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ABSTRACT'

I n [ h i s p a p e r , w e c o n s id e r th e p r o b le m o f s im i la r i t y b e tw e e n v id e o s e q u e n c e s . T h r e e b a s i c q u e s t i o n s a r e r a i s e d a n d

( p a r t ia l l y ) a n s w e r e d . F i r s t l y , a t " Y h a t t e m p o r a l d u r a t io n c a n v id e o ~ e q u e n c e s b e c o m p a r e d ? T h e J r a m e , s h o t , s c e n e

a n d v id e o le v e l s a r e id e n t i f i e d . S e c o n d ly , g i v e n s o m e im a g e o r v id e o fe a tu r e , w h a t a r e th e r e q u i r e m e n t s o n i t s d i s ta n c e

m e a s u r e a n d h o w c a n i t b e " e a s i l y " t r a n s fo r m e d in to th e v i s u a l s im i la r i t y d e s i r e d b y th e in q u i r e r ? T h i r d l y , h o w c a n

v id e o s e q u e n c e s b e c o m p a r e d a t d i f f e r e n t l e v e l s ? A g e n e r a l a p p r o a c h b a s e d o n e i th e r a s e t o r s e q u e n c e r e p r e s e n ta -

t i o n w i th v a r ia b l e d e g r e e s o I a g g r e g a t io n is p r o p o s e d a n d a p p l i e d r e c u r s i v e l y o v e r th e d i f f e r e n t l e v e l s o f t e m p o r a l

r e s o lu t io n : I t a l l b w s th e in q u i r e r to fu l l y c o n t r o l th e im p o r ta n c e o f t e m p o r a l o r d e r in g a n d d u r a t io n . T h e g e n e r a l

a p p r o a c h is i l l u s t r a t e d b y in t r o d u c in g a n d d i s c u s s in g s o m e o f th e m a n y P 9 s s ib l e im a g e a n d v id e o fe a tu r e s . P r o m is in g

e x p e r im e n ta l r e s u l t s a r e p r e s e n t e d .

1 Introduction

The daily growing number of video databases and their sheer volume placecontent-based search tools in high

demand. arie proven search tech,nique is query by video sampIe. The MoCA (Movie Content Analysis) project [7] at

the University of Mannheün is currently working on asystem called VisuaIGREP, whose query paradigm follows the

well-known UNIX "grep" cbmmand for text files. The user specifies a video sam pie and 'the type of similarity he/she

is interested in, and VisualGREP searches the viCIeo database for similar video sequences. Prerequisite to the con.

struction of such asearch tool is the systematic analysis both of the various methods to compare video sequences and

of the distance m~asures between them, As for any kind of "grep", the query video sequence is inuch shorter than the

video database which is searched.

'Our paper presents~ systematicmethod to compare and retrieve video sequences at the four levels of temporal reso-

lution of videos: frame, shot, scene andvideo. At eacfr level, features are employed to transform the video sequences

into an appropriate representation. A normalized measure of distance between the representations oftwo video

sequence is defined to capture their similarity. To the authors' knowledge, this)s thefirst paper to present not only

clomain-independent methods to compare frames, shots or short sequences but also techniques to compare temporally

large entities such as scenes and full-Iength feature films for general video. A domain~specific approach has been pre-

sented in [19].

The paper is structured as follows. Following a review of related work,' Section 3 presents the types of similarities

between video sequences in which we are interested. Section 4 disc;usses the tequirements on tlie' features' distance

measures and how the distance measures can be "easily" transform 'ed into the visual similarity judgement desiredby

the inquirer. It also introduces some "real" image. and video features in order to make the subsequent discussion more

concrete. These features are important components in Section 5, which goes through the foul' levels of temporal reso-

lution and presents and analyses various techh.iques of comparison, Seetion 6describes some aspects of how to com-

bine the various comparison methods, and Section 7 shows experimental result. Section 8 concludes the paper with an

outlook on future research.
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2 Relah~dWork

Image Databases, '.

Many content-based image indexing i:mdretrieval systems support querying the database by e~ample. Recently they

have extended their range to the video domain. To do so they have basically added cut detection and create for each

shot one or several representative frames, eitherby somekind of image mosaics [4] or by reference frame selection.

These images are then indexed as standard still~images. Öften motion information is added on a per-reference-frame

or shot basis. Well-knownexamples are QBIC [4], VisualSeek [18] and Virage [5]. However, since these systems

originated from still-image systems they do not go beyond the shot level to scenes or full-size videos. Möreover, they

map the video into the still-image domain, ignoring the temporal order. Besides these systems, White and lain have

developed a generalframework for efficient global and local matching in image databases. They call their framework
ImageGREP [20].

Video Abstracting

Yeo and Yeung have proposed ascheme to recover story units from video usingtime-constraiped clustering [21][22].

The basic idea is to assign thesamelabel to similar shots and analyze the 'patterns of the resulting strings. Three dif-

, fereht kinds of temporal events are extracted from those label patterns: dialog, action, and story unit. Each eventcan
.' .' , I .

be regarded as' a scene of the vIdeo. Yeo and Ye.ung use the patterns only for abstractmg purposes, not to compare of

dialogs, actions, and story units. Such comparisons: however, are covered by our method.'Another way to retrieve the

scenes is described in [8]. Again; only for video abstracting purposes ..
Similarity Measures

Any rneasure of video similarity should imitate the human'visual judgement. A thorough investigation of the psycho'-

logical findings regarding human judgement of similarity can be found in [17], whose basic statements are the basis

for our design of distance measures.

Video QuerySystems

One of the few architectures designed exclusively for video retrieval by example is described in [3]. Consequently,

their proposed algorithms take thetemporal order of the [rames into accoimt. In a first step, a signature is derived for

each video sequence by using the DC coefficients üf window pairs and their motion components. Then, the distance

measure between a query videosequence and a database video sequence is defined by the average distances between

corresponding frames in thesignature representation.

3 Video Similarity

Wl).en aretwo videos similar? Thereis.no straightforwardanswer. Theaspects of video similarity are manifold and its

definition at t!}e semantic level vague. For example, let us assurne that one ,,:ideo shows the US president at a gala din-

ner. Would a s~cond video showing the president be similar, or a third video showing a family dinner? We conclude

that there is no absolute measure of similarity, instead one hasto let the user decide in the query what he/she is look-

ing for. This is somewhatsimilar to regular expressions the user has to specify in the UNIXgrep command.

In this paper, weconsider three orthogonal aspects ofvideo sequences:

• the lev.eIs of temporal resolution,

• the temporal order, and

• the temporal duration.

Levels of Temporal Resolution

Video sequences can vary considerably in'length. They may range from several frames up to tens or hundreds ofthou-

sands of frames. Obviously, the type of similarity between rwo short video'sequences (several seconds in length) and

the assessm,ent procedure ought to differ from that between two long video sequences (several minutes in length).

Thus, video sequences have to be classified with respect to their temporal length before an appropriate compaiison

scheme can be applied. FoÜowing the standard .hierachical video model,we classify vißeo sequences intoshots,

scenes and video. A shot refers to a continuous calnera recording. In a query it can also be a subsequence of that. A

scenedenotes a video sequence that is longer than one shot and shorter than a video, exhibiting some characteristic
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sh o t fe a tu re p a tte rn . T h e ty p e o f ch a ra c te r is tic sh o t p a tte rn is d e te rm in ed b y th e q u e ry v id eo . T h is d e f in itio n d iffe rs '

s lig h tly from th ed e fin itio n in f ilm a rt, w h e re a 'sc en e is "a segm en t in a n a rra tiv e f ilm th a t ta k e s p la c e in o n e tim e an d

sp ace o r th a t u se s c ro sscu ttir tg to sh ow tw o o r m o re s im u ltan eo u s a c tio n s" [2 ) .L a s t b u t n o t le a s t, a v id eo d en o te s .a

fu ll- Ie n g th v id eo p ro d u c tio n . A t th e se fo u r le v e ls v id eo s im ila r ity w ill b e in v e s tig a ted u s in g im ag e an d v id eo (i.e ,

m o tio n ) fe a tu re s .

