Automatic Video Event Detection and | ndexing FlIELD OF
I NVENTI ON This invention relates generally to the
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particularly to video event detection and indexing.
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20  Other video indexing systems tend to engineer the analysis process with very specific
domain knowledge to achieve more accurate object or/and event recognition. The
kind of highly domain-dependent approach makes the production process and
resulting system very much ad-hoc and not reusable even for a similar domain (e.g.
another type of sports video).

25
Most event detection methods in sports video are based on visual features. However,
audio is also a significant part of sports video. In fact, some audio information in
sports video plays an important role in semantic event detection. Compared with
research done on sports video analysis using visual information, very little work has

30 been done on sports video analysis using audio information. A speech analysis
approach to detect American football touchdowns has been suggested. Actual

keywords, spotting and cheering detection were applied to locate meaningful
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extracted from a video. A label is associated with each frame according to the
measured amount of the dominant feature, thus forming multiple frame-label

sequences for the video.

25  According to Published EP Patent Application EP 1170679 A2, a given feature such
as color, motion, and audio, dynamic clustering (i.e. a form of unsupervised learning)
is used to label each frame. Views (e.g. global view, zoom-in view, or close-up view
in a soccer video) in the video are then identified according to the frame labels, and
the video is segmented into actions (play-break in soccer) according to the views.

30 Note that a view is associated with a particular frame based on the amount of the
dominant color. Label sequences as well as their time alignment relationship and

transitional relations of the labels are analyzed to identify events in the video.
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and visual features with predetermined audio and visual keywords; identifying the
audio and visual keywords associated with the video footage based on the
comparison of the extracted video and visual features with the predetermine audio
and visual keywords; and determining the presence of events in the video footage

25  based on the audio and visual keywords associated with the video footage.

The method may further comprise partitioning the image signal and the audio signal
into visual and audio sequences, respectively, prior to extracting the audio and visual
features therefrom.

30

The audio sequences may overlap. The visual sequences may overlap.
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The machine learning methods used to establish the relationships may be
unsupervised, using preferably any one or more of: c-means clustering, fuzzy c-
means clustering, mean shift, graphical models such as an expectation-maximization

algorithm, and self-organizing maps.

The machine learning methods used to establish the relationships may be supervised,
using preferably any one or more of: decision trees, instance-based learning, neural

networks, support vector machines, and graphical models.

The determining of the presence of events in the video footage may comprise
detecting video events according to a predefined set of events based on a

probabilistic or fuzzy profile of the audio and video keywords.



detecting video events according to a predefined set
of events based on a probabilistic or fuzzy profile of
wa besatd9o and vi deo keywords. To effect the  PCT/SG2005/000029
determ nation, relationshi @ between the audi o and
vi sual keyword profiles and the video events may be
pr eyi e 1 shed. a S .
BB o S @ AL el s BB Rl SEE LR eyword
mayrditesgund\thovidey ewenitsxhhy bépviouslyreaablished! ear ni ng
nmet hods. The machi ne | earni ng nmet hods used to
establish the rel ati onshi ps between audi o vi sua
ke r td<e i ;event s ;
or RSBt BEeh WACRRUE 0L PRI ord profles and he video
5 us evatsuphy beaprevivaislysstabhshedwishinachinelzamingmetbodsods
used may be techniques fromsyntactic pattern
recognition, preferably using attribute graphs or

St b afdchiedle IR fethbds used R eitaBliski the' RblafiGRhipsBetWdh audio-
be conpared with visual keywords and extracted audi 0

f eaisunldecysmord prafilesr and viden exands mak dgvispbibilistic-based. The machine
| nHeRRRS Sl Blay 536 DraBh B moddle Sxtracted audi o and
vi Stual features y Betconpared in a synchronized

10manner with respect to a single set of audio-visua
keﬁﬂprds..The nmet hod may further conprise normalizin
and ¢

dBesiing lesgning dnetheds, peedymaynh ke (tecdmiques drom rfantacgc pattern

R GEREGR, AP S P OrRIATR At l?

fuzzy profile. The normalization of the outcone of the

conpari son robabi ljstic. The.nornal|zatiqn o

© nd e Gl Heuel et g ororiiayed Su el kfvordh atd extracted
15 T uBGdib Bhturk§H Sre ROMPRICH ZAtH RdiPkeyviRdLilERIBerfy dflt8ch other.

conpari son may be fuzzy, preferably using thé fuzzy
menber ship function. The outconme of the results of the
coppari son pbetween the tracted .features .and th .

g el ST SRLYH TS Y s Qbifstt g Grpnized manner
si Rithaeipeyr t0asatkle & onBidiedistmkeywokdier conpri se
transform ng the outcone of determ ning the presence
of events into a neta-data format, binary or ASCl I

20 Suﬁl@%&h&f) xtnagf %ﬁﬁ&vc%bpﬁse normalizing and reconciling the outcome of the

results of the comparison between the extracted features and the audio and visual

keywords into a probabilistic or fuzzy profile.

