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Abstract—Acoustic features are robust and powerful in video
description, but not fully exploited for the emerging ContentBased video Copy Detection (CBCD) methods. To solve this
discrepancy, this paper proposes a new CBCD approach using
audio spectral features compared to existing visual content based
methods. The proposed method incorporates three stages: 1)
Extraction of spectral descriptors including centroid and energy;
2) Integration of resultant features to compute highly informative
spectral descriptive words; 3) Utilization of clustering approach
to speed up the similarity matching process. The results tested
on TRECVID-2008 dataset, demonstrate the improved detection
accuracy of proposed method (up to 27.845%) compared to
reference methods against various transformations such as fast
forward, slow motion, mp3 compression, and multiband companding.
Index Terms—Content based video copy detection, spectral
centroid, signal energy, spectral roll-off, spectral ﬂux.

I. I NTRODUCTION
The massive growth of media streaming activities have
increased the amount of duplicate videos and resulted in huge
piracy issues. Hence, copy detection is compulsory to reduce
the copyright violations.
In general, a video copy is deﬁned as, a transformed video
sequence, derived from a master video [1]. There are two
standard approaches for detecting copies of a digital media:
digital watermarking and content based copy detection [2].
The primary task of any CBCD system is to detect video
copies by utilizing content based features of the media [3]. The
CBCD approaches are preferred compared to watermarking
techniques because of the following key features: i) The video
signature generation will neither destroy nor damage video
content; ii) CBCD techniques are more robust than fragile
watermarking techniques; iii) Signature extraction can also be
done after the distribution of digital media and iv) Can detect
copies, even if the original document is not watermarked.
In CBCD literature, the existing techniques are based on
global and local features. Global features such as Ordinal
measure [4], Color histograms [5] are compact and easy to
extract, but they are less robust against the region based attacks
such as cropping. SIFT [6] and SURF [7] are some of the
popular local descriptors, which use interest points for feature
extraction. Local features are more robust against region based
transformations, but their computational cost is high,when

compared to global features. Itoh et al. [8] used average
power of audio signals as feature descriptors for their copy
detection task. Although this method is fast, the computation
time required is more, which may degrade the performance
of CBCD system. In [9] authors used both visual and audio
features for detecting duplicate videos, but the performance of
this method is limited to global transformations.
Since audio content is a signiﬁcant information source
of video sequence, they are widely used in video parsing,
indexing and scene categorization approaches [10], [11]. Also,
past acoustic investigations [12], [13] prove that, the most
important perceptual audio features exist in the frequency
domain. Hence, the main objective of this article is to show
that, the audio spectral features are robust descriptors and can
be efﬁciently utilized for the copy detection task. If these
audio ﬁngerprints are integrated with other visual features, a
completely robust CBCD system can be developed. The main
contributions of this paper are as follows:
a) New copy detection method using audio features, instead
of state-of-the art visual content based methods.
b) Computation of compact spectral descriptive words,
by combining robust features such as centroid, signal
energy, roll-off and ﬂux.
c) Clustering based pruned searching rather than direct
searching of video signatures.
The rest of this paper is organized as follows: Section
II introduces framework of the proposed scheme along with
feature extraction and matching techniques; Section III shows
the experimental setup and results of the proposed scheme,
followed by conclusion in Section IV.
II. P ROPOSED S CHEME
Fig. 1 shows the block diagram of the proposed copy
detection framework. The framework consists of two main
stages: Master video processing stage (off-line) and Query
video processing stage (on-line). In the off-line stage, spectral descriptors including centroid, energy, roll-off and ﬂux
are extracted from master video frames. These features are
further processed and SPectral Descriptive (SPD) words are
computed. SPD words combine raw spectral features, thus
they summarize the overall audio proﬁle of a given video
sequence. K-means clustering approach is utilized, in order
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to get low-dimensional representation of SPD words and the
cluster centroids are stored as video ﬁngerprints of master
video ﬁles.
In the on-line stage, SPD words are calculated, after extracting spectral descriptors from query video frames. The resulting
SPD words are clustered and cluster centroids are stored as
video ﬁngerprints. Finally clustering based similarity matching
is performed for detecting video copies.Table I lists the audio
and visual transformations used in the proposed CBCD task.
TABLE I
L IST OF TRANSFORMATIONS USED IN THE CBCD TASK
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1) Spectral Centroid (SC): This centroid is a timbral
feature, which describes the brightness of a sound signal [15].
In general, sound with brighter quality contains more amount
of high frequency components, compared to sound with dark
quality. In the literature of sound synthesis techniques, spectral
centroid feature is proved to be an important descriptor [13],
[15], that speciﬁes the center of gravity of the signal spectrum.
The centroid is computed as [15],
N
−1

A. Spectral Descriptors Extraction
In order to reduce the size of data to be processed, ﬁrst
audio signal is down sampled to 22050 Hz. The magnitude
spectrum of audio signal behaves almost stationary for 10-30
ms of window length. Hence the down sampled audio signal
is segmented into 11.60 ms windows using Hamming window
function with an overlapping factor of 86% [14]. Then the
spectral descriptors such as centroid, energy, roll-off and ﬂux
are extracted from the short term power spectrum of audio
signals.