V id eo

S cen e s

S h o ts

F ram es

G 'I
G ] J
G_]B

Figure 1: Standard video structuring model

T em po ra l O rd e r

V id eo seq u en ce s co n s is t o f im ag e s . H en ce , v id eo seq u en ce s c an b e co n s id e red a s a se t o f im ag e s an d o n e can u se th e

s im ila r ity b e tw een im ag e fe a tu re s to ju d g e v id eo s im ila r ity . T h e s im ila r ity b e tw 'e en tw o v id eo seq u en ce s c an th en b e

m ea su red b y th e n um be r an d am oun t o f s im ila r im ag e fe a tu re s . W e ca ll su ch a v iew a set representationof a v id eo

seq u en ce . N o te , th is v iew ig n o re s an y tem po ra l o rd e r in g o f tn e im ag e fe a tu re s .

O ften itis d e s ira b le to ' c o n s id e r th e tem po ra l o rd e r in g o f v id eo seq u en ce s b y im po s in g th e o rd e r in g co n s tra in t o n th e

s till- im ag e fe a tu re s . W e ca ll su ch a v iew a sequence reptesentat~on.

Temporal Duration .

T h e tem po ra l d u ra tio n in th is co n tex t d en o te s to w h a t ex ten t th e tem po ra l d u ra tio n o f a fe a tu re is jm po rtan t. F o r '

in s ta n c e , h av in g a sh o t co n s is tin g b f tw o p a rts , a 3 -se co n d n ea r s till- im ag e o f a h um an w ho su d d en ly ru n s o u t o f th e

fram e w ith in 2 se co n d s ra ise s th e q u e s tio n o fh ow im po rtan t th e tem po ra l d u ra tio n iso U su a lly w e m ay rep re sen t su ch

a sh o t b y o n e re fe 're n c e fram e on th e s till- im ag e s an d fiv e o n th e ru n n in g h um an . Is it th en ac c ep tab le to u se th e se

o rd e red re fe ren ce seq u en ce s . a s a sh o t rep re sen ta tio n ? O r sh o u ld w e a lso co n s id e r th e tim e a re fe ren ce fram e co v e rs?

T h a t d e c is io n is in d ep en d en t.o n th e ch o ic e o frep re sen ta tio n .

I t sh o u ld b e u p to th e u se r to se t th e im po rtan c e o f th e tem po ra l d u ra tio n . In th e c a se o f th e seq u en ce rep re sen ta tio n ,

fo r in s ta n c e , o n e .u se r m ig h t'd em and th a t th e p re c ise tem po ra l d ev e lo pm en t b e m e t; a n o th e r u se r m ig h t b e sa tis f ie d if

th e v id eo seq u en ce s h av e th e sam e re la tiv e p ace (s low -m o iio n / n o rm a l-m o tio n ); w h ile a th ird u se r m ig h t o n ly b e

in te re s te d in th e fa c t th a t a v id eo seq u en ce is d ev e lo p in g : ig n ö rin g an y p ace . '

T h e se th re e d iffe ren t o r th o g o n a l a sp e c t w ill b e d iscu ssed fu r th e r in S ec tio n 5 .

4 Features an,d their Distance Measures

W hen ev e r com p a rin g tw l,) th in g s o f th e sam e ty p e , o n e h a s to sp ec ify th e c r ite r i" \ fo r th e com pa riso n . U su a lly th e c r i-

te r ia a re d en 9 ted a s fe a tu re s in th e f i~ ld o f im ag e an d v id eo co n ten t an a ly s is . T h e v a lu e o f a fe a tu re c an b e an y k in d o f

d a ta su ch a s a sc a la r v a lu e , a v e c to r v a lu e , an o th e r im ag e o r a tex t s tr in g . In th is a r tic le , fe a tu re s a re d e riv ed from a se t

o r seq u en ce o f in d iv id ~ a l fram es ,s l1 o ts , sc en e s an d v id eo s .. '.
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S in ce th e fe a tu re s a re em p lo y ed to ju d g e th e v isu a l s im ila r ity o f v id eo seq u en ce s , it is c ru c ia l th a t th e se d is tan ce m ea -

su re s re sem b le h um an s im ila r ity /d is ta n ce p e rc ep tio n to ' som e ex ten t. F o r som e o f th e p o ss ib le fe a tu re s su ch a s co lo r

an d lig h tn e ss th e re ex is t w e ll-a c c ep ted p e rc ep tu a lIy 'u n ifo rm d is tän ce m ea su re s . H ow ev e r , fo r a ll o th e r fe a tu re s , m ea -

su re s w h ich m od e l h um an p e rc ep tio n tö som e ex ten t o r - le s s p re ten fio u s ly - m ay b e u se fu l, h av e to b e d e fin ed . N o te

th a t e a ch fe a tu re req u ire s its 'ow n d is tan ce m ea su re :

4.1 . Some Image and Video Features

In o rd e r to m ak e th e su b seq u en t d iscu ss io n m o re co n c re te , w e n ow in tro d u ce S om e low -Iev e lto h ig h -lev e l im ag e an d

v id eo fe a tu re s to g e th e r w ith re a so n ab le d is tan ce m ea su re s fo r th em . T h ey rep re sen t o n ly a sm a ll se t o f a ll p o ss ib le

fe a tu re s .

4.1.1 Color Atmosphere

T he co lo r a tm o sp h e re is an im po rtan t fe a tu re o f a fram e an d a fram e .seq u en ce . I t is o f ten v iew ed a s a com pac t sum -

m a ry . In p ra c tic e , it is u su a lly m ea su red b y som e so rt o fre f in ed co lo r h is to g ram te ch n iq u e . T h e b a s ic co lo r h is to g ram

H~ o f a fram e seq u en ce FS/ is d e f in ed a s th e v ec to r «(hl), ... , (hn», w he re h
j

sp ec if ie s th e n um be r o f p ix e ls o f

co lo r j in fram e seq u en ce FS/ no rm a liz ed b y th e to ta l n um be r o f p ix e ls . T y p ic a lly , o n ly a few o f th e m o s t s ig n if ic an t

b its o fe a ch com pon en t o f a co lo r rep re sen ta tio n in som e co lo r sp acea re u sed to c a lcu la te th e co lo r h is to g ram . S in ce

w e a re in te re s ted in m ea su re s w h ich ap p ro x im a teh um an p e rc ep tio n , th e C IE L * a* b* co lo r sp ace is u sed . I t w a s

d e s ig n ed fo r p e rc ep tu a l u n ifo rm ity [1 1 ] .

A re f in ed an d th u s b e tte r co lo r h is to g ram te ch n iq u e is th e co lo r co h e ren ce v ec to r (C C V ) [1 2 ] . I t ~ ak e s uS e o fth e sp ac

tia l co h e ren ce an d is th u s m u ch m o re d isc r im in a tiv e . I t o u tp e rfo rm s th e b a s ic co lo r h is to g ram in s im ila r ity re tr ie v a l in

la rg e im ag e d a tab a se . In s te ad o f co u n tin g o n ly th e n um be r o f p ix e ls o f a c e r ta in co lo r , th e C C V add itio n a lly d is tin - .

g u ish e s b e tw een co h e ren t an d in co h e ren t p ix e ls w ith in e a ch co lo r c la ss j d ep en d in g o n th e s iz e o f th e co lo r reg io n .

th ey b e lo n g to . If th e reg io n (i.e . th e co n n ec ted 8 -n e ig h b o r com pon en t o f th a t co lo r) is la rg e r th an th re sh o ld tc cv ' a

p ix e l is reg a rd ed a s co h e ren t, o th e rw ise a s in co h e ren t. T h u s , th e re a re tw o v a lu e s a sso c ia tedw ith e a ch co lo r j:

• Cl. ., th e n um be r o f co h e ren t p ix e ls o f co lo r j an d
.1 •

ß. , th e n um be r o f in co h e ren t p ix e ls o f co lo r j.
.1

T hen , th e co lo r co h~ ren ce v ec to r CCVi is d e f in ed a s th e v ec to r « (< i~ , ß~ ), ... , (Cl.~,ß~ ) no rm a liz ed b y th e n um be r o f

p ix e ls . T w o CCVsCCV] an d CCV2 a re com pa red b y

~ ( 1C l.~ '-Cl.~1 + Iß~- ß~IJ
.L ., I 2 I 2 .

j=l Cl.j +Cl.j + 1 ßj+ßj+l

In ex p e rim en ta l re su lts th is m ea su re o u tp e rfo rm s th e E u c lid e an d is tan ce [1 2 ] . T h ed is tan ce v a lu e s ran g e from O to

ab o u t in.

