarsely-quantized features and spatiotemporal 
consistency. As shown in Figure 1, the media data are 
converted to sequences of coarsely-quantized digits 
called “features” or “fingerprints”. Note that not all of 
these digits are necessarily used for matching; we 
found that appropriately choosing digits to be matched 
from among all the digits not only simplifies the search 
but also greatly improves the robustness of the search, 
which is performed by matching those features. 
Specifically, the spatiotemporal accumulation of many 
such features enables us to achieve extremely high 
identification accuracy. 
 

 
Figure 1.  Image of video feature (fingerprint) of 
Robust Media Search 
 
3. Algorithms 

This section briefly reviews the algorithms used in 
RMS. 
 
3.1 Divide-And-Locate method 

The Divide-And-Locate method (DAL) is an audio 
fingerprinting technology, which is especially robust as 
regards additive noise [1]. The basic idea of the DAL is 
to divide a spectrogram into a number of small regions 
and undertake matching for each region to locate it in 
the database. To extract the feature, the spectrogram is 
divided into small regions (Figure 2). The spectrum 
corresponding to each region is classified by vector 
quantization (VQ). The feature extracted from each 
region then undergoes the matching process with the 
features of the signals in the database to locate a part 
that matches many regions. The matching operation is 
executed by looking up a similarity table among the 
VQ codes and scanning index lists made in advance 
from feature data of the reference signals. This 
operation is executed much more efficiently than an 
exhaustive search, therefore the DAL realizes a very 
fast search over a huge database. The detailed 
algorithm is described in [1, 2, 3]. 
 

 

Query Signal 

Stored 
Signal 
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Figure 2. Feature extraction for Divide-And-Locate 
method 
 
3.2 Binary Area Matching method 

The Binary Area Matching method (BAM) was 
developed to cope with multiplicative noise or 
distortion. The BAM method first divides the signal 
into small segments, and then selects the portions in 
which the signal changes greatly over time. In other 
words, it selects only the segments that are rather 
unsusceptible to real environmental influences. Next, 
the selected segments are quantized coarsely and 
represented by binary numbers (Figure 3). By 
comparing the signal after coarse rather than fine 
quantization, the influence of distortion is weakened, 
thus achieving a robust search. The algorithm and 
experimental results are detailed in [4]. 
 

 
Figure 3. Feature data of Binary Area Matching 
 

3.3 Coarsely-quantized Area Matching method 

The Coarsely-quantized Area Matching method (CAM) 
is our video fingerprinting technology, which offers 
excellent robustness against various kinds of distortion. 
The algorithm is detailed in [2, 3, 5]. The CAM uses 
the color values of each pixel in the video stream. Each 
frame of the video is divided into small regions, and 
then the areas in which color changes greatly over time 
are selected. The feature of the CAM is the time series 
of the coarsely quantized pixel values of the selected 
areas.  
 
Figure 4 shows the feature extraction procedure.  First, 
the input video frame is divided into small regions. We 
adopt the average RGB values over each region as a 
primitive video feature. On the other hand, we 
calculate an average and a standard deviation of the 
pixel values over a time window. We assume an area 
that deviates greatly from a temporal local average to 
be a salient part. Based on this assumption, we make a 
mask for feature selection based on the standard 
deviations. Next, we quantize the selected feature 
values. The quantization is carried out on locally 
normalized feature values. Accordingly, we obtain the 

feature data of the CAM. 
 
In the search stage, we perform a time-series search for 
the query feature in the reference feature database 
using codes obtained by quantizing locally normalized 
feature values. The database is scanned with a sliding 
window that has the same length as a query segment. 
Similarity is measured in terms of the Hamming 
distance between masked query codes and reference 
codes, that is, by counting the number of co-
occurrences of the quantized codes at the 
corresponding positions in the window. This procedure 
is implemented very efficiently by using a hash table 
whose key is a pair consisting of the code and 
coordinates. 
 

