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Abstract

With the explosion of video data, video processing
technologies have advanced quickly and been applied
into many fields, such as advertisements, medical etc..
To fast search these video data, an important issue
is to effectively organize videos by data compacting
and indexing. However, practically, many useful
distances for video comparison are suitable to human
perception, but non-metric. Therefore, traditional
high dimensional data structures can not be utilized
to index videos directly when non-metric measures
are applied. In this paper, we propose a compact
video representation based on global summarization,
by which each video in database is mapped into a
digital string(a series of cluster id). Consequently,
the inter-frame similarity measure is transformed
into inter-cluster comparison. Then, we propose an
efficient index strategy based on sequence decompo-
sition and reconstruction, by which the spatial index
methods can be utilized with non-metric measures
for video similarity search. We employ an optimal
BT-tree with an inverted list attached, for quickly
identifying similar clusters and locating potentially
similar videos respectively. Finally, a clustering
based query summarization technique is proposed,
which can greatly reduce the IO and CPU cost in
the query processing by batch mapping.

Keywords: Video Summarization, Decomposition
and Reconstruction, Batch Query Mapping, Multi-
Symbol Representation.

1 Introduction

Recently, content-based video search has attracted
much attention, due to its wide applications in many
areas such as advertising, news video broadcasting
and personal video archive. In a video search system,
a user typically wants to retrieve videos which are
most similar to a video example or the video in his
mind.

For efficient video similarity search in large video
database, there are two typical approaches: compact
video representation and effective video index. The
first approach is to reduce the computational cost
of similarity measure between two videos by repre-
senting them in a much simpler way. As a video se-
quence typically consists of a large number of frames
which are high dimensional vectors, and inter-video
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similarity is generally measured by identifying the
similarity match for every single frame in each se-
quence, which results in high computational cost for
large video databases. The second approach is to re-
duce the number of sequence comparisons in large
video database by indexing videos efficiently. For
a video database which contains large numbers of
videos, identifying similar videos by exhaustive scan-
ning all videos is apparently undesirable. We need to
index videos (or their summaries) in an efficient way,
thus limiting the search space and reducing the num-
ber of inter-video comparisons. However, the existing
similarity search methods have not addressed both of
two issues with a non-metric distance function.

In (Shen, Ooi & Zhou 2005), the authors pro-
posed ViTris for video summarization, and optimal
Bt-tree for indexing, however, they neglected the
temporal ordering in a video sequence, thus possibly
compromising the effectiveness of similarity search.
In (Lee, Chun, Kim, Lee & Chung 2000), the authors
proposed to summarize each video sequence by sev-
eral Minimum Bounding Rectangles (MBRs), and to
use R-tree (Guttman 1984) for indexing. However,
this video representation method was customized for
mean Euclidean distance measure, which preserves
the temporal order in a video sequence only in a strict
manner. Gaps within video sequences cannot be dealt
with well.

In this paper, we propose a summarization based
video similarity search approach, which has the fol-
lowing main features: Firstly, we symbolize each
video sequence as a digital string. This video symbol-
ization makes each video be represented compactly,
moreover, it facilitates video sequence matching. Sec-
ondly, we propose an index strategy based on se-
quence decomposition and reconstruction, which can
use traditional index structure to manage video sum-
maries for efficient video search with non-metric mea-
sures. We perform the video sequence matching by
using an edit distance variant, which is a non-metric
measure. It takes into consideration not only the tem-
poral ordering inherent in video sequences, but also
the inter-frame similarity between two compared se-
quences. And finally, we employ some optimizations
to improve the search performance and effectiveness,
which includes novel query summarization method
and multi-symbol representation method.

The rest of the paper is organized as follows. The
related work to video search is presented in Section 2.
Section 3 describes our approach, including video rep-
resentation, indexing, and similarity search. Section 4
presents our performance study, and Section 5 con-
cludes the whole paper.



2 Related Work

In general, the method used to address the video se-
quence matching problem depends on the technique
used to represent the sequences (Adjeroh, Lee,& King
1999). One popular video representation technique
is to represent each video sequence as key frames.
This type of representation is mainly used for video
browsing (Chang, Sull & Lee 1999, Zhu, Wu, Fan,
Elmagarmid & Aref 2004). Several video representa-
tions (Lee et al 2000, Cheung & Zakhor 2003, Shen
et al 2005) are proposed in recent years for effective
video similarity search. We only briefly review a few
representatives.