4.1.2 Lightness. (

T he lum in an ce o f m ise -en -sc en e s p lay s an im po rtan t ro le in f ilm c ra f t, u su a lly v a ry in g s ig n if ic an tly in d iffe ren t seg -

m en ts o f th e v id eo : A c tio n s , fo r in s tan ce , c an b e p e rfo rm ed ih th e d a rk C e .g . a t n ig h t, u n d e r w a te r , o r ,in ,th e u n d e r-

g ro u n d ) o r in th e lig h t (e .g . o n a C a lifo rn ia b each ) .

S u ch d iffe ren ce s c an b e cap tu red b y lig h tn e ss . I t is d e f in ed a s th e p e rc ep tu a l re sp o n se to lum in an ce an d d en o ted b y L *

[1 1 ] . L um in an ce ,d en o ted Y , is d e fin ed a s th e rad ian tp ow ~ r w e ig h ted b y a sp ec tra l sen s itiv ity fu n c tio n th a t is ch a ra c c

te r is tic o f h um an v is io n [1 1 ] . Q IE d e fin e s L * a s :
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Thisfonnula states that lightness percepti6n is roughly logarithrriic. L *ranges from 0 to 100. SinceL * is perceptually

uniform , two lightnes~ values are compared by rrieans of their difference. The L ig h t n e s s o f a f r a m e 's e q u e n c e f is the

average of the lightness of all pixels of the frame sequence. '

4 .1 .3 M otion Intensity , .

,M otion intensityis another impöitant feature of a frame sequence. If describes whether or not there is much motion

present: either object motion or cameramotion. The shortest possible sequencefor which motion intensity makes

sense is aseqiJence of two contiguous frarries. In this paper motion intensity is m easured by meansof the edge change

ratio (EeR) [23]. In our experience, ECR seem s to be a little more reliable than the block m6tiön vectors and faster to

calculate.

Let O 'n be thenumber of edge pixels ,in frames n , and Xn
in and Xn_lout the number of the entering and exlting edge

pi~els in frames n and n-J, respectively. Then the edge change ratio ecrnbetween frainen-l and 'n is defined as

" " ( X
i n

'X i ! u t J
n n - 1

ecr
n

= max -,,-' -'
(Jn (Jn-'1

and ranges from 0 to 1. In order to make the measure robustagainst sm all movements, pixels in oneim age which

have pixels nearby in the other im age (e.g. w ithin 6 pixels' distance) donot count as entering or exiting pixels., Notice

that unlike [23], the edge change ratio here is not used to detect scene breaks, and no global motion compensation is

performed befme the ECR 's ca1culation.,

T h e E C R 6 f a f r a m e s e q u e n c e f isdefined as the average of the ECR values over all frames in the sequence: The

ad vantage of the ECR as ,a characteristic parameter is that it registers structural changes in the sequence such as enter-

'ing, exiting and moving objects, as weil as fast camera operations. However, it is somewhat independent of variations

in color and intensity sinee it relies on sharp edges only. '
. ,. '.

4.1.4 FrontalFaces
, .

In most video ' genres the people are an essential or even the ipost important part of a video. Thus, a face detector and

a method of identifying facesof the sam~ person w ithin the same shot/scene/video and across videos is"highly desir-,

able. Such a feature is ,a rich resource of semantics as we w ill 'see in Section 5. "

One of the, most r e l i a b l e f a c e d e t e c t o r s ' in digital im age research was developed by Row ley, Baluja, and Kanade [13].

Their system recognizes about 90% of all upright and frontal faces while only sporadically m istakenly identifying
, "

non-face' areas 'as faces. Theref9re,we have recreated their proposed neural network-based frontal face classification

system for arbitrary im ages as a basis for our frontal face detedor in video sequences. To w iden the range of detect- .

able faces, our detectbr also searches for slightly tiltedJrotated [aces (+30' degree). This is necessary because the faces

of the people in motion pictures are eilwaysmoving; as opposed to the faces in typicalstill im ages such as portrait and

sports team photographs, which are usually depicted upright. However, this more general face secir,ch increases by a

factor of three the number ofpatterns wh ich have to be tested in each.im age. To speed up processing, the number of

ca'ndidate frontal face locations isdrastieally reduced by an, extremely fast pre-filtering step: Only locations whose

pixel colors approximate human skin colors [6] and which show , some structure (such as nose, mouthandeyes) in '

their local neighborhood are passed to the face detector. This pre-filter reouces the number of candidate.facelocati~ns

by 80% . Moreover, o~ly every third frame of the video sequence is investigated.

7,



~ Each face detected is described by the vecto; (t';, xpos' Ypos' s, y).1 t sp~cifies the fram e t~, in which a face of size s (in

pixels) w as detected , as w ell as the x- and y-coordinates (xpos' Ypos) of its center and itsangle of incline y.

Two faces F] and F2 are compared according to one of the follow ing three features: size, position and visual sim ilar-

ity . The size difference m easureis given <;IS the ratio betw een the larger and the sm aller face, i.e .as max{s] /s2s2/ sI} ,

the spatial d istance is m easured by m eans of the Euclidean distance betw een their centers, and the visual d istance is

m easured by m eans of the Euclidean distance of their eigenface representation , i.e . üf their projection into the face

space [9][16]. G ur face space was determ ined from a train ing set of 1247 frontal im ages of faces', thesam e set used to '

train the neural frontal face detectoL '

4.1.5 Type ofFraming

There exist tw o different kinds of fram ing of fram e sequences, especially shots: static fram ing and mobile fram ing.

STATICFRAM ING : Static fram ing of the objects in a video shot gives us a sense of the cam era distance, i.e . of being

far aw ay from or close to the m ise-en-scene. Based on the position and size 'of their frontal v iew s offaces, shots can

~cl~ lli~~~ '

• a long shot: the whole hum an figure is visib le

• an American shot: the hum an figur,e is fram ed from the knees Up:

• a m edium shot: hum an bodies are fram ed from the waistup , or as

• a close-up: just the head is visib le.

This classification is commonly used in film art. For shots w ith frontal face appearances the cam era distance can be

estiinated . The ranges of the face positions and sizes far the different classes m ay be determ ined empirically basedon

, experim ental inquires. H owever, for the query by video paradigm the closeness of two fram e sequences w ith respect

to their types of static fram ing is evaluated based on the sim ilarity of theaverage size of the largest face in each fram e

of a fram e sequence. .

MOBILE FRAM ING :M obile fram ing U sually denotes the dom inant cam era motion such as pan/dolly ,tilt and zoom .

Extracti,on of that m otion is a complex tqsk and algorithm s have been propO sed in[l4], [1] and [24]. G nce extracted ,

cam era motions can be cömpared logicaily based on their classes and w ith in the sam e classes, based on their d istance

m easure. However, their in tegration into the V isualGREP is an open task for the future.

, (

4.2 Normalization of Distance Measures

In [17] Santin iand Jain presented a thorough investigation of the psychological findings regarding hum an sim ilarity

judgem ent. A lthough there still exists no generally accepted model of sim ilarity perception and their proposed mOdel

requires the estim atiOn of too m any param eters in order to be practically usable, so m e basic m Ies nevertheless

em erge. F rom a cogniti> ;e point of view , it is essential

(1) to find the range ofdistance values to which,hum ans are sensitive (w ith respect to a query) and

(2) to ac hieve saturation of the distance values outside these regions.

Saturation is a vitalpoint since itprevents a large dissim ilarity w ith respect to one individual feature value from dom -

inating the whole distance m easure. It also slippresses sm all d istances that are often the result of noise. Note that the

degreeof hum an sensitiv ity to dissim ilarity is very adaptive: It d iffers greatly betw een a set of sim ilar im ages on the

one hand, and a set of in~homogeneous and diverse im ages on the other hand.

For a m oment let us assum e that the range (al'~2] represents the rangeof distance ' values ofafeature to which an

inqtiirer is sensitive w ith respect to his/her query . Then, his/her sim ilarity judgm ents can be modeled by a sim ple
,. .

fuzzy rriem bership function as depicted in F igure 2. It norm alizes the distance m easures of the chosen feature. Note

that such a function can alw ays be approxim ated by an infin ite]y differentiable 'function , the so-called logistic func-

tion [17].