 
Figure 4. Feature extraction for Coarsely-quantized 
Area Matching 
 
4. Applications 

The RMS has a wide range of applications, and it has 
been already deployed for many commercial services. 
 

Internet copyright enforcement 

The RMS has been used in copyright monitoring 
systems for video sharing sites on the Internet [6]. The 
system crawls over 250k files/day posted on major 
video sharing sites, and it detects the use of known 
(previously fingerprinted) audio and/or video content 
in real time. 
 

Media search with smartphones 

Figure 5 shows a prototype system for video search on 
a smartphone. It captures a few seconds of video and 
identifies its title. This technology is applicable to 
various kinds of content navigation systems including 
content based information retrieval using smartphones 
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and advertisements synchronized with media data such 
as broadcast video, music, or commercial messages. 
 

 
Figure 5. Video search on smartphone 
 
Media Link Analysis 

Media Link Analysis is a technique for automatically 
adding annotations to the vast quantity of media data. 
For example, for simultaneously recorded multiple-
channel TV broadcasts, the analysis compares the latest 
video data with stored data. If any segments match, a 
link is created. The number of links means the number 
of times the segment has been used. The analysis 
therefore shows the usage count for each segment, and 
the counts can be used as an index of popularity or 
importance. 
 
5. Conclusions 

Media search will be a vital future information retrieval 
method. We expect that media search will be used for 
the media cloud [7], in which huge amounts of media 
data are stored, created, distributed, and consumed. 
Media search will be a core technology that explores 
the links between one form of media data and another, 
or media data and various kinds of information in the 
media cloud, based on the relationships between the 
parts of the media content, such as partial similarity or 
partial quotations. We anticipate that media search will 
be an essential technology if we are to fully utilize all 
the media information now exploding worldwide. 
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1. Introduction 

Content-based video copy detection (CBCD) systems 
aim at finding video segments that are identical or 
transformed versions of segments in a known video. 
Joly et al. [8] propose a definition of video copy based 
on a subjective notion of tolerated transformations. A 
tolerated transformation is a function that creates a new 
version of a document where the original document 
“remains recognizable”. CBCD systems perform the 
detection by processing visual and/or audio content of 
videos, ignoring any metadata and avoiding the 
embedding of watermarks into the original videos. 
 
The detection of video duplicates in a video database is 
one of the key technologies in multimedia management. 
Its main applications include, among others: (a) storage 
optimization; (b) copyright enforcement; (c) improved 
web search and (d) concept tracking. In storage 
optimization, the goal is to eliminate exact duplicate 
videos from a database and to replace them with links 
to a single copy or, alternatively, link together similar 
videos (near duplicate) for fast retrieval and enhanced 
navigation. Copyright enforcement strives at avoiding 
the use and sharing of illegal copies of a copyright 
protected video. In the context of web search, the goal 
is to increase novelty in the video search result list, by 
eliminating copies of the same video that may clutter 
the results and hinder users from finding the desired 
content [9]. Finally, concept tracking in video feeds [10] 
focuses on finding the relationship between segments 
in several video feeds, in order to understand the 
temporal evolution of, for example, news stories. 
 
Traditionally, CBCD systems have relied only on the 
visual information in the videos, driving research 
towards new features that allowed for scalable systems 
and fast retrieval. In recent years systems started 
incorporating features derived from the audio modality. 
Through the fusion of multimodal information, CBCD 
systems can obtain improved performance levels and 
be more robust to errors (e.g. when one of the 
modalities is severely damaged or missing).  
 
In this letter we briefly describe the CBCD system we 
have developed over the last 3 years at Telefónica 
Research, which has achieved outstanding results in the 
2010 and 2011 NIST-Trecvid Video Copy Detection 
evaluations. The main characteristics of our system are 

the use of multimodal (i.e. audio and video) 
information to detect plausible video copies in each 
modality and an effective late fusion of results. 
 