The normalization of the outcome of the comparison may be probabilistic.

25
The normalization of the outcome of the comparison may use the soft max function.
The normalization of the outcome of the comparison may be fuzzy, preferably using
the fuzzy membership function.

30

The outcome of the results of the comparison between the extracted features and the

audio and visual keywords may be distance-based or similarity-based.
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Figure 1 is a schematic diagram to illustrate key components and flow of the video

20  event indexing method of an embodiment.

Figure 2 depicts a three-layer processing architecture for video event detection based

on audio and visual keywords according to an example embodiment.

25  Figures 3A to 3F show key frames of some visual keywords for soccer video event

detection.

Figure 4 shows a flow diagram for static visual keywords labeling in an example
embodiment.

30
Figure 5 is a schematic drawing illustrating break portions extraction in an example

embodiment.
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recogni
adggihgdisual cues such as color histograms, intensity profiles, motion changes, etc.

Once an audio or video tracks have been segmented at step 102, suitable audio and
visual features are extracted at steps 104 and 106 respectively. For audio, features
such as linear prediction coefficients (LPC), zero crossing rates (ZCR), mel-
frequency cepstral coefficients (MFCC), and spectral power are extracted. For video,
features related to motion vectors, colors, texture, and shape are extracted. While
motion features can be used to characterize motion activities over all or some frames
in the video segment, other features may be extracted from one or more key frames,
for instance first, middle or last frames, or based on some visual criteria such as the
presence of a specific object, etc. The visual features could also be computed upon

spatial tessellation (e.g. 3 x 3 grids) to capture locality information. Besides low level
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In the example embodiment, learning of the mapping between audio features and

audio keywords and between visual features and visual keywords can be either

supervised or unsupervised or both. For supervised learning, methods such as (but

25 not limited to) decision trees, instance-based learning, neural networks, support

vector machines, etc. can be deployed. If unsupervised learning is used, algorithms

such as (but not limited to) c-means clustering, fuzzy c-means clustering,

expectation-maximization algorithm, self-organizing maps, etc. can be considered.

30 The outcome of the comparison at steps 108 and 110 between audio and visual
features and audio and visual keywords may require post-processing at step 116. One

type of post-processing in an example embodiment involves normalizing the
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de [ e i : ' .
roP e Bioilohl AT ARR dn Haftishe i} pRdblc @ Pigiee the mapping
f ubetmeen ¢ha saft prgsence o theedefmet eavdirbuidualdietywords and the targeted
exanmpl e e dj nent qf. the .inyentjon entails, the .

F oPYaBin 1B fctedlrdand iofgipd DT The desis e Ador Syent dtion ave
eV gahsflaledGhicoNsiaible AR Mta-Hata | Bithey iidl 8MaBy SNASCICformat, for
be detected and indexed are defined; 2. The "audi o and

vi Suae reteigvalr inghe examplde embedizieder ed rel evant to the

spati ot enporal makeup of the events are identified. 3.

The audi o and visual features that are likely to be

us ahtdxahple EmMBodifiefCHT M@ ifVention eAttills Qhe FslloMink ey@n &l steps to

that is those that are |ikely to correspond to such
aubpidd a system for video event detection and indexing:

1. The video events to be detected and indexed are defined;

2. The audio and visual keywords that are considered relevant to the spatio-
temporal makeup of the events are identified.

