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Video Sequence Matching Using Normalized
Dominant Singular Values

Kwang-Min Jeong*, Joon-Jae Lee"

ABSTRACT

This paper proposes a signature using dominant singular values for video sequence matching. By
considering the input image as matrix A, a partition procedure is first performed to separate the matrix
into non-overlapping sub-images of a fixed size. The SVD(Singular Value Decomposition) process de~
composes matrix A into a singular value—singular vector factorization. As a result, singular values are
obtained for each sub-image, then k dominant singular values which are sufficient to discriminate be—
tween different images and are robust to image size variation, are chosen and normalized as the signature
for each block in an image frame for matching between the reference video clip and the query one.
Experimental results show that the proposed video signature has a better performance than ordinal sig-

nature in ROC curve.

Key words: content-based video matching, video sequence matching, singular value decomposition,

ordinal measure

1. INTRODUCTION

With the ever increasing amount of digital media
(images, audio, and video) available on the Web
and in multimedia databases, the need for con-
tent-based copy detection schemes has also be-
come evident for handling digital contents and pro—
tecting intellectual property rights.

Currently, the most widely used technique for
content-based copy detection is a sequence
matching approach, where multiple sequence
frames are used as the basis for matching, as op-
posed to matching single video frames. Features
like intensity rankings and color histograms are

extracted from the original video frames to create
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reference signatures in a database. The same
features, extracted from the query video sequence
are then matched to the reference signatures to
determine if the query video sequence is a copy
of the originalll,2]. Related work includes the fol-
lowing:

Jain et al[3] proposed a sequence matching
method based on a set of key frames. Although
motion information is included with the key
frames, it is not clear. Meanwhile, Naphade et al.[4]
proposed an algorithm for matching video clips that
uses the histogram intersection of YUV histo-
grams of the DC sequence of an MPEG video.
However, this technique does not evaluate varia-
tions between copies, such as signal modifications
or display format conversions. Mohan[1] used the
ordinal measure originally proposed by Bhat et
al.[5] for video sequence matching, then Hampapur
et al.[6] compared the ordinal measure technique
with techniques using a motion signature and color
signature, and showed that matching based on an
ordinal signature produced the best performance.
The ordinal measure is also insensitive to intensity
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value changes and has a low memory requirement
for storing/indexing the signature. For this reason,
C. Kim[7] proposed ordinal measure using DCT
coefficient.

Our video copy detection system uses the sin-
gular value decomposition (SVD) which is known
for its capabilities of deriving the low dimensional
refined feature space from a high dimensional raw
feature space, and capturing the essential structure
of a data set in the feature set. The SVD process
decomposes matrix A into a singular val-
ue-singular vector factorization, where the sin—
gular values represent the energy of matrix A pro-
jected on each subspace. SVD has an excellent en—
ergy compaction property and the large singular
values represent the dominant information in ma-
trix A. Thus, when considering the input image as
matrix A, the singular values and their distribution
represent useful information on the contents of A.
From the simple normalization which took all of
singular values to make normalized signatures, we
got a good image signature[8). This image sig-
nature shows good results for video sequence
matching. But this signature did not solve a prob-
lem according to resolution change,

The number of singular values differs according
to the image size. In other words, if the size of an
image change, the number of singular vectors also
changes along with the number of singular values
and their distribution. However, it is important to
obtain the same number of features as ordinal
methods have the same number of features irre-
spective of a variation in the image size.

Unlike the simple normalization used in the
above methods to obtain features invariant to im-
age size variation, it is not suitable to apply the
same normalization method to the proposed fea-
tures using singular values. However, since the
energy distribution of the singular values is con-
centrated on just a few dominant singular values,
equivalent features can be obtained by normalizing
an appropriate number of these dominant values.

As a result, this solves the vector size problem and
increases the computational efficiency. Yet, the
problem is how to choose the appropriate number
of singular values to maximize the matching
accuracy. In this paper, this is achieved by choos-
ing k singular values including a half of energy of
singular values.

The similarity between two video clips can be
treated as the similarity between the shapes repre-
sented by the singular values of two corresponding
hyper—ellipses, if the orientation is not considered.
Therefore, the distance or dissimilarity metric be-
tween image frames can be represented by the
Euclidean distance of the singular values. In ex—
perimental results, the matching performance is
demonstrated in comparison with the ordinal
measure.

The rest of the paper is organized as follows.
Section 2 describes the properties of singular value
as image signature and proposed image signature,
then Section 3 provides a detailed explanation of
the video sequence matching algorithm using the
proposed feature. Experimental results are pre-
sented in Section 4, and some final conclusions are

given in Section 5.