Lee et al. (Lee et al 2000) proposed to partition
each video sequence into subsequences, and represent
each subsequence by a Minimum Boundary Rectan-
gle(MBR). Accordingly, the query processing is based
on these MBRs, instead of scanning data elements of
entire sequences. Thus, it is fast and needs small
storage overhead compared with a sequential scan.
To index these MBRs, a R-tree structure is utilized.
The main problem with this representation is that, it
can not be used for similarity measure with local time
shifting. As such, some similar videos may be consid-
ered as dissimilar due to frame insertion or deletion.

In (Cheung et al 2003), authors proposed a video
representation named Video Signature (or ViSig).
Its basic idea is to summarize each video with a small
set of its sampled frames, called video signature, and
estimate the percentage of similar frames shared by
two sequences by computing the percentage of sim-
ilar ViSig frame pairs. In our previous work (Shen
et al 2005), we introduced a video representation
model called ViTri. A sequence is first summarized
into a small number of clusters which contain similar
videos, and each cluster is modelled as a hypersphere
in a high-dimensional space, which is represented by
a video triplet (or ViTri). As such, the inter-video
similarity is measured by the inter-cluster similarity
of them, which is in turn estimated by the number
of similar frames shared among the clusters (Shen
et al 2005). To further facilitate the search process,
ViTris are indexed by an optimal BT -tree. However,
both of these two video representation methods do
not consider the temporal ordering in similarity mea-
sure.

We improve the previous work for content-
based video search by symbolizing video sequences,
which reduces the dimensionality of frame and
keep the temporal order in video sequence. Many
high-dimensional indexing methods have been pro-
posed (Bohm, Berchtold & Keim 2001). In our work,
for non-metric measure, we propose a sequence de-
composition and reconstruction based indexing strat-
egy to index the clusters and symbol segments(a
Triplet representing a series of identical symbols) by
employing an index structure which is closely related
to iDistance (Jagadish, Ooi, Tan, Yu & Zhang 2005)
or similar indexing methods. In these methods, high-
dimensional data are first transformed into single
dimensional data, and single-dimensional indexing
methods such as B*-tree are then used. For example,
in iDistance, by selecting a reference point and com-
puting the distance of each high-dimensional point to
the reference point, a high-dimensional point is trans-
formed into a single-dimensional value.

3 Our Approach

In this section, we describe in detail our similarity
search approach, which includes the following aspects:
how a video sequence is represented, how sequences
are decomposed and reconstructed, how indexes are

constructed, and finally, give a query video, how sim-
ilarity search is performed and optimized.

3.1 Video Representation

As mentioned earlier, each video sequence consists of
a large number of frames, which results in high com-
putational cost in similarity search. Thus, we need to
represent video sequences in a compact and effective
way.

Based on the observation, that nearby frames in
a video are very similar, and also similar videos usu-
ally share similar frames, we can summarize a video
sequence by the clusters that contain similar frames.
Specifically, suppose each video frame in a database
is represented as a high-dimensional image feature
vector, we employ a hierarchical clustering method
(e.g., k-means) and perform clustering over all frames
in the database. As such, the whole database is
formed into a set of clusters, each containing simi-
lar frames with inter-frame distances (measured by
Euclidean distance) less than or equal to e (called
clustering threshold). We represent a cluster C' by
<1d,O0,r, N >, where

1. id is the cluster identifier;

2. O is the cluster centre which indicates the po-
sition of the cluster in the original high dimen-
sional space;

3. r is the radius of boundary hypersphere of the
cluster.

4. N is the number of frames in the cluster.

Suppose each video frame is represented by its
cluster ¢d, we can symbolize each video sequence as
a digital string which consists of the cluster ids of its
video frames. This video symbolization makes each
video be represented compactly, moreover, it facili-
tates video similarity matching with consideration of
temporal ordering.

3.2 Two-layer Video Indexing

To facilitate video search, we need to organize video
data by indexing. Since video sequences can not be
indexed directly by traditional index structures when
a non-metric distance measure is utilized. We adopt
video decomposition strategy before video data are
indexed. In a video sequence, a series of consecutive
frames that are mapped into the same symbol con-
sists of a video segment, which can be represented
by < vid, pos,len >, where vid is the identifier of the
video where the symbol appears; pos is the first po-
sition of the symbol in the video; len is the length of
the segment that shows the frequency of the symbol
appearance in the video.