3. The audio and visual features that are likely to be useful for the detection of the
audio-visual keywords, that is those that are likely to correspond to such audio
and visual keywords, are selected;

4. The mechanism to extract these audio and visual features from video data, in a
compressed or uncompressed format, is determined and implemented. The
mechanism also has the ability to partition the video data into appropriate
segments for extracting the audio and visual features;

5. The mechanism to associate audio and visual features extracted from segmented

video and the audio and visual keywords obtained from training data, based on



and visual keywords, are selected; 4. The nmechanismto
extract these audio and visual features from vi deo

wa@l2at0a/p7659 a conpressed or unconpressed for mat, PABSG2005/000029
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determ ned and i npl enment ed10 The nechani sm al so has the
ability to partition the video data into appropriate

S€g m%ﬂf)é%'v{s%{ 0 ﬁﬁshﬁ&%is&? letal:}ﬁ %&dﬁoghﬂg Qetgf'n%ﬂ@cll arlflfﬁﬁiérggnted. The
5. The'frechani sSmT06 associ at®e audi’o” and Vi Sua

f eat uiethatixmmiot i@dlutie anosagatated saledidn camaightiggaudi o

and visual keywords obtained from trai niéwS 8dat a, based

on8upldemecbanisn g mapdbe gpdieand aisal ey wordsggthe Vidgo events, based
det erghl iR dr "BneiTRBlCPartchN G ORANRN SN YT, |<NakikAfined and

automatic feature - selection or weighting. 6.
me ¢ hampkmencedordjhe thost-prodéssing nechiasigal tokeymtids ot gyndheonize the

vi deo, events, based on statistical or syntactical .

pat t SEIFEROR SRR ShUG Ui Viua ey onfs aaca faslided:

i mp] erRntLting S theRRAlo MHIOEQRS koEnoT dRaRESMuifg the extracted audio
normal i ze or synchroni ze the detection outcone of the

audi andryisugl @a@resueymﬁed out fmdatlhs somputey eme,sematiqm@f these audio-
L L B 8, TGl HE RS PR ol sep b

usi ng visual
car I igadh®léarmidmbbel de@fmitedrin stepsesent ati on of these
audi o_vi syal keyword detectors Is saved. This is th

aved e
acBudiherteining of videp fiver deteshiop ysing theonteeme ©f the ayglio and visual
modelqelElort W Baticl bub AR Re BmpllP iRlditdiln A Hkd0ideo event
event detectlon using the outcone of the audio an
Vi sualetedtire i saved.i This atapi emiriesudutathel redvgnitmnpproesss as dictated by
repres%%ati on of these video event detectors is
saved®Pthi s step carries out the recognition process
as dictated by step 6. The above steps in the exanple
enbodi nent provide a V-shape process: top-down then
boTho abane. stdfiseinghe exasplalenthodonrit gmovde aHe-shdpsvrosstsssptop-down

results in an eratiqnal event .detection system as .
dofen bR RHTETRR Sicte s M ExegH R of e bt SpBisbhBidh pperational
| Ngkopt '&te@fioﬂ'sgﬁ&neéfseﬂépﬁgted\ i Figuret 1 Crediydb &rform detection and
illustrating the processing o i ) )
indexing of video events. A schematic diagram illustrating the processing
architecture for video event detection is shown in Figure 2, for the example
embodiment. There are 3 layers: features 300, audio and visual keywords (AVK)
302, and events 304. Features extracted from video segments are fed into learned
models (indicated at 306) of AVK 302 where matching of video features and model
features may take place and other decision making steps. Computational models

such as probabilistic mapping (indicated at 308) are then used between the AVK 302

and events 304.

To illustrate the example embodiment further, an example processing based on a

soccer video is described below with reference to Figures 3 to 5.

A set of visual keywords are defined for soccer videos. From the focus of the camera

and the moving status of the camera point of views, the visual keywords are



architecture for video event detection is shown in
Figure 2, for the exanple enbodi nent. There are 3
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302, and events 304. Featudks extracted from video

segnents are fed into | earned nodels (indicated at

30 tur

roder sty K25 O e TR LB Koy WoPBRT4BR, 6 @Rl visua
makéywebrdd @hble Honput ati onal nodel s such as

probabilistic mapping (indicated at 308) are then used

bet ween the AVK 302 and events 304. To illustrate the
exanpl e enbodi nent further, an exanpl e processing

based on a soccer—Vvideo-is—described belowwith
reference to RIKAYMOEN to 5 A set | ofARAreVIalion ey wor ds
are defined fqrFasuicweof whaletield From t he EWcus of the
canera and t hg RaoviemgpfdiaHfifiedd of t he caneFH poi nt of
vi ews, the vi JuRt vikeyofaudienes ecl assi fi edFAnto tywo

categories: stlafit Mn? BlinkmeWhOs | (Tabl gpl) an
dynam c vi sual I}ggtyvvords (Tabl e 2).|Table 1 Static