The Individual modalities we use are both based on 
local features (DART [4] for video and MASK [6] for 
audio) which are able to robustly encode the 
multimodal content, thus allowing for successful 
retrieval of video copies. The late fusion algorithm [7] 
takes into account the scores and ranking of each result 
in each modality to combine them most effectively. 
The currently system has been developed into a 
pseudo-commercial application by using a scalable 
database architecture and feature extraction parameters 
optimized for speed. 
 
2. Multimodal Video Copy Detection System 

Figure 1 shows the main blocks that conform 
Telefónica Research CBCD system. The  system is 
composed of two parallel feature streams (one for 
audio and one for video) that are processed in parallel, 
obtaining each one an individual set of results (for 
NIST-Trecvid experiments we retrieve 20 results from 
each modality). Then a late fusion is used to merge 
these results into a multimodal output. The choice of a 
late fusion versus an earlier one was done so that the 
system gains in flexibility to be applied for different 
applications like music IR, where one of the modalities 
is non-existent or relevant. 
 
Next we describe each of the steps in the system. 
 

2.1 Local Video System 

The local visual features processing module [1][5] 
compares all query keyframes with all reference 
keyframes using a state-of-the-art image retrieval 
engine relying on local features [4] and then combines 
the obtained ranked lists of matched keyframes into 
copied video segments by performing a temporal 
consistency post-processing. The module is divided in 
three tasks: Feature Extraction (which samples every 
video with one frame per second and extracts novel 
local features called DART [4]), Keyframe Matching 
(by using hierarchical dictionaries of visual words and 
inverted files to locate matching frames, which are then 
refined through a spatial verification stage), and 
Temporal Consistency (which computes the time 
differences between matches, and returns a list copy 
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candidates each one with a location within the video, 
and a score). 
 

 
Figure 1: Multimodal Video Copy Detection System 
 
2.2 Local Audio System  

The audio local features module [5] is based on the 
recently proposed MASK features [6]. These are local 
features computed over the spectral domain of the 
audio signal by encoding in binary form the energy 
differences of predefined regions around spectral 
maxima. The MASK features therefore consist on an 
asynchronous stream of fingerprints that later are 
matched, using a similar technique to the one used in 
the video system, with the reference features. Instead 
of a spatial consistency step, in here we perform an 
alignment step between all MASK points in the 
reference and query matching segments to obtain an 
accurate matching score. 
 
2.3 Ranking and relevance fusion 

Each of the modalities in the presented system results 
in a list of 20-best possible matches between segments 
in the provided query video and the reference database. 
The fusion module is in charge of merging these 
monomodal decisions into a multimodal output as 
described in [7]. To do so, it makes use of both the 
ranking of each matching segment within its modality 
and the normalized score. As each modality might have 
different score distributions and sometimes not even 
output all 20 matches, an L1 normalization and 
flooring preprocessing is performed before the results 
are merged.  
In [5] we show the suitability of this fusion algorithm 
for any number of monomodal inputs. We show we are 
able to lower the best score obtained in the NIST-
Trecvid evaluation by a blind combination of several of 
the submitted system outputs without. 

 
2.4 Scalable implementation 

Ultimately, a CBCD system is useful if it can be scaled 
to index large multimodal databases and it is able to 
retrieve matching segments for a given query in little 
time. In order to achieve the first goal we use a disk-
based inverted file index over SSD drives that 
structures the information at indexing time in a way 
that it is faster to retrieve similar reference matches at 
retrieval time. Also, given the locality of both 
fingerprints we use, we are able to adapt the amount of 
information we store per second of content depending 
on the application and the relation between accuracy 
and speed we want to achieve. 
Currently our system is flexible to accommodate 
various application use-cases as neither we impose 
constraints on the length of the query or reference, nor 
we predefine where the matching start-end points 
might be found. 
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1. Introduction 

The explosive growth of the Internet video sharing 
activity has largely amplified the longstanding data 
copyright issue. Content-Based Copy Detection 
(CBCD) system aims to automatically identify video 
copies in large-scale databases, which has received 
significant research attention in multimedia and 
computer vision. Typically a CBCD system first 
extracts various visual and audio features and then 
builds an indexing structure over large databases for 
efficient copy search. Many algorithms and systems 
have been proposed to tackle this challenge. Readers 
are referred to the online notebook papers of NIST 
TRECVID evaluations [1] for a significant portion of 
the state-of-the-art techniques. 
 