2. SIGNATURE EXTRACTION

2.1 Image representation of singular value
decompositien (SVD)

Let an image of size MXN be image matrix A
of dimensions Mx/, where M= N. It is possible
to represent this image in the r-dimensional sub-
space, where 7 is the rank of A, and » < N. Singular
value decomposition is then a factorization of ma-
trix A into orthogonal matrices.

A = Usv? (1)

where U is an MXr matrix and consists of the
orthonomalized singular vectors of ATA, and S is
an rXr diagonal matrix consisting of the ‘singular
values’ of A, which are the non—negative square
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roots of the singular values of ATA. These singular
values, denoted by ¢, i=1, 2, -+ | r, are sorted in

a non-increasing order, i.e.

6, 20,220, 20 2

¥

An important property of U and V is that they
are mutually orthogonal. The singular values (o;)
represent the importance of individual singular
vectors in the composition of the matrix. In other
words, the singular vectors corresponding to large
singular values include more information about the
matrix than the other singular vectors.

2.2 Singular value as image signature

The dominant singular vectors of image matrix
A represent dorminant information of A and their
magnitude are singular values. The singular values
represent the energy of matrix A projected on each
subspace, where the singular values and their dis-
tribution carry useful information about the con-
tents of A, and can vary drastically from image
to imagel8]. For most images, only a very few
larger singular values dominate, while all the other
singular values are quite small. The four sample
images and their corresponding 10-dominant sin—
gular values are shown in Figs. 1 and 2. The dis

(a)

(c) (d)

Fig. 1. The example of four different images; (a)
movie, (b) golf, (c) drama, (d) football
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Fig. 2. The 10-dominant singular values for Fig.
1 sample images

tributions of the singular values for the images are
quite different.

One of the important characteristics for an im-
age signature is robustness to media transform
such as image size variation and compression for-
mat change. Therefore, the singular values need to
undergo a normalization process. If an image of
size MX N has an image matrix A of dimensions
MX N, where M= N, this image can be represented
in r-dimensional subspace, where r is the rank of
A, and » £ N. The previous paper(9] suggested im-
age signature by simple normalization of the sin-

gular values as follows :

i=1,2- 7 (3)

where }: is the ith normalized singular value
and o, is the jth singular value. As shown in Fig.
3, the normalized singular values as an image sig—
nature can discriminate different images. The
magnitude of the largest singular value is 0.32 in
Fig. 5, which means it includes 32% of the image
information. These singular values are sorted in a
non-increasing order using Eq. (2) so they can be
used as a signature in the order of importance.

However, since this image signature is not ro-
bust to a resolution change, the dimension of video

clip has to be adjusted to be same. Fig. 5 shows
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Fig. 3. The 10-dominant normalized singular values
for different sample images in Fig. 1

a comparison of the normalized singular values as
an image signature for the Fig. 4 images. The
comparison results show a big difference in the
signatures for the two images with different
resolutions. This is because, if the dimensions of
an image change, the number of singular vectors
also changes, along with the number of singular
values and their distribution.

(a) (b)

Fig. 4. Different resolution images; (a) 320x240
original image, (b) 160x120 image
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Fig. 5. 10-dominant normalized singular value
distribution for different resolution image
in Fig. 6

2.3 Proposed image signature

In general the large singular values represent the
dominant information for image matrix A, while
the small singular values include little information
and can be considered as introduced by noise[10].
Therefore, if only dominant k singular values are
used, the size problem occurring due to different
vector numbers can be solved and the computa-
tional efficiency can also be raised. From the com-
parison of the singular values for four different im-
ages in Fig. 2, only the first 4 dominant singular
values are different, while the others have very
similar values. Thus, the proposed image signature
uses only the dominant 5 singular values that in-
clude the fifth singular value as a redundancy. The
truncated normalized singular values are as fol-

lows:

s 1= 15 27"'1 5 (4)

where o r; 18 the ith truncated normalized sin-
gular value and o; is the jth singular value. Table

1 summarizes the averaged normalized singular

Table 1. Averaged normalized singular values of
the 2,000 random sampled images from

database
Normalized > Image size .
Singu]ar 320%240 : 160x120 ‘
value | valye | CUmuative | o | Cumulative
value value

o 03383 | 0.3388 |0.3663| 0.3663
oy 0.0753 | 0.4141 0.0827 | 0.4490
oy 0.0512| 04653 |0.0566 | 0.5056
o, 0.0391 | 05044 [0.0432| 05488
oy 0.0320| 05364 |[0.0351| 0.5839
A 0.0272| 05636 ]0.0298| 06137
o, 0.0237| 05873 ]0.0259| 0.6396
o 0.0210| 06083 10.0227 | 0.6623
Ty 0.0188 | 06271 }0.0203 | 0.6826
Tl 0.0171 0.6442 (0.0183 | 0.7009
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values for 2,000 randomly sampled images from a
database. The cumulative sum of the 5 largest
dominant singular values contains above 50% of
the information on the images without relation to
the image size.