We build index on compact video representations.
Our index structure includes two parts: (1) An opti-
mal Bt-tree for indexing clusters which contain sim-
ilar video frames in the database; (2) An inverted
file for indexing the decomposed video segments. As
Bt-tree is used for indexing one-dimensional data, we
first map each cluster center, O, a high-dimensional
vector, into a one-dimensional value based on O’s dis-
tance to a selected reference point, and then use this
one-dimensional value as a key in BT-tree. For se-
lecting the reference point, we borrowed the method
employed in (Shen et al 2005), where an optimal ref-
erence point lies on the line identified by the first
principle component and out of its variance segment.

Figure 1 shows the index structure. Each leaf node
in the structure may have several entries, and each
entry contains a key with a cluster and a pointer to
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Figure 1:  The two-layer index structure.

the corresponding position of the inverted file. The
inverted file is used for locating a video segment, i.e.,
which video sequence a symbol appears in.

3.3 Similarity Search

Given a query video, we need to search the database
for most similar videos. During a search, three steps
are mainly involved: query mapping, sequence recon-
structing, and sequence matching. In the following,
we describe each step in detail.

Query mapping For each frame in a query video,
we first map it to a set of symbols which are most sim-
ilar to itself and whose distances from it are within
a given similarity threshold e. With our index struc-
ture, we can easily identify these symbols. According
to the triangular inequality, these symbols’ key values
should be between |z — €| and |z + €|, where x is the
distance of the query frame to the selected reference
point. However, in this process, a frame may not be
mapped into any cluster. It shows that this frame is
dissimilar with any video frame in the database. In
this case, this frame is represented by a special sym-
bol ‘—’, which is dissimilar with any symbol. Further,
according to these symbols (except ‘—’), the poten-
tially similar video segments can be retrieved by the
inverted file. By this process, any dissimilar video
segment is filtered out. Thus, we can symbolize the
query video with the potentially similar videos iden-
tified.

To further reduce the number of similar candi-
dates, we adopt the following two filtering strategies:
(1) filtering small symbol segments; (2) filtering com-
mon symbol segments. The former one is to filter out
the candidates that has low similarity with the query.
If only few small segments belong to a certain video,
these segments will be filtered out from the candidate
set. The latter one is to filter out the discriminative
segments. If most of the video candidates include the
segments consisting of the same symbol, these seg-
ments can not contribute to the final query results.
These symbol segments will be thrown off.

Sequence reconstructing For video segments ob-
tained by query mapping, we need to recompose sym-
bol sequences according to the location information
of each similar segment. To ensure the proper similar
results, this process has to confirm to the following
rule, ie., the similarity between a reconstructed sym-
bol sequence and the query should be the same as
that between its original one and the query. How-
ever, there may be cases in which some frames in a
similar sequence are not similar to any frame in a
query at all, and thus these frames cannot be identi-
fied. Therefore, it is impossible to achieve the com-
pletely same symbol sequences with the original ones
by reconstruction.

Since the identified symbols have the same similar-
ity with query as ‘—’, by sequence reconstruction, we
represent these unidentified frames as ‘—’, and facili-
tate future similarity matching. For example, suppose
a query video @ :< f1fafs > is mapped to < 223 >
(‘2” and ‘3’ are cluster ids), and also suppose, after
query mapping by the index, two video sequences in
the database are possibly similar to @), S7 represented
as < 11222 >, and S; represented as < 3344 >. Asno
symbol in @ is similar to ‘1’ and ‘4’, S7 and S will be
instead represented as < — — 222 > and < 33 — — >
respectively.

Sequence Matching By the above steps, only possi-
bly similar videos are obtained and reconstructed. To
refine the results and decide the final query results,
we adopt Probability-based Edit Distance, or PED,
as a distance measure for sequence matching.

Edit distance is widely used in string matching.
Though it is possible for us to use it directly for the
similarity measure between video symbol sequences,
better performance can be achieved by PED, which
takes into consideration not only the temporal order-
ing inherent in video sequences, but also the inter-
symbol similarity of two different symbols in symbol
sequences.