The next question is abou 'thow or by which m eans shall w e let theinquirer specify his/her desiredsim ilarity judge-,

m ents? Essentially there exist tw o kinds of features: Th,e first k ind comprises all features whose desired sim ilarity

8



,

F i g u r e 2 : P r o t o t y p e o f t h e n o r m a l i z e d f e a t u r e d i s t a n e e f u n e t i o n

ju dgem en ts u su a l1y shou ld no t v a ry from query to que ry . C on sequen tly , d e fau lt v a lu es can be 'd e te rm in ed th a t a re su it-

'ab le fo r m ost qu e rie s . E xam p les a re face s im ila rity a~ d C C v . T he ir: d e fau lt p a ram e te rs a re d e te rm in ed by p resen tin g ..

H a rn es 01 ' fram esequences to u se rs and le ttin g th em assess th e ir s im ila rity w ith ' re sp ee t to th e fea tu re . In oU r expe ri-

, m en ts u se rs an sw ered th e ques tio n s by m ean s o f th e po sitio n o f a s lid e r rang ing from com p le te ag reem en t (0 = yes ,

d iffe ren ces a re no t s ign ifican t) to com p le te d isag reem en t (1 ' = no , d iffe ren te s a re toog rea t; th e ob jee ts h ave no th ing

in com m on ). W hen u se rs fo rm u la te a n ew query th ey can u se th ese d e fau lt v a lu es 01 ' m od ify th em cau tiou s ly . A u s~ fu l

and in tu itiv e too l w ou ld show som e exam p les from the v id eo da tab ase w h ich lie a t th e d is tan ee va lu es sp ec ified fo r a l'

anda2 ' '.

In con tra s t to th a t, th e d es ired s im ila rity ]udgem en t o f th e second k ind o ffea tu re s d iffe rs con sid e rab ly from query to

que ry . D efau lt v a lu es can be sp ee ified , how eve r, th ey a re g ene ra lly re -se t, s in ce th e ir v a lu es a recon tex t d ep enden t.

E xam p les a re th e lig h tn ess and ligh tn ess d iffe ren ee , a s w e ll a s face lo ea tio n and size .F o r eaeh su ch fea tu re a v isu a lly

in tu itiv e w ay o f sp ec ify ing one 's s im ila rity judgm en tsshou ld be founl F o rin s tan ce , on e 's sp a tia llo ca tio n s s im ila rity .

ju dgem en t can eas ily b e sp eC ified by show ing tw o fram es o f th e que ry fram e sequence . T he u se r th en sp ec ifie s h is /

h e r s im ila rity p re fe ren ce by d raw ing th e low er and uppe r d is tange bounda rie s upon th ese fram es . A ny d is tan ce 1ess

th an o r equa l to th e low er bounda ry (so ,..c a l1 ed "don 't ca re" d is tan ce ) w ill b e reg a rd ed as th e sam e po sitio n , w h ile any

d is tan ceequa l to 01 ' la rg e r th an th e uppe r bounda ry w ill b e reg a id ed as eom p le te ly d iffe ren t. (see F igu re 3 ). '

F i g u r e 3 : A n e i < q m p l e o f a v i s u a l l y i n t u i t i v e w a y t o s p e e i f y o n e ' s s i m i l a r i t y j u d g m e n t s w i t h r e s p e e t t o t o l e r a b l e

s p a t i a l d e v i a t i o n s i n t h e l o e a t i o n o f o b j e e t s .

5 Comparisori of Motion Picture Sequences

In th issec tio n a new and : g ene ra l v id eo com parison app ro ach is p ropo sed and app lied reeu rs iv e ly ove r th e d iffe ren t

lev e ls o f tem po ra l re so lu tio n ; It is b ased on e ith e r a se t 01 ' sequ 'en ce rep re sen ta tio n w ith a v a riab le d eg ree o f agg reg a -
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tion . T he com parisonstra tegy at each level o f tem poral reso lu tion w orks as fo lIow s: the featu resof levels of h igher

'tem poral reso lu tion are em ployed to represen t the v ideo sequences appropria te ly ; tw o video sequences are then com -

pared by m eans of a norm alized d istance m easure w hich in tu rn is com puted from the d istahces of the em ployed fea-

tu res. - , ,

W ithou t loss of generality , w e w ill use on ly one featu re in the fo llow ing . Section 6 describes how the represen tations
• • I •

derived from differen t featu res can be com bined .

5.1 At Frame Level

Fram es m ay be com pared byany im age featu re w hose defined d istance m easure ' fu lfills the requ irem ents sta ted in

Section 4 . Such a d istance m easure shou ld be constructib le fo r m ost im age featu re . A pplicab le in add ition are v ideo

featu res such as the op tical flow w hich can bederived from a sequence of fram es and assigned to an ind iv idual fram e.

5.2 1\t Shot Level

Shots are represen~ed by theJeatu r< :s derived from their respective fra ines. A featu re can be derived from one or sev-

eral fram es, and is assigned to that o r those fram es. If a featu re is ca1cu lated for each fram e in thesho t, such a featu re

descrip tion is called nori-aggregateq. If a featu re is derived from a set/sequenceoffram es, such a featu re ,descrip tion

is called partially 'aggregated. If a t thevery m ost,on ly one featu reis derived for the w hole sho t, it is called com-

pletelyaggregated.

A long w ith the degree of aggregation goes th~ im portance o(duration of theind iv idual featu re values. N on-aggre-

gated represen tations cap ture the precise tem poral duration of afeatu re . T hus, tw onon-aggregated represen tations are

on ly judged as sim ilar (be si des 'O ther requ irem ents) if the duration of the ind iv iduat featu re values are ahnost iden ti-

cal. For com plete ly aggregated represen tations the duration Is irre levan t. A gain , partia lly aggregated represen tations

allow to con tro l the degree of im portance of duration of ind iv idual featu revalues.

In -add ition , as m entioned above, w e distingu ish betw een a sequen ,ce and a set represen tation . In a sequence represen-

ta tion ; the featu res are 'over iim ~ . If the featu re values are com puted for each fram e, ordering is scalar. T he ordering

becom es increasing ly ord im iL w ith increasing aggregation since w e allow the aggregation to be adap tive th roughout

the sho t. C ontn iry thereto , set represen tation ignores the tem poral o rder.'It on ly considers the am ount and degree of

sim ilarity betw een the featu re values. A t the h ighest level ,o f aggregation , bo th sequence and setrepresen tation

degrade to acom p1etely ' aggregated represen tation : the sho t is described by only one featu re value. '

T hein terdependencies am ong these th ree represen tations are sum m arized in F igure 4 . N ote that transitions are con-

tinuous. T he m eaning of the th resho ld value show n in thatfigure w ill be exp lained shortly . 'j

t < 0

t-too

non-aggregated

sequence descfip tion

. partia lly aggregated

set

.non-aggregated •.

. se tdeserip tion

streng th 6f

aggregation

im portance

of tem po-

ralo rder

im portance

of duration

. Figure 4: Interdependencies among the possible frame sequence representations. The

width of the arrows indicates the strength/importance of its describing attribute.
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5.2.1 Sequence Representation

Non-aggregated Sequence

The aim of tbis representation is to preserve the precise temporal development of a shot. Therefore, a shot is repre.

sented by. the sequence of the feature values calculated per frame. Then, each value is regarded as a eharaeter, the

domain of possible values as an alphabet, and the sequence of characters as astring . Two sequences can now be com-

pared by applying weIl-known string searching algorithms suchas the approximate substring matching and longest

common subsequencesearch. They are defined as Iollows:

. ApPROXIMATE SUBSTRING MATCHING: Given a query string A of length P and a longer subject string B of length N,

the approximate substring matching asm(A,B) finds the substring of B that aligns with A with minimal substitutions,

deletions and insertions of characters [15]. The minimal number of substitutions, deletions and insertions transform-

ingA into B is called the minimal distanee D between A and B. A cast of 1 is assigned to deletions and insertions,

while the cost of transforming a character from a to b is weighted by the normalized distance multiplied bY2. This

metric is called the edit distanee.