The proposed image signature can be calculated
quickly using the power method, as only dominant
5 singular values are used, resulting in computa-
tional efficiency. In addition, the spatial information
on an image frame is incorporated by dividing each
frame into 3x3 blocks, and calculating the normal-
ized singular values for each block.

The robustness of the proposed image signature
to a resolution change is shown in Fig. 6. The re-
sults confirm that the proposed image signatures
are very similar without relation to the image size.

2.5 Distance measure

Assuming that v; is one of the singular vectors
V and o; is the corresponding singular value, then
v; determines the orientation of one semi-axis of
the hyper-ellipse and o; measures the length of the
corresponding axis. As such, the shape and ori-
entation of the hyper-ellipse is a description of the
characteristics of the image. Fig. 7 illustrates two
different hyper-ellipses in a 2-dimensional plane as
an example As a result, the similarity between two
video clips can be treated as the similarity between
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g. 6. Resolution variation for proposed image
signature; B5-dominant proposed image
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Fig. 7. illustrations of two 2-D hyper-ellipses with
two dominant feature vectors

the shapes representing by singular values of two
corresponding hyper—ellipses, if the orientation is
not considered. Therefore, the above description
leads to the following distance or dissimilarity
metric between image frame A and frame A'.

Dist(AA') = :Ell"” —ay (5)

Case of normalized singular value is the same
as Eq. 11

DiStnor(A,Al) = E ‘; Ti ? Ty (6)
i=1

3. VIDEO SEQUENCE MATCHING
ALGORITHM

A video is composed of continuous image
frames. Therefore, a video sequence clip with N
frames is denoted by

c={d], c2], - M}, M

and the ith frame with m partitions can be ex—
pressed as follows

clil= {3, Elil, - e al}, (8)

where ¢ denotes the sequence of the jth
partition.

A sub-video of C is also defined as
Clp:p+N-1], where the number of frames is N
and the first frame is Clp], 1 <p <n—N-1. Let the
normalized singular value matrix for the ith frame
of the query video clip G,[il be

Uq,l (i)vo'qyz(i)f"v O'qyk(i), kzlv"'a"" (9)
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and if the frame has m partitions, the normalized
singular value matrix for the jth partition of the
ith frame C [¢]can be defined as

(@, 09, (@), 07, (6), j=1,-,m (10)

The singular value distance between the ¢th
frame of the reference video sequence C.lp:p+M],
C{p+1}, 1 <i< N and the ith frame of the query
video clip G li]l can then be defined as

d(C i}, ¢ [p+i])= f}kﬁ o7 o= ol p+ill (1)
i=lk=1

As such, the dissimilarity between the two se~
quences D(C, C [p:p+N—1]) is computed by

averaging over N dissimilarities, i.e.

e, Glo+a)
D(G, Cp:pt N-1])= =

v (12)

Given a query video clip C, with N frames, the
reference video sequence ¢, C is compared to the
sub sequence C.lp:p+N—1]. The detailed match-
ing procedure is as follows.

Step 1) Set p to be 1.

Step 2) Compute the distance between the two

sequences,
C and Clp:p+N—1].

Step 3) Increase p by 1. Repeat Step 2 until

p=n—2n,
where n is the number of frames in
the reference video.

Step 4) From the sequence of distances, find

global minima.
The global minima point is declared as
the best match location.

4. EXPERIMENTS AND DISCUSSION

4.1 Comparisons with ordinal measure char-
acteristics for artificial images

The ordinal measure was proposed by Bhat et
al. for computing image correspondence[5]. And

Mohan applied the ordinal measure to video se-
quence matching(1]. Ordinal feature obtained by as
follows. The video frame is partitioned into
N=N, %N, equal-sized blocks and the average
gray level in each block for N sub-image is
computed. Then the set of average intensities is
sorted in ascending order and the rank is assigned
to each block using integer 1 toN. The main ad-
vantages of ordinal measure are low processing
time, low memory space, and robustness to in-
tensity changes. However there exist many real
video or movie scenes with same ordinal feature
even though they have entirely different contents
or structure of image. Figs. 8(a) and (b) show ex-
amples where the ordinal feature fails in the case
of artificial images that have the same average in-
tensity value for block pixels irrespective of a dif-
ferent structure or content while the proposed sys—
tem has a good discriminatory power due to differ-
ent singular values corresponding to different
structural information, as shown in Table 2.