For a video symbol sequence S < s1, 82, ..., Sm >,
its PED to a query symbol video Q < q1,q2, ..., Gn >
is computed as follows:



PED(S.Q)
0 m=n=20
m m>0andn=0
={ min{PED(S™1, Q1) +p,
PED(Sm,Q“*1 +1),
PED(S™1,Qn +1)}

otherwise

(1)
Here, p is decided by the probability distance d
1€:i—Cil where
ICi]

C; is the cluster which contains s;, C; is that covers
g, and |C;| represents the number of video frames
in Cj; and |C; — C}| represents the number of frames
which are in C; but not covered by C';. Note that this
measurement of the similarity degree is probability-
based. Given a T (called probability threshold), if
d is less than T', these two symbols are similar, then
p=0;else, p=1.

The whole similarity search process is shown in
Figure 2

between s; and ¢;. We measure d by

Procedure KNNSimilaritySearch.
input: (@ - query video sequence

k - the number of similar videos
output: similar videos
1. {Cr} «—QuerySummarization(Q)
2. for each cluster Cy, € {Cy}
3. Let the representative frame be fi;
4 ref— GetBTtreeRefpoint
5. dist=Dist(ref,fx;)
6. {minKey,mazKey}+—MappingkeyRange
7 {C;}+SearchB™ tree(minKey,mazKey)
8
9

Mappingframe(fy;)

. for each frame fi; € Cy (frj # frs)
10. for each cluster C; €{C;}
11. if (| Dist(ref, fr:)-Dist(ref, C;)| <€)
12. dlSt:DlSt(f]ﬂ, Cz)
13. Mapping to video segments
14. Filtering video segments
15. IgnoreCommenSymbolSegments

16. ThrowOffSmallSegments

17. Reconstruct candidate sequences
18. MatchingQueryAndCandidates
19. return results

Figure 2: : The similarity search algorithm.

3.4 Optimizations

Some optimizations are employed to reduce the infor-
mation loss in video representation and improve the
performance of similarity search.

3.4.1 Multi-Symbol Representation

To capture more information from original high di-
mensional space and improve the query result of
similarity search, we proposed multi-symbol repre-
sentation for query video. By this representation,
each frame in a video is mapped to a set of clus-
ters that cover it. Thus, each frame corresponds to
a set of symbols. And then, the whole sequence is
transformed into a symbol set sequence, denoted as
(S, 8%, ..59). N ,

For all the clusters containing a certain frame, each
of them is similar with the symbolized frame to differ-
ent extent. To obtain the optimal performance, the
symbols in a certain symbol set is accessed orderly.
Here, they are sorted by the distances between this
frame and its cluster centers in the original space.

Among them, the cluster having the smallest Eu-
clidean distance to the frame is also called principal
cluster. Accordingly, the id of the principal cluster is
the principal symbol. The inter-symbol similarity is
decided by the the probability distance between the
principal symbols.

Given two sequences and the inter-frame similarity
threshold, €, in order to judge the inter-frame simi-
larity of two sequences in the original high dimen-
sional space, a multi-symbol match method is em-
ployed to compare a specific symbol in the symbol se-
quence data with a symbol set of the query sequence.
This symbol will be compared with each in symbol
set orderly. If two symbols are same or completely
dissimilar, the comparison process will be stopped.
Otherwise, the comparison operation continues over
the next one in its symbol set, until the completely
similar or dissimilar symbol is obtained or all sym-
bols in the symbol set is visited. If all the symbols
in symbol set are overlapped with one in the symbol
sequence data, the probability distance is applied.

This multi-symbol match is based on the following
theory.

Theorem 1. Given the symbol set of a frame f,
namely s =< c¢1,ca,...cp, >, and a symbol ¢, if ¢y
s similar with ¢, then it is impossible for ¢’ to be
dissimilar with another symbol c, in the symbol set,
where ¢, and ¢, are two different symbols in the sym-
bol set.

Proof. Since c¢,;, and ¢, are different symbols of f, f
falls in the intersection part of them.

Suppose ¢, be completely similar with ¢’, all the
relations of symbol set are shown in Figure 3, we have
f similar with ¢’. Then

a(f.c) <5

Suppose on the contrary that c,, and ¢’ are dissim-
ilar completely. according to the rule of dissimilarity
between symbols, any frame f in the cluster of c,,
will have a distance more than $+ r’ from c’. Since
frame f is in the cluster of c,,, we have

d(f,c) >§+’/‘/

These two assumptions contradict each other, thus
would not exist in the meanwhile. O

Figure 3: Similarity between symbol and symbol set

Figure 4 summarize the algorithm for the similar-
ity measure between a symbol and a symbol set.