The usage of the similarity measure between two feature values as the variable cost function forsubstitutions allows

the ranking of two sequences with respect to similarity. Two sequences A and Bare regarded as identical if the mini-

mal distance D between query string A and subject string B does not exceed the threshold tASMJ and as completely

different if it exceeds the threshold tASM2' These thresholds are used to construct the normalized feature distance

function and are determinedempirically. In oULexperiments they are 'set to 5% and 90%, respectively, of the length of

the query string A.

LONGEST COMMONSUBSEQUE!'.)'CE: Given two strings A and B of length M and N, respectively, their longest common

subsequence les(A,B) of A and B is the longest subsequehce which is common t6 both strings [15]. This algorithm is

used to determine the parts two strings have in com~on,as weIl as to evaiuate their similarity by the length of the

Ics(A,B), denoted Iles(A,B)1. The maximum of Ilcs(A,B)1 is the minimum of lAI and IBI.Thus the distance measure is
~~u . .

1 _ Ilcs(A, B)I

, min(IAI,IBI)

It is 0 if the shorter sequence is a subsequence of the longer one and.l if they have nothing in com'mon. Since identi-

cal subsequen'ces carning from different video sources Me likely to differ in the precise feature values and, in addi-

, tion, we also want to retrieve similar scenes, subsequences are allowed to differ from each other up to a threshold tLCS

which was empirically set to 5% of min(lAI, IBI). Hence, small differences are tolerated within the les. Again, in our

,experiments the parameters of the normalized distance function are setto 5% and 90%.

Both normalized sequence measures, one based onJhe asm and the other on the [es, have their own strengths and

weaknesses. The asm measurejudges similarity based on the whole shorter string, i.e. nothing is left out ofthe com-

parison, while th'e les m~asure uses only the longest common subsequence and sets its length inta relation to the

length of the, shorter string. Therefore, the asm is usuallymore appropriate in query-by-video sampIe applications

where the query video contains only and all aspects import~nt to the user. Moreover, the computation of theasm is

less expensive than that of the les. ,Both measures also determine the position of the subsequences' which led to that

distance judgement, an aspect important to the presentation of the result list in query-by-~ideoapplications.

Examples of ge~eric questions which can be answered by the asmand the les with respect to same feature in the case

of non-aggregated sequences are:

• Ar~ two shots identicaJ?

• Is one shot a subsequence of the other?

• Do two shots have a subsequence in common?

This information has many useful applications./Por instance,

• the CCV feature can be used to automatically set up hyperlinks between identical shots ~uch as
. .
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b e tw e e n o r ig in a l n ew s fo o ta g e f rom n ew s a g f :l le ie s b ro a d e a s t a t d if fe re n t t im e s o n d if fe re n t e h a n n e J s

d u r in g n ew se a s ts , ,

• th e lig h tn e s s o r l ig h tn e s s d if fe re n e e fe a tu re u se d to g e th e r w ith a fa d e s e q u e n e e a s th e q u e ry s e q u e n e e

e a n b e u se d to re tr ie v e o th e r fa d e s e q u e n c e s w ith s im ila r a b so lu te o r re la t iv e tem p o ra l c h a n g e s in lig h t-

n e s s , a n d

• , th e s im ila r i ty b e tw e e n fa c e s a n d th e ir p o s it io n s c a n b e u se d to d e te rm in e a ll s h o ts in a v id e o d a ta b a s e

sh ow in g th e s am e "p e rso n (s ) i~ a sp a tia l a n d tem p o ra l s e tu p s im ila r to th o se in th e q u e ry sh o t.

N o n -a g g re g a te d s e q u e n c e s d o n o t to le ra tem a jo r d e v ia tio n s in th e ra te a t w h ie h a fe a tu re d e v e lo p s . T h e re fo re , in m o s t

e a s e s p a r t ia l ly a g g re g a te d f ram e se q u e n c e s a re m o re a p p ro p r ia te .

Partially Aggregated Frame Sequence

T h is re p re s e n ta tio n a im s to p re s e rv e th e ro u g h tem p o ra l d e v e lo pm en t o f a " sh o t b y m e an s o f a few re p re s e n ta tiv e

f ram e s , so -c a lle d r-fram~s. T h e le v e l o f" ro u g h n e s s " e a n b e c o n tro lle d . T h e le s s im p o r ta n t th e p re c is e tem p o ra l su c -

c e s s io n o f th e f ram e s is , th e few e r r - f ram e s a re n e e d e d . In ,o u r w o rk , tem p o ra l p re c is io n is c o n tro lle d b y th e m ax Im um

a llow ed fe a tu re d is ta n c e b e tw e e n tw o c o n tig u o u s r - f ram e s , sp e c if ie d b y thresholdteature' S im u lta n e o u s ly th e v isu a l

p re c is io n o f th e re p re s e n ta tio n o f th e s e q u e n c e d e c re a s e s w ith th e in c re a s e ' o f th e th re sh o ld s in c e e a c h r~ f ram e c o v e rs

a la rg e r a re a o f to le ra te d "v isu a l" d if fe re n c e s . T h e u se o f a n e g a tiv e th re sh o ld re su lts in a n o n -a g g re g a te d s e q u e n c e

re p re s e n ta tio n . N o te a lso th a t ? th re sh o ld o f z e ro a g g re g a te s s t i l l - im ag e se q u e n c e s .

G iv e n a sh o t S c o n s is t in g o f n f ram e s !J , i •• ,fn a n d th e m ax im um a llow ed fe a tu re d is ta n e e b e tw e e n tw o r- tram e s b y

thresholdje~ture' r - tram e s a re g e n e~ a te d a s fo llow s : '

1. i:= 1 ; rNo := 1 ; rFramerNo :=h

2. w h ile ( ( i < = n ) & & (dlstance(rFramerNo,j) < ( 0 .5 * thresholdteature))

2.1. i+ + '

3. rFramerNo:= h-J

4. w h ile ( i< = n )

4.1. i f (distanee(rFramerNo,fi) > ( 0 .5 *thresholdteature))

rN o + +

rFramerNo :=fi

4.2. i++

" '

T h e a lg o r i th in ,is v isu a :I iz e d in F ig u re 5 .

distance(referenceFrame~etNo' fi) > ( b .5 * threshol1teature)

Figure 5: The r-frame generation process

N o te th a t fo r e a c h fe a tu re o r fe a tu re c om b in a tio nw e d em an d a n in d iv id u a lre fe re n c e f ram e se le c tio n p ro e e s s . V e ry

o f te n r - f ram e s 'a re s e le e te d a s a v isu a l a b s tra c t fo r u s e rs a n d th e n a f te rw a rd s m is -u s e d fo r fe a tu re e x tra c tio n . F rom th e

fe a tu re s ' p o in t o f v ie ~ th is tw o -s te p a p p ro a c h w irh d if fe re n t g o a ls in d if fe re n t s te p s is l ik e ly to c a u se m an y e r ro rs

s in c e th e T -f ram e s s e le c tio n p ro c e s s is n e ith e r ta i lo re d to n o r su ite d fo r m o s tfe a tu re s .

E m p lo y in g a p p ro x i.m a te s tr in g m a tc h in g th e fo llow i~ g q u e s tio n s c a n b e a n sw e ;e d

• Is o n e sh o ta s low m o tio n o f th e o th e r? (u s in g C C V )

• I f th e q u e ry s e q u e n c e is a fa d e - in s e q u e n c e , f in d a ll fa d e ~ in s e q u e n c e s in , th p d a ta b a s e , in d e p e n d e n t o f
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th e ir p rec ise tem p o ra l d ev e lo p m en t (u s in g lig h tn es 's ) .

• F in d an sh o tsw h e re p e rso n s m o v es s im ila r to th e o n e in th e cu rren t sh o t (u s in g th e p o s itio n o f fro n ,ta l

face s).

5 .2 .2 S e t R ep re sen ta tio n .