In this short paper we do not intend to discuss CBCD 
techniques. Instead we provide a compact overview on 
benchmark datasets in CBCD research. Like any 
multimedia and vision tasks, good benchmark dataset 
is one of the central factors that surely affect the 
advancement of techniques. In the following we 
discuss the pros and cons of current popular 
benchmarks, and briefly introduce a new benchmark 
that is current under construction in our group. 
 
2. Current CBCD Datasets 

Although video copy detection has been investigated 
for decades, before year 2007 there was basically no 
widely adopted benchmark. Normally people 
constructed their own dataset for research and did not 
release the data for cross-site comparison. For instance, 
Indyk et al. downloaded 2000 MPEG clips of news, 
music videos, and movie trailers [2]. The duration of 
these clips was typically between 2 and 5 minutes. 
Copies were generated by themselves, using “artificial” 
transformations including inserting TV logos and using 
various camcordings, frame rates, and different video 
formats. Although this dataset was pretty well-defined 
at the time of construction, it does not reflect the actual 
scenario in large-scale and complex circumstances as 
of today. Joly et al. collected 1,040 hours of TV video 
data stored in MPEG1 format, containing content in 
various categories like commercials, news, sports, and 
TV shows. Copies were also created artificially by 
applying several predefined transformations. 
 
The datasets mentioned above have successfully served 

as the basis for algorithm evaluation in just a single 
paper/work. However, without a public benchmark for 
cross-site evaluation it is very difficult to push CBCD 
technologies forward. Perhaps the first well-known 
public benchmark is Muscle-VCD-2007 [4], created by 
Law-To et al. during ACM CIVR 2007 conference 
where a competition on CBCD was organized. The 
dataset contains around 100 hours of videos from the 
Internet, TV archives, and movies. Videos are in 
different resolutions and video formats. There are two 
kinds of queries representing two practical situations: 
(1) ST1: whole video copy (normally between 5 
minutes to 1 hour duration), where the videos may be 
slightly recoded and/or noised. (2) ST2: partial video 
copy, where two videos only share one or more shot 
segments. This scenario was simulated by choosing 
shot segments from the dataset and using video-editing 
softwares to artificially create a few transformations. 
The “transformed” segments were later used as query 
to search the original version in the dataset. People not 
only should find the original videos where the 
segments were extracted, but also need to localize the 
segments with their start and end time codes. The 
duration of a segment normally ranges from 1 second 
to 1 minute.  
 
Muscle-VCD-2007 is a ground-breaking effort in 
CBCD research since it provides probably the first 
open and well-defined benchmark, which has been 
evidenced by the recent progress of CBCD techniques, 
which were mostly evaluated on this dataset. 
Nevertheless, as the amount of online videos grows 
explosively, using only 100 hours of videos to test 
CBCD methods is apparently not sufficient to simulate 
the real-world copy detection challenge. 
 
The importance of CBCD task was also recognized by 
the U.S. National Institute of Standards and 
Technology (NIST), whose annual TRECVID 
evaluation [1] created a separate CBCD task for the 
first time in 2008, to stimulate research in video copy 
detection. The evaluation was conducted yearly until 
2011, with a benchmark dataset generated each year. 
The datasets are only available to registered 
participants of the task, which were constructed in a 
very similar way to Muscle-VCD-2007. The 2008 
edition of the TRECVID CBCD dataset contains 200 
hours of Dutch documentary videos, and around 2000 
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query clips. Each query was generated using software 
to randomly extract a segment from the dataset and add 
in some pre-defined transformations.  
 