vi sual keywor @ & TCEer [vide rgures 3A
to 3F showthe}%fﬂera?éé“e\b%vpméone exenplcl%\rhg static

vi sual keywor gs—4 eetyely—tarrv-ew—of—audi-ence,
far view gf whHleseryl bYigW (ngjdefield) br j vi ew
from behi nd t HeClgssaup yigw(edge figld 1 vi evEFi nsi dé
field), and m|cClosereeviewdontsidener allly, "©OBr vi ey’
i ndi cat es that| fiehkd gane i s pl ayi ng/and no speci al
event happens so the canera captures the field from

far to show the whol e st tus of t M d. range

view' typi caTquE | Rtptic yisva W"b‘lﬁ‘g%ﬁiﬁ&@@éﬁg’é‘e%d

attack so that the canera captures pl ayers and ball to

fo t i I u |

t Aot TS A3 RO, B 8 ey S BelioBy o AR Reyworas
eveRpectivelye fgodew ofaudizhedsifak vieghcoh whbleaﬁeld,aﬁie rv&bw of half field,
captures the player cIo ely to follow their enptions
an¥iewdron hghmmﬂ goa ‘?ﬁed‘P\MI‘*s‘M sinside figkh-qad qaidirengg view.

for soccer videosln essence, dynam ¢ vi sual keywords

based on notion features in the exanpl e enbodi nent

i nGengtally “fersiev’bindichtes datrtiresggaments playimg aBdmerspedigl, eveiit happens

t he gl%rcrzeamlersa c!aptures the field from far to show the whole status of the game. “Mid

-

range view” typically indicates the potential defense and attack so that the camera
captures players and ball to follow the actions closely. “Close-up view” indicates that
the game might be paused due to the foul or the events like goal, corner-kick etc so

that camera captures the players closely to follow their emotions and actions.

Keywords Abbreviation
Still camera ST
Moving camera MV
Fast moving FM
camera

Table 2 Dynamic visual keywords defined for soccer videos



pl ay, the canera always follows the ball. If the gane
is in break, the canera tends to capture the people in

wao bwsgzset Hence, if the camera noves very faseCT/862005/000029
i ndicates that either the ball is noving very fast or
the players are running. For exanple: given a "far
Vi WL Ml de i A ' Ld :
. I keyh¥d$ BIRIGB o SR
in .8?%2%’&@%&2%8%@. s Sfayl rﬁigoaf]ha t e?%glrrréegr a itge example
f obmbodimgnt tendadol descfibe e camea’a motionotGemerallygif the game is in
i ndi cates that the |1 i.s.stafic or novin | oWl
wnplek T GrbcTa st B Bews U elialrafic BimE R Pt B ehmpgn tends to
f 1 &firk Bl opleQh MR gdfh& Hehle, WMthe Barh&18 n6V¥B Vary! adtes iddicates that
capture the distribution of the players from far. i

5 Theigher shedbadl iseyoringi veryrfastdeftheplayérs are haninga fsir ¢xample: given a
enpodiment .. "Plain" ("Py), "Excikting. ("EX" nd, " \Very .
Pt Mg pdemsFRa Uotkasansr i oving: iCmgisal gy G Yeame is
of pl@?ﬁgtaﬂa Y Ghuferd RIfollbwin@thé BAll;iiPthe @hmEfSs AbCMBving, it indicates
keywords, reference is made to Kongwah Wan and .
Chihaty iecball ixistaticegr meviagtslowlyt whisk) anightcindigatesthe greparation stage

Au ti [ L. 9l . Ght: el ation',, r i
of PRI i, FRERTTK (RchSicCIR fich b plrlerk REECH! Bl the
10 (| GistRibafi0d pf thé playetsnfeorbddr, 23- 26 August 2004,
Canbridge, UK. | EEE Conputer Society, |SBN
0- 7695-2128-2, pp. 973-976, the contents of which are
herfiRY difP KRAKEHIS CrYdefined Sof thEEeRRfifle ERbodiMent I“PHin” ("P"),
step of processing I n the exanpl e enbodi nent,
c otieniting¥nEEXShand S¥eryi Excatirigid "VIEl nfgr soeset wideos. For a description

hi to the vi _
v b6 ErRuRfE 1PE i Butrlt il B HERr Bt HifiRincg o made t0
15 boxRAawAIE WA fd OBSAIgkRShoVKh, METTisEAL SMutdifsdl IFeaditdd fof Automatic

| onger than 100 frames to further segnment the shot
i nBoccshblighdight Ggmasatien" eindbrogeedings of frferantdenal gonference on Pattern