T h e a im o f th is m o d e l is to p re se rv e th e static co n ten t o f a sh o t b y m ean s o f a few rep re sen ta tiv e fram es . T em p o ra l

d ev e lo p m en t an d tem p o ra l o rd e r a re o f n o in te re s t h e re . O b v io u s ly , if w e a re to le ran t in c la ss ify in g s im ila r fram es

. th e re is n o n eed to \lse an fram es . O n th e o th e r h an d , o n e r-fram e p e r sh o t w ill n o t su ffic e . B y em p lo y in g th e r-f .ram e

. g en e ra tio n p ro cess in tro d u ced in S ec tio n 5 .2 .1 an d d ep ic ted in F ig u re5 , rh e d is tan ce b e tw een so m e re fe ren ce fram e

o f S ] a rid S 2 w ill !Je a t m o st 2*threshold(eature if th e d is tan ee b e tw een so m e fram e in sh o t S ] an d so m e fram e in S 2 is

le ss th ~ m o r eq u a l to thresholdfeature' A s a re su lt, w e lo se so m e p ree is io n b y eo n een tra tin g o n ly o n th e re fe ren ee

fram es , w h ile red u e in g s ig n ific an tly th e co m p u ta tio n a l eo s t o f eo m p ariso n an d s to rag e .

G iV en {W O sh o ts 1.] = U:' ..., f~} an d 5 z = ui, ..., f~} a rid th e ir re sp ee tiv e r-fram e , se ts R)

,R z = . i2 ' ..., i2 ; th ey a re co m p ared b ased o n th e fo llo w in g se ts
rl rk

R] n Rz= { t~[i E {r:, , r~} , j E { ri, , ;~ } , dis tance(fi' fj) ::::;,2 ' threshO ldfeature}

RZnR) = {f~[iE {r:, ,r~},jE {r;, ,rJ,distance(fi,f;> ::::;2 .thresholdfeature}

'N o te th a t R] n R z d o es n o t sp ee ify th e u su a l se t in te rsee tio n an d is n o t co m m u ta tiv e .

= { /\, " ', f\}" an d
'1 '1

T ~ d e riv e a n o rm a lized d is tan ee m eäsu re fo u r ca se s h av e to b e in v es tig a ted :

I . F o r ev e ry re fe ren ee fram e o f sh o t S 1 w e can fin d a t lea s t o n e s im ila r re fe ren ee fram e o f sh o t S 2 an d v i ce v e rsa ,

i.e . (R] n Rz = R I) 1\ (Rz n R} = Rz). T h u s , th e tw o sh o ts a re id en tiea l w ith re sp ee t to th e s ta tic fea tu re .
, .

2 . F o r: ev e ry re fe ren ce fram e o f sh o t S 1 w e can fin d a t lea s t o n e s im ila r re fe ren ce fram e o fsh o t S 2 , b u t fo r so m e re f-

e ren ee fram es o f S 2 w e d m n o t fin d a s im ilä r o n e in S1, i.e (R] nR z = R
1
) 1\ (R

z
n' R ) eRz). T h u s , S 1 is a su b se t

o f S 2 w ith re sp ee t to th e s ta tie fea tu re .

3 . F o r ev e ry re fe ren ee fram e o f sh o t S 2 w e ean fin d a t lea s t o n e s im ila r re fe ren ce fram e o f sh o t S1, b u t fo r so m e re f-

e ren ee fram es o f S 1 w e can n o t fin d a s im ila r o n e in S2, i.e . (R] n Rz e R I) 1\ (R
z

n R] = R
z
) . T h u s , S 2 is ä su b se t

o f S 1 w ith ,re sp ec t to th e 's ta tic fea tu re .

4 . T h e re ex is ts a t le a s t o n e re fe ren ee fram e fo r S 1 an d S 2 th a t is n o t s im ila r to an y re fe ren ee fram e o f th e o th e r sh o t,

i.e . (R] nRZeR])I\(R
z
nR] eRz) ..

B ased o n th ese fo u r ea se s tw o .n o rrn a liz ed d is tan ce m ~ asu re s a re d e fin ed : A n asy m m etrie d is tan ce b y

. IR] nRzl

dlstasym (Rp Rz) = 1 - . IRJi

an d a sy m m etrie d is tan ee b y

. . .' IR]nRzl+ IRZnR)1

dtst,ym (R); Rz) = 1 - I I I I
' R) + Rz

T h ey a re 0 if R] an d R2 a re .id en tiea l an d 1 if th ey h av e n o th in g in eo m m o n .N ü te th a t th e to ta l tem p o ra l d u ra tio n o f

th e fea tu re v a lu es in flu en ees th e re su lt to S O m e ex ten t. If th e tem p o ra l d u ra tio n .sh o u ld b e ig n o red th e n o rm a lized d is -

tan ees m ay b e d e fin ed as th e m in im u m o f an p a ir-w ise n o rm a lized d is tan ees b e tw een an e lem en ts o f R] an d R
2
:

dist(R], Rz) = rnin{dfeatareCr], rZ )lr] ER], rz ERz} )

5 .2 .3 C o m p le te ly A g g reg a ted S e t o r S eq u en ce

T h is rep re sen ta tio n d ese rib e s a sh o t a s o n e eo m p le te ly ag g reg a ted u n it. A s m en tio n ed ab o v e , th e re is n o d iffe ren ee

b e tw een th e eo m p le te ly ag g reg a ted seq u en ee an d se t rep re sen ta tio n . C h a rae te ris tie fea tu re s 'a re o n ly co m p u ted fo rth e

. eo m p le te sh o t. T h ey m ay re su lt fro m th e seq u en ee o r se t rep re sen ta tio n b y se ttin g th e fea tu re th r~ sh o ld to in fin ite .

A n o th e r p o ss ib ility m ig h t b e to u se th e sh o t lab e llin g ap p ro ach p ro p o sed in [2 1 ]. A ll in fo rm a tio n is eo n ta in ed in a s in -
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g le fea tu re va lu e . T he sho ts a re com pared d irec tly by th e fea tu re 's no rm alized d is tan ce func tion .

B y rriean s o f th e fea tu res desc rib ed in S ec tion '4.1 th e fo llow ing sho t in fo rm a tion can be ex trac ted and com pared :

• type o f s ta tic fram ing (long sho t, Am erican sho t, m ed ium sho t, do se -up ),

• type o f m ob ile fram ing (i.e . dom inan t cam era opera tion ),

• am oun t o f ac tion (m o tion in ten sity ),

• s treng th o f ave rage lum inance (ligh tn ess),

• sho t leng th , and

• num ber and lis t o f/aces .

5.3 At Scene Level

A scene can be rep resen ted as a sequence o r se t o f fea tu res a t som e agg rega tion leve l, too . T he basic un its (o r cha rac -

te rs in s tring m atch ing te rm ino logy ), how ever, a re th e sho ts . T hey in tu rn a re com pared based on th e concep ts d eve l-

oped in S ec tiön 5 .2 , re su lting in a recu rs iv ecom pu ta tion schem e .

E xam p les o f que rie s th a t can easily be fo rm u la ted a re : F ind a ll fram e sequenc ;es w h ich a re s im ila r to '

• a ce rta in spa tia l'Iayou t o f fron ta l faces over th e cou rse o f tim e (e .g . a 'd ia log w ith speake r A . to th e le ft

o f th e im age cen te r in sho t land 3 and speake rB to th e 'righ t o f th e .im age cen te r in sho t 2 and 4 ), ,

• a g iv en d ia log w ith spec ificp eop le ,

• a typ ica l sho t leng th pa tte rn (e .g . a scene w ith sho ts o f d ec reas ing leng th from H itchcock 's "T he

B ird s"),o r .

• a typ ica l ac tion pa tte rn (e .g . a scene o f a lte rn a ting ca lm and ac tion -lo aded sho ts).

S ho t leng th aJ .1dac tion pa tte rn s a re o ften summ arized under th e te rm film rhy thm .

5.4 At.Video Level

A t th is lev e l' fram e sequencescon sis ting o f seve ra l scenes up to fu ll v id eo p roduc tion s such as fea tu re film s, docu -

m en ta rie s , s itcom s, e te . a re com pared . Q l,le s tion s o f th e fo llow ing type can be an sw ered :

• If bo th inpu t V Ideo s a re d iffe ren t v e rs ion s o f th e sam e fea tu re film , w ha t a re th e d iffe rences? T h is is a

reasonab le question sin ce fo r m any fea tu re film s o rie can find , sho rt and longvers ion s as w eIl a s sp ec ia l

v e rs ion s ed ited fo r v id eo casse tte s , a irlin es and coun trie s .