If( ¢; and ¢’ are (dis)similar completely)
GetInterSymbolSimilarity;
StopCheckingSymbolSet;

else
CheckNextSymbollnSymbolSet;

if (Not found completely (dis)similar pair)
MeasurePDistToPrincipleSymbol;

OO ULk Wi

Matching Video Symbol and Symbol Set. Para De?,cription
1. Given video symbol ¢’ and symbol set s, here € Clustering threshold
s=< C1,Cq,...Cp > T Probability threshold
. for(All symbols in the symbol set s, ¢; ) K[ Number of most similar sequences

Figure 4: : Similarity Measure between Symbol and
Symbol Set.

3.4.2 Batch Query Mapping

For mapping a query video to the corresponding sym-
bols and further retrieving the potential similar seg-
ments, the naive method is to map each video frame
one by one. As a query sequence may also consist of a
large number of frames, naive method is costly. In or-
der to improve the query mapping and the similarity
search, based on observation 1, we proposed batch
query mapping that performs a batch of individual
frame mappings by the index.

Observation 1. In a video, there exists a lot of very
similar frames, which share the same query space in
the process of mapping, thus accessing the same disk
blocks. Batch processing for them can avoid the un-
necessary 10 access.

We propose a query summarization method based
on local clustering, which perform clustering over
query frames by their inter-frame similarity. Since
nearby frames in a video are usually quite similar.
By doing so, a query sequence is formed into a small
number of query clusters which contain similar query
frames, where the inter-frame distance in the same
cluster is no more than the similarity threshold, e.

Due to the small number of the query clusters,
the number of disk re-accesses is reduced greatly. For
each frame cluster, with radius r;, the cluster cen-
ter is chosen as a representative. The symbolization
for the frames in the whole cluster is completed by
finding the first symbol, with radius Ry, of this repre-
sentative, and then obtaining all neighboring cluster
spaces with distances no more than R;+r; from the
first cluster center. Meanwhile, the distance between
each cluster in query space and the representative is
used to perform the filtering based on triangular in-
equality, reducing the CPU cost of mapping. Con-
sequently, both IO and CPU cost for query mapping
are reduced greatly, thus enhancing the performance
of similarity search.

4 Performance Study

In this section, we present an empirical study to eval-
uate the proposed approach over large real video data
sets. The evaluation is based on two aspects: (1) the
effectiveness of video symbolization; (2) the efficiency
of video indexing.

4.1 Setup

The experiments are conducted over two real datasets
from 6000 15s video clips and 896 10s clips , which
are recorded by using Virtual Dub at PAL frame rate
of 25fps (Shen et al 2005). Each frame is represented
as a 64-d vector in the RGB color space. In the same

Table 1: Parameters used in the experiments.

set of tests, the lengthes of video sequences used are
similar.

For the effectiveness, we evaluate symbolization
representation by comparing with key frames ap-
proach, where key frames are obtained by shot bound-
ary detection method (Nagasaka & Tanaka 1992), to
test the information loss. As the original data has
no information loss, we examine the effectiveness by
employing the video symbolization and the original
videos and see how close the results generated by the
PED over symbol sequences are to those by the edit
distance (ED) in the original space. ED in original
space is different from PED in how to decide the p.
If the Euclidean distance between two frames is more
than €, p=1; otherwise, p=0. The set of query results
by ED in the original space is denoted as rel, and that
from summarization method is ret, the Accuracy of
matching is defined as:

|rel (M ret]|

Accuracy = el
re

(2)

For the efficiency, we compare our proposed two-
layer indexing method with optimal reference based
Bt-tree, the high performance of which has been
proved in (Shen et al 2005), and sequential scan as
a base. By varying the size of video dataset, the effi-
ciency of two-layer video indexing and ViTris index-
ing are compared. We measure the search efficiency
in terms of IO and CPU cost. IO cost is evaluated
by the number of page accesses, and the size of each
page is set to be 4k. For CPU, we use the number of
distance calculations, since it dominates the time of
CPU cost and is also objective. All the experiments
were performed on a Sun Enterprise E420(4*450MHz
CPU’s with 4GB RAM). Table 1 summarizes the pa-
rameters used in the experiments.

4.2 Effectiveness of Symbolization

Accuracy

0.3 1 —e— Symholization
0.2 { —=—KEYFRAME

0.1

0.2 03 0.4 05
L

Figure 5: Accuracy By e Varying in KNN Search on
15s Clips

To examine the effectiveness of symbolization, we
need to estimate the value of optimal probability



threshold of similar symbols, T, in probability mea-
sure. According to our analysis, T=0.5 is the optimal
symbol similarity threshold.