Additionally, the publicly available CC_Web _Video 
dataset constructed in 2007 by City University of Hong 
Kong and Carnegie Mellon University has also been 
widely used in the community. Although the dataset 
was created for near-duplicate video detection problem, 
which is slightly different from the copy detection task 
by definition, most of the near-duplicates are also 
copies. The near-duplicate videos were all from 
YouTube (not by artificial transformations), but are 
quite simple (mostly copies are duplicates of an entire 
video) when compared with the cases in Muscle-VCD-
2007 and TRECVID datasets.  
 
3. A More Realistic CBCD Dataset 

As can be seen from the short discussion in Section 2, 
almost all the existing CBCD datasets were generated 
artificially using softwares to embed a number of video 
transformations. This partially satisfies the goals for 
evaluating new algorithms and systems, but also has 
some obvious drawbacks. First, the pre-defined 
transformations are still limited and cannot cover 
complex video copy cases from the real world. Second, 
some queries generated in this way from the TRECVID 
practice were transformed way too much. For example, 
some queries were seriously blurred and recaptured, 
which is very rare in reality since—after all—the video 
copies are intended to be viewed by people. 
 
In view of the limitations of the current CBCD datasets, 
we are constructing a new benchmark, with which we 
hope to drive CBCD research into a new era. Videos in 
this new dataset were all downloaded from Internet 
video sharing sites YouTube and MetaCafe [6]. We do 
not generate artificial video copies using the pre-
defined transformations. All copies in this dataset are 
real data directly from the Internet, which cover 
around 50 topics including news, sports, film, TV 
program, music video, cartoon, speech and so on. 
Some example copy frames in our dataset are shown in 
Figure 1. 
 
Each topic has about 20 videos which are mostly 
copies of each other. Most of the copies are only at 
very short segment level, which makes the ground-
truth annotation process extremely challenging and 
time-consuming. This is also one of the most important 
reasons that there’s still no real video copy dataset in 
the community. During manual annotation, we take 
each video as a reference and mark all its (partial) 
copies in the other videos within the same topic. In 
total we need to identify partial copy segments between 
10,000 video pairs, which will cost over 1000 human 

hours according to our estimation. We have designed 
an annotation tool to speed up this process, which 
utilized some heuristics such as the transitivity property.  
 

   
 

   
Figure 1. Two example copy frame pairs in our new 
dataset. 
 
After annotating the copies between the videos in the 
50 topics, we will add in a large number of background 
videos to make this task more realistic and challenging. 
This dataset will be released upon its completion, 
expected sometime in early 2013. 
 
As the performance of state-of-the-art methods tend to 
saturate on the current datasets, we hope that—with 
this new, realistic, and challenging benchmark—
research in CBCD will gather some more momentum.  
 
[The release of this new dataset will be announced on 

www.yugangjiang.info. Stay tuned!]  
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1. Introduction 
Multimedia content now occupies every facet of one’s 
daily life: morning news alerts, multimedia email and 
texts, shared social content, and streamed mobile 
entertainment. Each area brings large volumes of 
multimedia content to everyone, but often the tools to 
manage this content are segregated and incomplete. 
Content-based Copy Detection is one technology near a 
commodity tipping point that will quickly spread 
through mainstream applications, just as the availability 
of the Viola-Jones AdaBoost face detection method has 
lead to intelligent cameras, social applications, and near 
convergence of face recognition. While there are calls 
for standards for content-based copy detection [1], and 
no hardware solutions currently exist, numerous 
consumer and enterprise applications are increasingly 
available, often as network-based services. This letter 
briefly discusses three blossoming topics for user-facing 
applications, active research areas, and questions that 
remain unresolved across the topic. While a number of 
services are described, each is bound by the goal of 
making the user experience more enjoyable and the 
technology more passive often by taking advantage of 
distributed network services. 
 