• If tw o v id eo s ,h ave seve ra l sho ts o r scenes in comm on , do th ese appea r in th e sam e tem po ra l sequence

o r is th e tem po ra l s tru c tu re com p le te ly d iffe ren t, p e rh ap s ind ica ting a re -pu rpo sing o f ex is ting m ate -
, .

ria l?

• 'W ith rega rd tö th e cha rac te ris tic sho t p a tte rn s found a t th e scene leve l, do tw o v id eo s sha re a s im ila r

, tem po ra l s tru c tu re?

W e use tw o no rm alized m easu res : th e correspondence measure and th e re"se~uencing measure. C onsid e r tw o v id eo s

video J and video2 g iv en by th e ir lis t o f en titie s EI = (E:"", E~ ) and E
2

= '(E1" .. , E~ ) , re sp ec tiv e ly . T he en titie s can
I 2

e ith e r b e th e sho ts O r th e scenes com posing th e v id eo . In p rin c ip le , th e en titie s cou ld a lso rep resen t th e ind iv idua l

, fram es, though a t th a t lev e l th e ir con sid e ra_ tion does no t seem to m ake m uch sen se and is th e re fo re om itted he re .

, ,

In a firs t s tep , th ee iltitie s a re com pared aga in s t each o th e r in o rd e r to con stru c t a g raph w here nodes rep resen t en titie s

and edges en titie s s im ila r w ith respec t to som e fea tu re . Tw o en titie s a re con sid e red to be sim ila r if th e ir fea tu re d is-

tan ce is b e low a spec ified th resho ld (see sam p leg raph in F igu re 6 ). T hen , th e fo llow ing u se fu l m easu res can be com -

pu ted :

CORRESPONDENCE M EA SURE : The co rrespondence m easu re spec ifie s th e pe rcen tage o f th e en titie s o f video J w h ich

a re s im ila r to en titie s in videoz. It is fo rm a lly de fin ed as '

lEI (l E
2

1

Correspondence(video1, video2) = ---

IEII
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video],

// coun t th e num ber o f re -o rd e rin g s found

// coun t th e num ber o f o rd e r ag reem en ts

// in d ice s in to video] and video2; po in tin g to th e firs t en tity

Figure 6: Similarity graph eonstrueted to ealeulate the eorrespondenee measure and the re-sequencing

measure

w ith lEI n E
2
1 deno tin g ~he ca rd in a lity o f th e se t o f en titie s o f £ ] fo r w h ich a t lea s t o n e s im ila r en tity cou ld b e found

in £2. N o te ag a in th a t th e co rre spondence m easu re is no t sy inm e tric ill, i.e . ex ch ang ing th e ro le s o f video] and video2

u su a lly ' a ffec ts its v ah ie . F o r ex am p le , if Correspondence(vide~ j> video2)=Ö .9 and Correspon-

dence(video2 ' v ideo] )= 0 .5 , th e conc lu s ion can be d raw n th a t video] is a sho rten ed ve rs io n o f video2 '

RE -SEQU ENC ING .T he re-sequencing m easure am ily zes w he th e r th e en titie s tw o v id eo s h ave in com m onappea rin th e

sam e sequence o r in a reo rd e red sequence : S uch a m easu re C an be u sed ,. fo r in s tan ce , to judge w he th e r som e v id eo

sou rce m a te ria l h as b een com p iled in a con ten t- , con tex t- and s tru c tu re -p re s t1 rv ing m anne r. A low re -sequenc ing .

v a lu e ind ica te s th a t th e m a te ria l is m a in ly u sed in its o rig in a l s tru c tu re , th u s p re se rv ing th e con ten t and con tex t; a h igh

re -sequenc ing va lu e s ign a ls th a t th e con tex t o f th e sho t h as b een changed by ed itin g . M ost p rob ab ly th is w ill re su lt in

a n ew con ten t; th u s , a h igh re -sequenc ing va lu e can ind ica te a re -pu rpo s ing o f th e sou rce m a te ria l. T h e re -sequenc ing

m easu re is ca lcu la ted as fo lIow s:

1 . coun tR eO rderings:= 0

2. coun tO rderAgreem ents := 0

3 . i] := 1 ;i2=1

4 ." w h ile (i2 <=N2)

4.1. i2 := f in d ind ex o f n ex t en tity o f video2 lin k ed to video] s ta rtin g from i2

4 .2 . iiem p := f in d ind ex o f ea rlie s ,t lin~ ed en tity in video] to i2 s ta rtin g from i]

4 .3 . if (item p == 0)

coun tR eO rderings++ ; .

i] := f in d ind ex o f ea rlie s t cön~ ec ted en tity in video] to i2 ; .

e lse

coun tO rderAg reem ents++ ;

4 .4 . i]:= i1em p+ 1

5 . R esequencing(video], v ideo2) = coun tR eO rderings / (coun tR eO rderings + coun tO rderAgreem ents)

T he a lgo rithm de te rin in es th e [ium ber o f m in im um re la tiv e re -o rd e rin g s n ecessa ry to tran sfe rth e sequence o f c ro ss-

v id eo -lin k ed en titie s o f video] in to a sequence w ith th e sam e o rd e rin g as th e sequence o f c ro ss-v id eo -lin k ed en titie s

o f video2 ' In th e w o rs t ca se , th e o rd e rin g is rev e rsed , re s liltin g in N -l re -o rd e rin g s . T he m easu re ranges from 0 (sam e

o rd e rin g ) to 1 (rev e rsed o rd e rin g ). A n exam p le is g iv en in F igu re 6 : T he th ick lin e s show th e edgesse lec ted by th e

a lgo rithm . N o re -o rd e rin g w as necessa ry . .
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SET AND SEQUENCEREPRESEN TAT ION :O bv iou sly , th e se t and sequence a lgo rithm s are a lso app licab le . In th is case

app rop ria te sho t and scene rep resen ta tion a re con sid e red aS .th e basic 'un it p r cha rac te rs and th e co st o f tran sfo rm ing

.. th ese fea tu res is g iv en by th e no rm alized d is tan ce be tw een th em . Fo r in s tan ce , g iv en a tra ile r o f a m ov ie , th e o rig in a l

fea tu re film can be found by u sing th e sho t se t rep resen ta tion and com paring sho ts b ased on a non -agg rega ted .se t rep -

resen ta tiono f CCV s. -

6 Combining Features into a Query

E ach fea tu re cap tu res on ly a spec ific aspec t o f a v id eo fram e o r v id eo sequence , and is u sua lly no t su ffic ien t to

desc rib e th e s im ila rity judgem en t desired by an inqu ire r. T here fo re , seve ra l fea tu res a re u sua lly com b ined to a new

fea tu re in a query to cap tu re th e desired sim ila rity judgem en t m o re accu ra te ly .

A new fea tu re and its d is tan ce m easu re is d e fin ed e ith e r by a log ica l exp ress ion o r by a w eigh ted sum of ex iting fea -

tu res and th e ir no rm alizedd is tan ce m easu res .T he w eigh ted sum allow s to fo rrrm la te querie s su ch as: "F ind a ll sho ts

, w h icha re s im ila r to th e query v id eo w ith respec t to th e ECR and CCV . T he im po rtance o f ECR is 30% and o f CCV ,

70% . T h is m ethod ö f com b in lng fea tu re is o ften u sed in .im age re triev a l d a tabase sy stem s (e .g . [4 ] and [5 ]). L og ica l

exp ress ion s o f fea tu res a llow sim ila r que rie s .S in ce th e m em bersh 'ip func tion s a re inve rted here , un lik e u sua l m em -

bersh ip func tion s (a va lu e o f 0 stand s fo r fu lly be long ing to th e se tin s tead o f a va lu e o f 1 ), a log ica l A ND is .d e fin ed

äs th e m ax im um over a ll d is tan ce va lu es o f th e d is tan ces o f th e va riou s fea tu res ,and a log ica lO R as its m in im um . 'A

log ica l N O T rem ain s one m inu s th e d is tan ce va lu e .

C u rren tly , th e u se r h as to spec ify th e m ethod o f com b ina tion . In fu tu re , w e w ill p rov id e a se t o f p re -d e fin ed com b ina -

tion s fo r sp ec ific sem an tic dom ain s .