15Q-franme s ' fur [t e

L ooty db, B3yt S SRR Eafobee i e

S e@iRputer SocRHE | ISBNMOL 1696108 2812atppC 9V3-97G6) theeyomidnts od wehich are

dynani c_vi sual keyword and one audi o keyword. Wth

r ehereby insorpgratedyly eross-refesencst at i ¢ vi sual keyword
soClassification, first all the PFranes

For the first step of processing in the example embodiment, conventional shot
partitioning using a colour histogram approach to the video stream to segment video
stream into video shots is performed. Then, shot boundaries are inserted within shots
whose length is longer than 100 frames to further segment the shot into shorter
25 segments evenly. For instance, a 150-frame shot will be further segmented into 2
video segments, 75-frame each. In the end, each video segment is labeled with one

static visual keyword, one dynamic visual keyword and one audio keyword.

With reference to Figure 4, for static visual keyword classification, first all the P-
30  Frames 400 in the video segment are converted into edge-based binary maps at step
402 by setting all the edge points into white points and other points into black points.
Also, all the P-Frames 400 are converted into color-based binary maps at step 404 by



400 in the video segnent are converted into edge-based
bi nary maps at step 402 by setting all the edge points
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Al so, all the P-Franes 4001are converted into
col or-based binary maps at step 404 bymapping all the

dom nant co}or, points into .bl ac ints. and .
noM2BRIA% n{he cdoqpnblpmﬁo“foﬁ?rsp?lﬂ{som{\f% B@gﬁ 3o fn;%% &nd pon-domipant color
P! poihRdniol whitk FEiRR. Therf Qﬁeeplhﬁdﬁ dleld hrep iH@Geasdlat $1€p 406 and the
Regions of Interest (ROs) wthin the playing field

ar Begiansokkarest (BQIax withia ghe plying; gl jagea argsceraenset at step 408.
ve [ LS Le
apppty TRE B @R T ohdehlsp FRAERTRA LG BeRfoh thESp@lafiplied to
pr theglokitien o thetpgieyimi¥isldsnd hhaproperties opthsiROIssuch axdize, position,
ratio, etc at step 0 abel each P-Frame with e

st WKIUEe (Ao ge aké&?wéﬁé ‘%33%5{ %ﬁﬁﬁf Thramegith P‘Ji‘:ﬁta%"%fngw‘”d at
thg&%hgﬁo segnent is |abeled with one static visual

keywor

in the exanpl e enbodi nent. Then, the static
vi sual keyword that is labeled to the majority of

P AP Frte 01 SRSl OB R BB LB hora i
cl g sd:lahfpd eRBo@iment. aThdn, \the Yalkic keyaPkdswoRl Ba€RE gabefed to the
made toYu-Lin Kang, Joo-Hwee Lim Ti an, Mhan S.

Kamiionita pf P-franresis takpre Ay thristatic vissahkeyreyddabeledita g wWhele video

RS AT o PESERBAfle fet KERTr B s made
Augnii-Lidi0Rdng, JaoHbIwezdeim, (K. TihEBéo&]nﬁuKemkﬁhﬂiiecymg-Sheng Xu,
| SBN 0-7695-2128-2. pp._ 850-853, the contents, of whj

: h
ar &V el disywordsdkahsling ExSespercY e i Pracestings ofilpy Capt f?,n Pattern
: N e .
R (R 2001 EATIARP SR AT GRHrE 0N, CanBligR UK. TEEE
r eGompatearfbciche ISBA Aek6Ined]A8L2up. 850858, theecambenitsonf which are

vectors, each vd'Kdeo selgergent is labeled with one
dy ReRPY IngPgrated Y GigseiF{eRde exanpl e enbodi nent. For
the audi o keywords, the audio streamis segnmented into

audi o segnents of sane intervals. Next, the pitch and )
t h8ireikarlyt byrealculating lsd meamand Kendard dgvistigm af the mumber of motion

%Qctors within different direction regions and the average magnitude of all the
motion vectors, each video segment is labeled with one dynamic visual keyword in

the example embodiment.