We evaluate our representation approach by turn-
ing the e value, for testing the information loss of it
with clustering threshold. Figure 5 shows the test re-
sults. We fixed T to 0.5, and changed € from 0.2 to
0.5. Obviously, the accuracy of our method is much
better than that of key frames representation. Mean-
while, with the increasing of €, the effectiveness tends
to degrade for both methods, because of the more
information lose for them. For the symbol sequence
similarity search, since the overlap extent is small for
small €, inter-symbol similarity is very close to inter-
frame similarity, leading to high effectiveness of it.
With the e increasing, due to the high overlapping,
the stability of inter-symbol comparison degrades ac-
cordingly, causing the degradation of effectiveness.

4.3 Efficiency of Batch Mapping

During query mapping, a query video which consists
of large numbers of frames may need to be summa-
rized first to reduce the cost. In this set of experi-
ments, we compare the performance of batch mapping
with that of the naive mapping approach.

30
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25
—=&— Naive method
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Figure 6: 10 in Batch Mapping
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Figure 7: CPU in Batch Mapping

Figure 6 and 7 show the IO cost and CPU cost
respectively. As shown in the figures, the batch map-
ping improves the performance a lot, and both 10
cost and CPU cost are reduced greatly. For naive
approach, each query frame needs to be mapped to
the index space one by one. Also, the same index
space may be accessed repeatedly as nearby frames

in a query video are usually similar and share the
same index space, thus incurring much more IO and
CPU costs. When the batch mapping is used, sim-
ilar frames are clustered together, thus query map-
ping has less IO costs. Meanwhile, in the batch map-
ping, the filtering based on triangular inequality is
performed, accordingly, the CPU cost of batch map-
ping is also reduced greatly.

4.4 Efficiency of Two-layer Video Indexing

In this part, we performed experiments to test the
two-layer index method by comparing with ViTris in-
dexing and the sequential scan as a base. The 10 cost
and CPU cost are shown in the Figures 8 and 9.

Obviously, compared with ViTris indexing and se-
quential scan, the filtering ability of two-layer index
has been improved greatly. Since two-layer index
gives up a large number of candidates, in which only
very few similar query symbols appear or only com-
mon symbols which are not discriminative, the num-
ber of IO and that of probability edit distance calcula-
tions are reduced noticeably, up to half. At the same
time, it is clear that the filtering ability is more effi-
cient for small K, with the increasing of K, becoming
a bit weaker, but still keep high efficiency.

35
g 30 & A A A
) 25 | —e— Two-layer indexing
% —8—ViTri indexing
§ o0 TFs
B
g 154 . . .-
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g 101
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Figure 8: Effect of K in KNN Search
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Figure 9: Effect of K in KNN Search

4.5 Effect of Dataset Size

We compare the efficiency of our two-layer video in-
dexing with ViTris indexing in case of varying the
number of 15s video clips varying from 2500 to 5000.
Figure 10 and 11 show the IO cost and the number



of frame comparisons in two-layer video indexing by
comparing with that of BT-tree based ViTri indexing.
We can see that, with the increasing of the data
size, the IO and CPU costs increase for both of them.
For another, obviously, the two-layer video index
needs far less IO and frames comparison than ViTri
indexing, since two-layer video index performs high
dimensional distance calculations only in the process
of frame mapping, while not in similarity measure.
Moreover, query summarization based batch mapping
can filter out most of the unconcerned symbols, thus
reducing the cost of two-layer video indexing greatly.
Comparing with B*-tree based ViTri indexing, for
the same video dataset, the cost of two-layer video
indexing is improved one order of magnitude.
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Figure 10: Efficiency by varying dataset size
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Figure 11: Efficiency by varying dataset size

5 Conclusions

In this paper, we have proposed a summarization
based video similarity search approach, which has
the following features: by video symbolization, each
video sequence is symbolized as a digital string, which
facilitates similarity matching with consideration of
temporal ordering; by decomposition and reconstruc-
tion based video indexing strategy, video data are in-
dexed and similar videos can be efficiently retrieved
with non-metric similarity measure. Further, opti-
mizations have been employed to further improve the
search performance. We have done extensive perfor-
mance study and our results have shown that our ap-
proach is very efficient, while keeping high search ac-
curacy.
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