7 Experiments

7.1 Methodology

The perfo rm ance o f any index ing and te triev a l sy s tem is u sua lly m easu red by its reca ll and p rec is ion va lu es : In ou r

case , recal! sp ec lfie s th e ra ti~ o f th e num ber o f re lev an t v id eo sequences .found to th e to ta lnum ber o f re lev an t v id eo

, , sequences in th e da tabase . Precision sp ec ifie s th e ra tio o f th e num ber o f re lev an t v id eo sequences to th e to ta l num ber

o f re tu rn ed ~ id eo seq iIences .. S in ce in ou r experim en ts th e sea rch resu lt lis t a lw ay s con sis ts o f th e ten m ost s im ila r

v id eo sequences , th e de fin ition o f p rec is ion here is changed in th e case w here a ll re lev an t v iq eo sequences in th e da ta -

b ase a re re triev ed . In th a t case p rec is ion is d e fin ed as th e ra tio o f th e nu m b er o f a ll ,re lev an t v id eo 'sequences to th e

rank o fth e leas t re lev an t v id eo sequence in th e resu lt lis t. T he g ro l,lnd tru th , i.e . th e dec is io ri w he th e r a v id eo sequence

is re lev an t o r no t, h as to be de te rlT lin ed by hu in an s . N a tu ra lly th e m easu re fo rre lev ance is th e hum an sim ila rity judge-

m en t.

A na logou s to th e eva lu a tion o f pe rfo rm ance o f im age o r tex t d a tabases ten s o f thou sand s o fsho ts and scenes a re

needed to eva lu a te th epe rfo rm ance o f any v id eo com parison a lgo rithm s re liab ly . U n fo rtuna te ly , bu ild ing up such a

la rg e v id eoda tabase and de te rm in ing th e g round tru th p resen tly exceed s th e po ss ib ilitie s o f ou r m u ltim ed ia lab . T hu s

w e had to res tric t ou r experim en ts to a .m uch sm alle r d a tabase .

7 .2 ' Setup ,

Thep ropo sed recu rs iv e com parison schem e as w eIl a s a ll fea tu re com pu ta tion s have been im p lem en ted inC ++ using

its tem p la te m echan ism . E xperim en ts w ere pe rfo rm ed w ith th e fo llow 'ing se tup :

D A TABA SE .T he v id eo da tabase con sis ted o f 4 hüu rs o f v id eo from variou s sou rces . T hey w ere d ig itized from G erm an

TV as M -JPEG of size 360x270 . In de ta il, th e v id eo da tabasecon sis ted o f th e fea tu re film s "G roundhog D ay" and

"T rue L ies" , th e new sC ast "T agesschau " , th e se rie s "B ayw atch " as w eIl a s seve ra l TV comm erc ia ls and liv e conce rt

reco rd ing s . F o r each o f th em w e ca lcu la ted th e fea tu res lis ted inS ec tion 4 .1 and sto red th em in a la rg e da tabase file .

O ne o f th ese v id eo s , n am ely "G roundhog D ay" , is , v e ry pecu lia r and very w eIl s iIited fo r eva lu a ting ou r a lgo rithm s: It

con sis ts o f m any very sim ila r bu t no t id en tica l scenes repea ting th roughou t th e w ho le m ov ie .
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QU ER lE S . In p rep an itio n fo r o u r ex p e rim en ts w e w a tch ed a ll.th e v id eo s sev e ra l tim es an d m ad e a no te w hen ev e r w e

,th o ugh .t,w e saw sim ila r sh ö ts o r sc en e s w ith re sp ec t to som e fea tu re , B a sed on th e se v id eo seq u en ce s w e con s tru c ted
. .. ., ' .. .

f iv e q u e rie s a t th e sh o t lev e l an d on e qu~ ry a t th e ,sc en e lev e l. T h ey a re lis ted , in T ab le 1 . A ll q u e ry seq u en ce s w e re '

tak en from "G roundhog D ay " .

Q u e ry 6 D ia lo g b e tw een th e m a in ac to rs

Q u e ry 4

Q ue ry 5

bu ild in g on th e s tre e t w ith a red and w h ite s tr ip ed aw n in g in

, th e fro n t '

m a in ac to r lo o k s d ow n th e s tre e t o u t o f th e w in dow

m a in ac to r lo o k s d ow n th e s tre e t O U t o f th e W indow

ccv

ccv

sh o t 2 cvv

sh o t 2 . ccv +

m o tio n

scen e 10 face p o s itio n

Table 1: L is t o f q u e rie s

7.3 Results

T he exp e rim en ta l re su lts w ith n on -ag g reg a ted v id~ o seq u en ce rep re sen ta tio n s :( i.e . w ith a fe a tu re th re sh o ld le ss th an

ze ro ) a re sum m ariz ed in T ab le 2 and th o se w ith a fe a tu re th re sh o ld o f 0 .5% o f th e m ax im a l p o ss ib le fe a tu re d is tan ce

in T ab le3 . T h ey sh ow tw o p ro p e rtie s : F irs tly , th e seq u en ce rep re sen ta tio n p e rfo rm s b e tte r o n~ equ en ce s w ith m o tio n

s in ce it tak e s th e tem po ra l d ev e lo pm en t in to aC ,co un t. F o r ca lrr i ~ cen e s , h ow ev e r, th e ,se t an d ,seq u en ce rep re sen ta tio n s .

p e rfo rm sim ila r 0 1 1 ou r q u e rie s . S eco nd ly , th e re 'se em to b e no d iffe ren ce in re tr iev a l 'p e rfo rm an ce fo r n on -ag g reg a ted

and s lig h tly ag g reg a ted seq u en ce s . . ,

Q u e ry 1

Q ue ry 2

Q ue ry 3

Q ue ry 4

Q ue ry 5

Q ue ry 6

Table2: E xp e rim e n ta l re su lts w ith threshol~t'eature < O,a] = 0 ; a2= 1 0 % .

Q ue r) ' l '

Q u e ry 2

Q ue ry 3

Q ue ry 4

Q ue ry 5

Q ue ry 6

Table 3: Experimentalresultswiththresholdfeature = 0 .5 % o f m a x im a lp o ss ib le fe a tu re d is ta n ce , a] = 0 , a2 = 1 0 %

. D u rin g ou r ex p e rim en ts w e ob se rv ed th a t th e re su lts o f th e v id eo com pa riso n a lg o rithm s im p ro v ed w ith th e s iz e o f '

th e d a tab a se . T h is su g g e s ts th a t th e 'p ro p o sed a lg o rith J? s ' a re ap p ro p ria te fo r la rg e v id eo ,a r~ h iv e s o f th o u san d o f h ou rs .
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-8 Conclusion

We have proposed a general method forsimilarity rriatching of video sequences of different length~ andat differen't

, levels of tempOI;al resolution.Four levels are considered: frame, shot, scene and video. At each level. the features of

the level of higher temporal resolution are employed, leadingtoar~cursively definedvideo sequence similarity mea-

sure. The temporal ordering and duration canbe fully controlle.d bythe user via the type of representation (sequence

or set) and the level of aggregation (non"aggregated, partially aggregated or completely aggregated). At the video

level we have also introducedtwo new specialized comparison metrics: the correspondence and resequencing mea-

sure. Moreover, we showed how a feature's distance measure can be easily adjusted to the actual desired simi1arity

judgements of auser. .

The experimental results on our video database ofJourhours of video are very promising. Theexperiments suggest

that the proposed algorithms scale with the size of a video database with respect toretrieval quality. Inthenext few

y"ears we plan to build up a large database of thousands of hours of video with some broadcasting stations. This will

enable us to evaluate the proposed and other vjdeo comparison schemes more thoroughly.

denerally, videos are audio-visual streams. In this paper we have concentrated on the visual p:lrt only. Gur approach

is general enough to be used for an AudioGREP or an AudioVisualGREP. Assuming that audi6 features such as

amplitude, frequency, pitch, onset and offset are available togetherwith their distance measures the AudioGREP

would work just like the VideoGREP.For instance, given an explosionas the query audio, otherexplosions can be

retrieved from an audio database [10]. Therefore, we plan to add audio features to our VisualGREP resulting in an

Audio VisualGREP. .
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