150
Frame index

SC =

k ∗ xd [k]

k=1
N
−1

(1)
xd [k]

k=1

Where x [k] represents the magnitude of k-th frequency bin
and N is the frame length.
The statistical properties of spectral centroid such as mean,
standard deviation and log amplitude are used in various
speech analysis and recognition algorithms [15], [16]. We
d
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used average frequency distribution values as centroids for
the proposed CBCD task. Fig. 2 shows an example spectral
centroid plot of original and copied video ﬁles. Here the copied
video is created by applying T12 type of transformation. The
centroid plots indicate a very high similarity (up to 98.7%)
between original and copied video ﬁles, thus prove the robust
nature of this spectral descriptor used in the proposed CBCD
task.
2) Spectral Energy: This descriptor measures average short
term power of the input signal [16]. In this proposed work, the
sum of squared magnitude of samples is utilized to calculate
the spectral energy of signal. Fig. 3 shows an example spectral
energy plot of original and copied video ﬁles, that indicates
a very high similarity (up to 95.8%) between the two video
features. Here the copied video is created by applying T12
type of transformation.
3) Spectral Roll-off (SR): This feature is commonly referred as skew present in the shape of power spectrum. This
roll-off point deﬁnes the frequency boundary, where 85% of
the total energy of power spectrum resides. This descriptor
is widely used to differentiate constant and highly transient
sounds [17]. The spectral roll-off can be calculated as [15],
SR =

R


x [k] = 0.85
d

k=0

N
−1


x [k]
d

(2)

k=0

where N is frame length and xd [k] indicate magnitude components of k-th frequency bin and R is the frequency roll-off
point with 85% of energy.
4) Spectral Flux (SF ): Generally, speech signals change
at a faster rate, compared to music signals [15]. Spectral ﬂux
deﬁnes the amount of energy difference between consecutive
analysis frames [17], which is extracted as follows,

B. Fingerprint Matching
In the proposed copy detection system, L1-norm Manhattan
distance is used to compute the similarity between two video
clips. If Mk is k-th master video and Q is query video clip,
then fm and fq are their corresponding video ﬁngerprints. The
similarity score (Sim) between Mk and Q is computed as,
Sim(Mk , Q) =

n
m 


abs(fm (i) − fq (j))

(4)

i=1 j=1

where m and n indicate the size of master and query video
signatures. The Sim scores are compared against predeﬁned
conﬁdence measure and copy detection results are reported.
We experimented various conﬁdence measures ranging from
0.55-0.73 and the results lead us to conclude 0.70 conﬁdence
measure provides better accuracy for the proposed copy detection task.
III.

EXPERIMENTAL RESULTS

A. Reference Database & Query Construction

0.07

We used TRECVID-2008 Sound & Vision data set [18] for
evaluating the proposed method. The video database includes
75 hours of video covering a wide variety of content. In our
experiments, seven video clips are selected from reference data
set. Two video clips from Open Video Project [19] are used
as non-reference video streams. The transformations listed in
Table I are applied to the nine query video clips, and duration
of these clips vary from 20 to 25 seconds. The resulting 108
(12×9) video sequences are used as query video clips for the
proposed copy detection task.
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B. Evaluation Metric

0.05

To measure the detection accuracy of the proposed scheme,
we used standard performance metrics given by,

SF = | xdf [∗] − xdf −1 [∗] |

(3)

0.1
Energy of original video
Energy of copied video

0.09
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Signal energy value

where xd [∗] represents magnitude of frequency components
and f, f − 1 indicate current and previous frames respectively.
This ﬂux is mainly used to compare speech and musical
signals.
The dimension of extracted spectral features is high (in
terms of 10240/sec) and hence direct processing of raw
features is computationally expensive. The resultant feature
descriptors are combined into highly informative SPD words.
K-means clustering is used to get the compact representation
of SPD words. In experiments, it is observed that the number
of clusters for video ﬁles range from 47-413 based upon
individual video contents.