2. Consumer Media Management 
The proliferation of digital cameras and the desire to 
share personal content has given popularity to 
communication through sharing and social networks. 
Unfortunately, one critical capability currently 
underserved is the ability to easily organize and manage 
this consumer media. The most common methods for 
browsing users’ photos, in decreasing availability, are: 
date, location, and textual tags. While interfaces can be 
constructed to leverage this weak metadata like 
timelines, flip-boards, trees, and grids, it is often the 
user that is responsible for creating a meaningful media 
organization. Alternatively, presenting initial 
organizations that are automatically computed 
(grouping photos of people or locations) or displaying 
extra metadata (proposed names or events of activities) 
to the user empowers media exploration in previously 
unavailable ways. A recent example of a dramatic shift 
in the user experience is the automated linkage of 
address book contacts to social services, which was 
adopted and is now expected on new devices. 
 

 

 
Figure 1: Similar photos from a single event 
automatically stacked by copy detection score 
 
Leveraging automated processing in a similar way, 
methods developed at AT&T Labs in a consumer 
prototype system called VidCat provide “stacked” 
photos that are highly similar across albums from 
different times, poses, and capture angles [2]. Figure 1 
illustrates a photo stack generated from copy detection 
scores allowing the user to quickly approve or 
subjectively prune a set for his or her best photo. 
Although temporal and geospatial constraints can also 
be applied, they are often unnecessary because of the 
initial high-precision copy detection. Like other vision-
based detection and recognition systems, photo stacking 
of consumer content can be run as a distributed network 
service with no user input to eliminate frustrating 
browsing sessions of tens or hundreds of near-duplicate 
photos. 

 
3. Blind Source Reconstruction 
The high-quality visual precision that large-scale copy 
detection systems can achieve has also created a set of 
applications that can augment or replace missing data 
sources. Location sensors, while standard on mobile 
devices, still lack the ability to determine precise 
location in dense urban areas or indoor environments. 
These challenges can be overcome with copy detection 
systems evaluated over a very large-scale visual dataset 
to interactively guide the user and determine location 
and viewpoint with a minimal number of actions [3]. 
However as device manufacturers and applications are 
forced to operate in modes that conserve energy or 
reduce network traffic, some sensor data may become 
sparse or unreliable. Fortunately, visual copy detection 
allows cameras, sensors that demands continual 
operation to provide a high quality experience, to be 



 
IEEE COMSOC MMTC E-Letter 

http://www.comsoc.org/~mmc/ 24/26 Vol.7, No.7, September 2012 
 

powered down if a large-scale dataset is available for a 
particular event. Bootstrapped by audio copy detection, 
one system synchronizes low quality consumer 
recordings from a public source to reconstruct full 
concert performances from many views [4]. An 
impressive capability of both of these systems is that 
with only content as user input, a highly accurate 
reconstruction of an event or location can be created 
with copy detection. 
 
In a similarly blind source setting, a system was created 
in AT&T Labs that can automatically detect and 
enumerate repeated commercial segments over an 
arbitrary amount of time. With a coarse-to-fine search 
strategy, small pairs of visually matching video 
segments are promoted into sets of potential 
commercial segments. As more segments are pooled, 
precise temporal extents and frame-aligned offsets are 
computed. From half a year of HD content on one 
channel, 1745 manually identified commercials could 
be found with an F1 score of 92% with only 10 seconds 
of content. Such a system could be used in an 
incremental fashion to pinpoint these newly discovered 
video segments or to detect statistical trends and 
anomalies over an arbitrary dataset for surveillance, 
quality monitoring, and even automated asset 
management. 
 
