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Abstract

A large volume of video content on the web is
available today, which demands efficient manage-
ment. To effectively manage, search, retrieve and
copy detection, similarity methods play a critical
role. In this paper, a novel video similarity mea-
sure using visual features, alignment distances and
speech transcripts is proposed. Video files are rep-
resented by a sequence of segments set where each
segment contains color histograms, start time and a
set of syllables extracted from the speech in the au-
dio track. In a first step, textual, alignment and vi-
sual features are extracted. They complement each
other and can be further combined to boost the seg-
ment similarity. The second step describes how
the Maximum Bipartite Matching and some statisti-
cal features are applied to find segments correspon-
dences and calculate a global similarity value re-
spectively. Experiments for video similarity were
performed on a dataset and promising results were
achieved to demonstrate the effectiveness of this
method.

1 Introduction

Since the popularity of social media, the amount of digital
content on the World Wide Web has grown enormously in
the last decade. Consequently, the volume of professional
or user video is increasing exponentially and a large number
of video clips are generated and added everyday. To facili-
tate effective search, retrieval, browsing, or copy detection,
an automatic similarity measure is an essential tool. Frame-
level features computations demand a large storage space and
a high computational complexity in video similarity measure.
In our approach, we propose to extract the color histograms
values at segment level to accelerate the calculation of the
image similarity.

For other hand, video similarity metrics are usually re-
ferred to measure visual content. But, nowadays in the web
there are thousands of videos copies, especially movie frag-
ments, where users only change the speech but keep equal the
image. Furthermore, when in a video appears one or more
speakers, speech content results another factor to include in
a video similarity computation. Usually, the video sound and
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image are studied separately [1]. The employment of either
textual or visual concepts alone may not be sufficient since ei-
ther content can appear differently over time. To address this
problem, in this paper the quality of correspondence between
segments is jointly measured by three factors: visual simi-
larity, alignment distortion and speech similarity, either in a
weighted fashion. Hence, the main contribution of this work
is the combination of different and simple metrics to measure
the similarity in a efficient way. Firstly, speech, distance and
image features for every two segments of two videos are ex-
tracted. After that, we apply the Maximum Bipartite Match-
ing technique to find the most similarity segments pairs. Fi-
nally, statistical metrics are applied to calculate a concrete
similarity score. In the remainder of the paper, in Section 2
we provide background for other video similarity and video

copy detection approaches. Section 3 describes how we rep-

resent a video and our proposed method for efficient video

similarity measure. Section 4 describes the experimental re-

sults obtained by applying our method to a video dataset. Fi-

nally, we conclude the paper with a summary of our contri-

butions and propose ideas for future research based on these
concepts.

2 Related Work

Shot and clip similarity have been extensively addressed for
retrieval and clustering. Previously, clip and video copy de-
tection (e.g. [2, 3]) were investigated by using image sim-
ilarity measure with low-level global features. Global sig-
natures are suitable for matching clips with almost identical
content. Bipartite graph based algorithms were proposed in
[3] to compare the similarity of two clips. Clip similarity
ranking [4] was built on top of shot similarity and combines
temporal order, granularity and so on. However, shot simi-
larity detection built on global features is not robust enough
for clip similarity measure due to the complicated variations
of keyframes [5]. Moreover, cross-lingual video similarity
measure remains a challenging problem that has seen little
exploration. Signature-based methods (e.g. [2]) were pro-
posed to identify similar clips, which use a global statistic
of the low-level features. They can achieve rapid detection
but its effectiveness is limited to detecting almost identical
or superficially edited videos [6]. Frame-level similarity [7]
is slower but capable of handling matchings of videos with
a substantial degree of editing. Video copies with variations
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i hackground, color and lighting, _cgment modi{_i.canon t.}a;re
stidied but they need a high cost of time cump]emty I? als
fenpect, in our approach we represent a video like a set of seg-
fments, when a segment represents a scene wh‘ere ghc camerg
winys still. This decision reduces the computation time regar
1o {rame-level methods [8].

