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Abstract

A number of cutometed methods for indeming cudio-
visual sequences have been developed., Typically, pro-
cessing starts with a low level segmentetion of o se-
quence of images 50 a5 to identify a series of shots fie
continuous cemere records). To reach o higher level of
description, patterns must be identified in the flow of
consecutive shots. In this work, three different tech-
nigues for measuring wvisual correlations among nomn
consecutive shots are proposed and compered. Two
methods measure the visual correlation among shots by
analyzing the respective A-Frames, In particular, they
compare K-Frames based ewther on a low resolution DC
JPEG representotion or on color and spetial orgen:-
' zation of the spotial informetion. The third technique
measures the sumilartly between shots by comparing
their associcted codebooks, which ore obteined using
the Learning Vector Quantization eopproach. Simule-
. tions heve shown thet the Learning Vector Quantiza-

_tion spproach leads o the best performance.

1 Introduction

Distributed processing and access to multimedia
databases requires an important effort to orgamize
audio-visual informarion. Recent efforts have been
carried out to sugges: that 2 coss-modal analysis of
audio and video informations could bring significant
benefits if a semantic level description is desirable
B3, 3, 6, 7]. Most approaches usually start to segment
the video in shots by applying techniques such as those
s Proposed in [1, 2. It has been recently suggested to
. Merge consecutive shots exhibiting a similar seman-
tic content, by simply using a characterization of the
associated audio information [3, 4, 5, 6]. A more ade-
Quate representation is thus obtained when groups of
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shots can be merged into semantically more coherent
entities called scemes. A cross-modal analysis of low-
level visual and audio features can therefore bring an
intermediate but satisfactory semantic description of
the audic-visual sequence.

In this work the focus is placed on establishing vi-
sual correlations among non consecutive shots. Three
different techniques are compared, the shots being de-
tected using the aporoach suggested in [7]. Two of
them estimate similarities between shots using char-
acteristic K-Frames®, while the third technique pro-
poses to estimate the degree of correlation by using a
eodebook associated to each shot,

2 K-frame based analysis

In this secton, a similarity measure based on K-
frames is proposed For each shot, the central frame is
chosen as K-frame  Two shots are considered similar if
the associated K-Tames are similar. The correlation
between two K-frames is estimated using two tech-
niques. The first technique compares a low resolution
DC JPEG representation of the K-frames, while the
second technique compares K-frames on the basis of
color and spatial organization of information.
2.1 Low resolution comparison

In a first attempt 0 measure the similarity of two
K-frames, pixel to pixel difference between the frames
are considered. In order to reduce arrors due to slighe
changes of illumination, or object locations, the DC
JPEG representation of each luminance Tame is used
(i.e., B x 8 huninance block average (DC) value). It
is well known that such a method is still sensitive
to changes in ilumination, camera position and ob-
ject position, Nevertheless, it has still been used to
damonstrate that correspondence of simple struchural
patterns in 2 movie, can be identified using chis type
of measure. The mean square difference between DC
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where, F: znd F; are two generic frames to be com-
pared, 2nd ¢[0,0] is the DC coefficient of the n**
block of frarpe Fi.

2.2 Color based comparison considering
spatial information

The idea of comparing frames based on color infor-
mation has been widely utilized to retrieve images in
2 database. This is usually performed by evaluating
the histogram of the images and comparing such his-
tograms using the y* test. Unfortunately, histogram
based techniques do not take into account the spatial
organization of information. Thus images with differ-
ent contemt, but similar color information, are often
erroneously declared as similar. In order to improve
the effectiveness of these histograrg-oasad methods, 2
measure of the correspondence of the spatial arrange-
ment of color inforrmation has been proposed [8]. Ac-
cordingly, each E-frame is described using an adja-
cency graph. Each pode in the graph represents a
cluster of pixels exhibiting similar values. A similar-
ity measure between graphs associated to two difer-
ent imapes is obtained by considering color distances
between pairs of masching nodes, differences in the
adjacency information of such nodes, and differences
in the relative amount of pixels being represented by
such nodes. Matching nodes are determined by us-
ing the average color value of each pixel it represancs.
Thus, the final similarity value uses a combination of
color and adjacency informartion.