(a) (h) (c)

Fig. 8. Artificial images for comparison of signature
characteristic; (a) two horizontal lines
image, (b) cross lines image, (¢) sub-block
number of images

Table 2. Ordinal and the proposed signature for
artificial images

Proposed image
signature

Fig. 8(b) |Fig. 8(a)| Fig. 8(b)

Ordinal

Fig. 8(a)

#block | mean |rank | mean [rank| oq, | 0 | 051 | O

1 112365 1 |12365) 1 | 1 | O 10.92190.0781

2 |12365) 2 12365 2 | 1 | O [0.9219(0.0781
3 |12365) 3 (123651 3 | 1 | 0 [09219{0.0781
4 |12365( 4 [12365| 4 | 1 | O ]0.5219|0.0781
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4.2 Performance measure for video sequence
matching

The performance of the proposed algorithm was
plotted based its receiver operating characteristics
(ROC) curve, which is a plot of the false positive
rate (R,,) versus the false negative rate (&), Let
N, be the total number of match tests conducted,
with #, the number of false negatives (clips that
should have been matched, yet were not) and Fp
the number of false positives (clips that matched
but were not part of the reference set, as another
video was used for the Rpy). Thus, the Ry and
Bpp were as follows:

Fy Fy
R 1) = =, Rpplr)= —= 13
FN N, e N, (

where 7 is the normalized threshold value vary-
ing from zero to one. The ROC curves were com-
puted by varying 7. A good ROC curve lies very
close to the axes, while an ideal curve pass through
(0,0), ie. zero Ry and zero Rpp.

4.3 Matching results for real video sequence

An MPEG-1(320%240) video reference sequence
with 200,000 frames was used that included a vari-
ety of sub sequences: movie, football, golf, CF, and
TV drama. The query video sequence was derived
from MPEG-1(160=120) encodings of the reference
video and a home video composed of 51,000 frames.

For the test, 100 query clips with different clip
lengths were sampled from the query video
sequence, The ROC curves were computed when
varying T with an increment of 0.5%.

The ROC curves for ordinal matching and the
proposed method using one dominant signature are
shown in Figs. 9 and 10, where one ROC curve
is given for each clip length. As expected, the
matching performance improved when increasing
the clip length. Based on the results, the proposed
image signature produced a better performance
than the ordinal signature, as the proposed

b [+ 30 frames
“;‘ |~ 60 frames
= \" S ke 120 frames
|

—- 240 frames

el
=3

* Y

False Negative Rate
o

@
B
b

g
¥

R e R N -
e N
o W e BB e
& 405 0.3 015
Falge Positive Rate
Fig. 9. ROC curves: ordinal signature for 3x3
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Fig. 10. ROC curves: 1-dominant proposed image
signature for 3x3 partitions.
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Fig. 11. ROC curves: 2-dominant proposed image
signature for 3x3 partitions

signature overcomes a weakness of the ordinal
signature when the block mean is the same but
the contents are different. In addition to producing
the best performance for very short clips, if the
proposed image signature is calculated using a



792 JOURNAL OF KOREA MULTIMEDIA SOCIETY, VOL. 12, NO. 6, JUNE 2009

fast algorithm, it can be computed in real-time
processing for live video.

The ROC curves for the proposed image sig-
nature using 2 dominant signatures is shown in
Fig. 11. From the results in Fig. 10 and Fig. 11,
the more signatures used, the higher the matching
efficiency, although more time is required.

4.4 Memory requirement

The proposed image signature is composed of
decimal fraction from zero to one. When proposed
image signature use only one dominant singular
value for video matching process, memory require—
ment of the signature is 18 bytes/frame (2
bytes/block). So signatures convert to integer as
follows

o', = roundoff (255x0y;) (14)

where 0<o0,,<1 and 0< 0 5, <255. From Eq.
(14), 2 bytes decimal fraction is converted to 1 byte
integer. Therefore the memory requirement is re—
duced to 9 bytes/frame.

5. CONCLUSION

The dominant singular values and their dis-
tribution based on singular value decomposition,
which decomposes an image into a singular val—-
ue-singular vector factorization, were proposed as
an image signature for video sequence matching.
To obtain features that are robust to image size
variation, the dominant 5 singular values, corre-
sponding to half the accumulated energy and suffi-
cient to discriminate between different images, are
chosen and normalized. As a result, the proposed
algorithm can reduce the noise effect following a
media transform and increase the computational
efficiency using a fast algorithm. In addition, to ac—
celerate the SVD computation and enhance the ac-
curacy through the use of spatial information from
an image, the input image is partitioned into 9

non-overlapping sub-images.

In experiments, the proposed image signature
was evaluated in comparison with the ordinal
measure. The results demonstrated that the pro-
posed image signature produced a better perform-
ance than an ordinal signature. Additionally, if only
one dominant proposed image signature is used for
each image block, the memory required for stor—
ing/indexing the signatures can be minimized to
the same as an ordinal signature with 9
bytes/frame. Another advantage of the proposed
signature is that multiple signatures based on the
magnitude of the singular values can be used to

achieve a higher matching efficiency.
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