4 Video Similarity Detection

111 this section we describe our approach to measure the sim-
{larity between two clips in detail.

A1 Framework

A framework scheme of our similarity meth(?d is sl.mv.vp in
Figure 1. To do the C(vmparisnp. we start with two v1d??s
files, which include audio and visual contents. The first stfp
{# 10 divide the video into segments. Ngxt, for each segment
{hree features are extracted: the star’tmnme. the s'peeck} tr:m(-i
seription and the color histograms (Figure 2): 'I"he_ h,ecflirﬁ
aage consists of the calculation of segment 51m11an‘t}. e
slart time and length values are used to measure the ahgnnzent
dlstance between two segments. For the se.gme'nt speech s‘}m-
{lurity, we decide to apply the LCVC]]ShlVellA]‘dlS‘lan(.}e, a s]m—
ple metric for measuring the amount Oi, difference between
{wo video sequences. And finally, the distance between his-
fograms is expressed by a metric basud on the Bhattacharyya
distance. With these features, the position, speech gnd 1Vmagr:f
of both segments are studied. The weighted combmvanop o
these results provides a measure of the segmem—]evel simi-
lurity. All the segment similarity va_lues are mcorpora_t‘e(.i ’to a
Nrgfl\cnl Similarity Matrix, which is the result of thxis sta[g;.
The next goal is to find the best cor_respondences bf:tv»'ee:lx\l4 ; e
psegments using this matrix. For_thxs task, we .apply the ‘axi
{mum Bipartite Matching techmqug because it dx'rc?tl)(r1 malps
{he segments. After this stage, a pairs set which inclu (;;I Qc
most similar segments in two videos are compu}cgi. ov»f.
with the selected segments, we calculate L_hrec statistical met-
tles to obtain the final similarity score. W\th the first fqrmula.
we measure the distance between the similar segments in both
videos. With the second one, we compare ﬂ‘w length of 't.he
slmilar area with the total length of the_ two v1deos.. And \ylth
the last feature, using the Segment 'Simlla.my Matrix, the sm_x-‘
{lurity level of the segment pa'irs with regard to yvho]e video 1135
compared. When these metrics values are ‘wen.ght.ed, _we‘Q i
tuin o concrete number (between O to 1) which dcflerrn.meblt’h%
similarity level of the two clips. Next, we described in detai
ull of these steps.
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Figure 1: Video Similarity Flowchart
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Table 1: Impact of different features in the similarity value
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4 Experimentation

To evaluate the effectiveness of the prop(?sed method in ‘fie-
tecting video similarity a dataset of 52 y1deos from Bt?x]mgf
Olympic Games was used. Mainly, this dat{xsgt consist 0!
videos about different olympic sport competitions but also
are referred to interviews and Chinese cultqre. M:any of the'm
contain German speech from an narrator, interviewer or in-
terviewee and the extracted speech transcriptions are used for
the similarity computation. For the ex.pgnmepts, 100 com-
pound videos were formed using the original videos. A com-
pound video is considered the joint from one to four v'1deos
(chosen randomly) in only one. T.hc experiments 'co.nmlst og
applying the similarity method .w1.th every two orxglsna anf
compound videos for different similarity thresholds. Some o
the results are shown in Table 1.

5 Conclusion

In this paper, we have presented a novel rpcthod to measure
the video similarity by analyzing properties of segments 1n
two clips. Multiple features are e.xtracted to model the ap-
pearance of the segments, includ'mg cc_)lo.r apd speech di—
scriptors. Utilizing the proposed video similarity framewor 1
we have achieved very promising and competitive perfor-
mance in video similarity for video comparison. F{rstly, our
method focuses on the value of spatiotemp.oral,.hlstograms]
and speech features to match the segments in pairs. We fel;z
that the particular combination of these descriptors can. z
crucial for different comparisons. Secondly, \.Jve.have applie:
different statistical metrics to compare tl_le similar segments
to whole videos to obtain a final similarity score. B){ using
this method we have demonstrated the panxgu]ar application
identifying highly similar video sequences in a large set of
web videos.
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