The algorithm to identify pairs of matching nodes,
between the two graphs associated to two K-frames
F1 and Fa, uses their color distance. A 2D correspon-
dence matrix is built for this purpose, where each en-
v specifies the color distance between any two nodes.
The distance becween z node A in frame F; and anode
B in frame s is evaluated as follows:

)
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(2)
where, (La,u4,v4) 15 the average color of node 4
and (Lg,ug.vg) is the average color of node B. The
smallest distance in the correspondence matrix iden-
tifies a pair of matching nodes. This pair is inserted
in a st while the corresponding row and column are
removed from the correspondence matrix. The nexs
pair is then searched by scanning the correspondence
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matrix to identify the next smallest distance. The pro-
cess is iterated until there are no more elements in the
correspondence matrix, or the color distance axcesds
a predetermined threshold. It can happen that nodes
from a given K-frame do not have 2 match in the other
E-frame. For each pair (}V;, V2] of matching nodes an
adjustrment is made to take into account the size of the
two nodes:
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where size{N:) denotes the size (in terms of num-
ber of pixels) of the smaller node normalized to the
total size of the image (and size(N.) is the normal-
ized size of the ovher node). The more similar che
sizes, the higher the weighting coefficlent. Once afl
W (N1, Nz)'S are determined, their sum 5 is considered.
Si= T[M No)eP W{ .oy Lo color similanity is eval-
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uated by considering all pairs of matching nodes, using
the following expression:

color_similarity(Fy, F2) =
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where F and F> are the two processed frames and
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Win, o) = —%—— is the normalized weight, and P
15 the list of pairs of matching nodes.

The adjacency similaricy is obtained by evaluating
the difference between the node links, adjusted by che
same weight used for the color dissance. For each node
pair, all combinations of links are considered. The ad-
jacency similarity between fames F; and Fa is defined
as follows:

adj_similerity(Fy, Fa) = s
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where £ is the set of node pairs having common links,
dy; 5 is the ad]&t‘.enl‘_'}f measurs assuc-a:ed with the link
mnne:ctmg s and 7, and W, o e o) = Wias)

Finally the total matching valve 15 obtained as fol-

lorers:

S:n!{Fl,FEJ =
0.6 = color_stmilarity( Fy, Fo} +
+0.4 # edj_similariy( Fy . Fo) {6}

The smaller .., the more similar the two frames.



3 Vector codebook based analysis

So far, assuming that the video has been tempo-
rally segmented in shots, the correlation ameong shots
was exploited utilizing the K-frames of the shots. This
technique has one importan: side effect: the number
and the position of the K-frames in each shot can af-
fect the performance of the proposed technique to es-
timate the shot correspondence, when just K-frames
are compared. In Eact, major problems occur when
the compared two K-Fames are recorded under dif-
ferent conditions. Indeed, even when shots compare
well, the corresponding K-frames are often taken rom
different viewpoints and /or with diferent object orien-
tations, with a resulting change of shadowing, shading
and lighting conditions. In addition, situation such as
ooclusion or disclosure of objects should also be saken
intn aceount. & simple but more robust way to ana-
lyze correlations existing arnong shots can be achieved
through a vector quantization based approach.

The vector quanczadion utilized in this werk is the
Learning Vector Queniézation (LVQ) proposed by Ko-
honen {9]. This is used to determine a codebook for
each shot. The measure of similarity berween two
shots utilizes their associated codebook.

In our application, the LVQ has been utilized as a
one-class problem. The video is split in shots, and, for
each shot, a set of reference vectors, representing the
shot is identified using the LVQ design procedure.

Evervy frame of a shot is divided into non overlap-
ping blocks of size NX M, scanning the image from
left to right and top to bottom. Each block is, m-
deed, a signal vector x £ RYXM, All blocks of all
frames belonging to the shot are labeled as belong-
ing to the same class. These vectors are then passed
to the LVQ algorithm. The number of reference vec-
tors, which represent the dimensionalicy of the class,
is chosen equal to the number of blocks in a frame.
Therefore, it does not depend on the leagth of the
shot, but on the size of frames. The reference vectors
returned by the LVQ aigorithm, also called codevec-
tors, will constitute the codebook associated to that
shot.

Once a codebook has been associated to a shot, 2
similarity measure berween two shots, based on the
codevectors representing the shots, can be defined.

Laet 5; be a shot and let C; be a codebook, when
a vector xg € S; is quantized to a vector vy € Cj,
a quantization error occurs. This quantization error
may be measured by che average distortion
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where M is the number of vectors xg of shot 5; (Le
the number of blocks forming all its frarnes), and v
is the codevector of C; with the smallest distance with
respect to xg, ie. k = argminy |[Xe = Vil with
vjy € Cj. Furthermore, [|[D;(S:) = De(S:i)|l can be
reasonably interpreted as the distance between two
codebooks (C; and C) when applied to shot 5;.