4. Product & Companion Linking 

One may argue that application of product linking was 
viable with the first binary feature descriptor, but it is 
commonly acknowledged that publication of Lowe’s 
visual SIFT descriptor [5] and Wang’s audio 
“landmark” descriptor [6] actually bootstrapped 
services for product discovery from low quality queries. 
Now, these methods (or ones similar to them) are the 
heart of visual discovery services like SnapTell (now 
A9), Google Goggles, or Kooba and audio discovery 
services like Shazam or Audentify (now Autonomy, 
HP). These services allow users of mobile devices to 
quickly capture a photo or small audio segment and link 
to the object, book, movie, or song that they were 
experiencing.  
 
Although these services may satisfy one aspect of a 
user’s in-the-moment desires, new work has focused on 
live, synchronous experiences for users through 
companion devices. Here, services by IntoNow, 
Audible Magic, and Zeitera capture live streams, extract 
low-level visual and audio features and have them 
available in low-latency indexes for mobile search. 
Search results are repurposed for an improved user 
experience that allows access to new content for 
television viewers or a connection to a social network 
for immediate sharing of comments and opinions. 
 

Both of these use cases require a large-scale solution 
that is capable of capture, intelligent segmentation, 
indexing, and retrieval. Various permutations of these 
networked technologies have been developed at AT&T 
Labs in prototype systems like CAE [7] and CAM [8]. 
The Content Analysis Engine (CAE) is a system that 
provides state-of-the-art shot boundary [9], speech 
transcription and alignment, and recognition tools to 
process broadcast and enterprise content [10]. 
Continuously online for over a decade, it has been 
adapted to index both professional and web-grade 
content with metadata including copy detection scores 
made available to user applications. The Content 
Augmenting Media (CAM) system harnesses output of 
the CAE and streams metadata to companion devices. 
This reverse-server model allows the copy detection 
(here companion linking) process can be run locally, 
thereby reducing up-stream network traffic (the most 
common bottleneck) and even allowing copy-detection 
“profiles” not available with traditional capture-and-
query services. 
 
5. Active Research & Evaluation 
Although this letter has focused on mainstream 
applications, the topic of copy detection is active in 
many areas. Perhaps the seminal source for large-scale 
system evaluations is TRECVID, a set of challenging 
video-based tasks evaluated annually [11]. From 2008-
2011, the content-based copy detection (CCD) task was 
evaluated that required systems to detect and identify 
original content segments after a battery of visual and 
audio transforms. Other evaluations have included 
object-based instance search (INS) and surveillance 
event detection (SED) that focus on object-level pattern 
queries.   
 
A second branch of work focuses on alternate feature 
descriptors and indexing techniques. In most copy 
detection systems, the robustness, computational 
efficiency, and feature dimension count are each 
important aspects to consider for descriptor choice. 
Benchmarks that provide SIFT, SURF, and GIST, etc. 
descriptors are often published and commonly used to 
evaluate quantization and hashing techniques [12]. 
Other publications focused on specific applications like 
blind source reconstruction or product linking 
benchmarking collections of online or recaptured 
product images [13][14] and buildings [15].  
 

6. Unique Problems 
While several services have been created and deployed 
for various applications, a number of choices remain 
open for the system designer to choose. Local or 
Networked? Recent works have focused on 
optimization of local descriptors such chat they can be 
computed on mobile devices and transmitted to the 
query server with minimal network bandwidth [16]. 
Alternatively, systems evaluated in this letter, and 
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others commercially deployed, execute all feature 
extraction on the query server. Here, the tradeoff is 
network communication speed versus device portability 
and processing power; both of these variables continue 
to change, so no universal answer is available. Context 
or Object? For copy detection applications like product 
linking, one can choose to apply a semi- or fully-
automated segmentation, like a salience-based method 
for object carving [17]. Systems evaluated in this letter 
and those that utilize global features utilize the entire 
scene context for a query, which may provide extra 
visual context that implicitly decreases false duplicate 
alarms. Does Scale Generalize? As indexed datasets 
grow in size, one may ask whether at very large scale 
can every possible query be generalized? A similar 
question was posed for similar images [18], but it is 
worth consideration when trying to solve event and 
gesture recognition problems like those described in 
section 5. 
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