0.04
0.03
0.02

(5)

Recall = T P/(T P + F N )

(6)

2 × P recision × Recall
(7)
P recision + Recall
TP (True Positives) are positive examples, FP (False Positives)
are negative examples and FN (False Negatives) are incorrectly
labeled positive examples. F-Measure indicates the robustness
and discrimination ability of a system.
F − M easure(F M ) =

0.01
0

P recision = T P/(T P + F P )
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TABLE II
D ETECTION RESULTS FOR T1-T6 T RANSFORMATIONS

Transformations
Type
T1

T2

T3

T4

T5

T6

Ordinal

Itoh’s

Proposed

Metric

Measure [4] (%)

Method [8] (%)

Method (%)

P

76.24

79.09

100.00

R

70.58

69.08

79.48

F-M

73.30

73.74

88.56

P

65.35

81.57

97.89

compared to that of ordinal measure (70.11%) and Itoh’s
method (70.16%) for T4 (fast forward) transformation.
Table III lists the detection rates of the proposed and
reference methods for T7-T12 transformations. The results
from Table III demonstrate that, the proposed method improves
the detection accuracy by 25.91%, when compared with the
reference methods.
TABLE III
D ETECTION RESULTS FOR T7-T12 T RANSFORMATIONS

R

79.14

78.34

96.37

F-M

71.58

79.92

97.12

Transformations

P

61.22

71.58

99.39

Type

R

58.45

61.97

99.40

F-M

59.80

66.42

99.39

T7

Ordinal

Itoh’s

Proposed

Metric

Measure [4] (%)

Method [8] (%)

Method (%)

P

74.24

85.61

99.00

R

68.86

80.25

92.66

P

74.29

79.59

99.69

F-M

71.44

82.84

95.72

R

70.11

70.16

100.00

P

72.69

88.19

94.44

F-M

72.13

74.57

99.84

R

71.10

80.27

90.26

P

68.36

81.62

99.09

F-M

71.88

84.04

92.30

R

69.16

79.31

98.86

P

73.65

60.24

97.22

F-M

64.07

80.44

98.13

P

59.69

80.66

97.42

R

69.16

74.31

98.86

F-M

64.07

77.35

98.13

T8

T9

T10

T11

C. Copy Detection Results
We have compared the proposed detection method with Ordinal measure [4] and Itoh’s [8] methods.The ordinal measure
is extracted as follows: partitioning the image into N blocks;
sorting the blocks according to their average intensity values
and the ranking order of blocks are considered as ordinal
signatures.
Itoh’s method [8] uses signiﬁcant points in acoustic data
for detecting illegal videos, which is implemented as follows:
ﬁrst acoustical power envelopes of input signal are computed;
from the power envelopes, the signiﬁcant points denoting local
minimum/maximum values are extracted and used for the copy
detection task.
Table II lists the detection results of proposed and reference
methods for T1-T6 transformations. The results from Table
II demonstrate that, the proposed method improves detection
performance by 29.78%, when compared with the reference
methods.
For T3 (slow motion) transformation, Ordinal measure gives
poor recall rate (58.45%), when compared to that of Itoh’s
method (61.97%). The reason for this poor performance is its
global descriptive nature. Although Itoh’s method performs
better than ordinal measure for T1-T6 transformations, still
the proposed method outperforms Itoh’s method for all six
transformations. The robust nature of spectral features considered is the reason for the better results of the proposed method.
The proposed method achieves better recall rate (100%), when

T12

R

72.58

62.33

97.29

F-M

73.11

61.27

97.25

P

80.06

74.31

93.44

R

73.64

72.59

90.28

F-M

76.71

73.44

91.83

P

66.28

69.34

90.36

R

61.15

60.22

92.22

F-M

63.61

64.46

91.28

P

58.33

68.39

95.96

R

51.29

65.11

93.21

F-M

54.58

66.71

94.57

For T12 (3 combined transformations), Ordinal measure results in very poor precision, recall rates (58.33% and 51.29%),
compared to that of Itoh’s (68.39% and 65.11%) and proposed
methods (95.96% and 93.21%). Ordinal signature is less robust
against region based transformations, hence it yields poor
results for T12. The detection scores of proposed method
is slightly less for T10-T12 transformations, because spectral
features are much affected by these three transformations. Still,
by integrating four robust spectral features for copy detection
task, the proposed method yields improved performance compared to reference methods against combined transformations.
IV. C ONCLUSION
This article highlights a novel copy detection method by
utilizing audio spectral features. The spectral features are
combined and clustered in order to provide compact feature
description. The results prove that, the proposed copy detection
method improves the detection accuracy by 27.85% when
compared to the reference methods. The detection results also
demonstrate the effectiveness of the proposed method against
various video and audio transformations. The proposed method
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is useful in applications such as digital content management
and copyright protection.
Our future work will focus on how to improve robustness of
proposed method in transformations such as camcording, mix
with speech and very complex ones. For camcording transformations, if the proposed audio features are combined with
color and motion features, then the robustness of proposed
copy detection system can be improved.
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