A similarity measure between two shots can, thus,
be defined as follows:

Seq(Si, 55) = |1 D5(S:) — Du(Se)ll + || Da(Sy) — D5(S5}

(8)
where D;(5;) is the discortion obtained when shot 5; is
quantized using its associated codebook. The smailer
Swe the more similar the shots are. It is to be no-
ticed that the similarity is based on the cross-effects

of codebooks on each shot. In fact, if only one of the *

two elements of the sum in Eq. (8) is used, it is more
likely that the resuldng value be low, although the two
shots are different. This happens, for example, when
the majority of blocks of one shot, e.g. Sy is similar
to a subset of blocks of the other shot, S;. Therefors,
the codebook assodated o S;, can represent 5; with a
resulting small average distortion. On the other hand,
the codebook associated with 5; cannot keep the same
distortion level when applied to S;.

4 Simulation results

300 K-frames were extracted from movies and news
reports, and compared using Sy and S.y (as defined
in Eq(l) and Eq(6), respecuvely); whereas, the corre-
sponding shots, associated with these K-Frames, were
processed utilizing the S, similarity measure {defined
in Eq(8)).

Both S4, and S.n showed very low values when-
aver two gimilar frames came from news reports. This
is caused by the fact that, in the case of news, the
content of a picture, usually, does not change signii-
cantly: the anchor remains in the same location, the
background is often still, ete. In the case of movies in-
stead, the camera usuzally changes viewpomnt, or sim-
ply, the objects in the picture move around. Choosing
a same threshold {on Sz, or S.a values) when compar-
ing K-frames extracted from news material and those
extracied from movies, would penalize either news or
movies. On the one hand, a low threshold would give
acceptable performance in the case of news, but it
would result in a high percencage of misses in the case
of movies, On the other hand, a high threshold would
deciare similar a higher number of K-frames, but it
would result in 2 hizher percentage of errors, espe-
cally in the case of rews, where, for exampie, two
frames having differenc anchors could be recognized



Dei_e':ér.ions | Misses | False Alarms |
S | 397% | 403% | 667%
Seol 69.3% 30.7% | 20%
[Sug | 69.7% | 303% | B.86%

Table 1: Comparison of similarity measures

a5 similar, Based on this consideration, two differ-
ent thresholds were selected when using Sy and S,
similarity measures, depending cn the type of source
material. A lower threshold was set for news matarial
with respect to movies.

Results are shown m Table 1. 67% of K-frames and
shots was extracted from movies, while the remain-
ing 33% belonged to news. The 5S4 similarity mea-
sure achieves an overall detection of 58.7% (£0.3% of
misses) and a false alarm rate of 6.67%. Here misses
are usually due to changes of llumination, viewpoing
or object positions. However, the method seems to
be robust to errors (l.e. false detection of similar
frames). The S.. measure achieves an overall detec-
tiom of 59.3% (30.7% misses) and a false alarm rate
of about 20%. In this case, errors are usually due to
frames hawving similar colors and similar spatial orga-
nization, whereas, misses are due to changes of view-
point, or appearance/disappearance of spatially large
objects. The 55 measure seerns to be more robust to
erTors when compared with the 5. measurs, The de-
tection capability is similar to the one obtained with
the 5., similaricy measure. Misses usually occur when
one of the two shots can be considered a subset of the
other shot. For example, if shot 5; can be divided
into two parts, one part similar to 5;, and anocher
part different, then [|D;(S:} — D:(S;)ll may result in
a low value, whereas the codebook assocated to 5:
may be not adequate to represent shot 55, producing
a high value in the term [[D:(S;) — D: (55

5 Conclusions

In this work we have proposed three techniques in
order to evaluate the visual correlation exdsting be-
tween non consecutive shots. Resules have shown that
the Vector Quantization based approach leads to beg-
ter pecformance due to its ability to summarize infor-
mation of the entire shots. By dividing further shots
into microsegments exhibiting consistent visual con-
tent, it is likely that 2 more detailed correspondence
of the sequence of frames can be achieved, leading thus
to better performance overall. In 2 relaced work, we
propose or combine this result with an avdio process-
ing technigque for a segmentation of an audic-visual

saquence which leads to a more semantic level descrip-
tion of information content [7].
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