For the audio keywords, the audio stream is segmented into audio segments of same
intervals. Next, the pitch and the excitement intensity of the audio signal within each
audio segment are calculated. Then, since the length of the audio segment is typically
much shorter than the average length of the video segments, the video segment is
used as the basic segment and the average excitement intensity of the audio segments
within each video segment is calculated. In the end, each video segment is labeled
with one audio keyword according to the average excitement intensity of the video

segment.



audi o segnent are cal cul ated. Then, since the |ength
of the audio segnent is typically nuch shorter than

wa bwsauwasseage | ength of the video segnents, thePE@I/Si&m05/000029
segnent is used as the basil¢ segnent and the average
excitenment intensity of the audio segnents wthin each

vi deg segnent i alculated.. In t .end ach video ..
el SREHS sapefifert A ietst drbN 4f W R fetiop. More
t hereai€ly AHRIdeX MdrRGERodEIS (HVAVM) NreQpplidtEtoVA WEOsequences in order to

segnent.In the exanpl e enbodi nent a statistical nodel
i sdefecs dthe goal eveniautematisalis ThebY K ssawsarcesihat followthp goal events

Magkov. . I \ l : ' .

or disf PEAY bfn 356hoRRNY, b (P g8 8 FEE N pab R for o while
5 se@uamnde3)-60 sdcohdd)] Durihg) ehat badak @eeind sthe lkamerasmay [fisst zooms into

AVK pattern. Cenerally, .after, the al ,. the w |

pathe@Iavsrs tg cwﬂweé[lflaﬁraaﬂep%@d@@o@s gg?f‘d§?’. tﬂmgﬁﬂ%@fthmo to three

br ]! I fib Z it O hBCoalk d

pl 2%“ r 1@8{1%19 geg 6%’5 ?g&f ﬁ il?esgﬁrr%? itg nsgsgntge ggg%rlﬁe&c he ggroaf S ?per o

t hghogtealto tideaddiertcamgtin. Themdhe famws ofttho pamerplnaight gapack to the

be.pr.esented. to show t he act.ions, of the goal keeper a

onB8dp Pencthe e ERTaBAT A% BRSFTS ERE PptE Jrcpqie. In the
10 Ca&R], thedBadtltirefitndaack to the field to show the exciting

enotion of the players again for several seconds. In

the end, the gane resunes. Cenerally, a long "far

Vi gw' ne ipdi cat.e .14 iS i

2 ey AR Rl (AR B8 sl pAT a shon

br efak vieWt fegmeheisesoattitmes kisgliderifg a preak. Withi rederener ® Figure 5,

extracted in the exanpl e enbodi rrenggé),y dﬁéecti ntg f Qur

or PiaprROTtécs e grirasied: m the\gxaypple, rrigedigieg il dsteglipg four or more
15 200onsEQtivR K viRRP WigldS s %559% 5?}@ e%o?tlﬁt:é]@ Y&k g, 502, the

keyword sequence i s scanne rom t he begi nni Rg to tﬁe

enstatievived kiepivorg. sejlerce & sthmred fropwthebegmpintg, to ¢hegends©4quentially.

Is.gpotted in the brake Lon 502, ortion th .
ot WS & T ieHS remett figns0) iy shofiedin fubfiaks By 02 a portion
t hgleabkefroMnfe ARELOG B vidhe sShRbht 06 thétBaff@%hd BhdiNg at the start

portion is extracted and regarded as a break portion
5086f thaiextrplay partiop rextraeisd end regatdedas a hredk pokopddBds
are used to further extract exciting

20
After break portions extraction, audio keywords are used to further extract exciting
break portions. For each break portion, the number of “EX” and “VE” keywords that

are labeled to the break portions are computed, denoted as gx__ and yg,_. The

excitement intensity and excitement intensity ratio of this break portion is computed

25 as:

Excitement =2xVE,,, +EX,,, ( 1 )

_ Excitement (2)

Ratio =
Length

30  where Length is the number of the video segments within the break portion.



break portions. For each break portion, the nunber of

"EX" and "VE" keywords that are | abeled to the break
wWEsHmIs4 are conput ed, denoted as EX and VE TPET/SG2005/000029

pupt /turn excitenment inteasSity and excitenent

intensity ratio of this break portion is conputed as:

Excitenment = 2 x VE, + EX,, (1) Excitenent (2) Ratio =

Lengt h where Length is the nunber of the video

seByBeitihgWhidshdlds i dxcrélfertdnfehsty. ByioS@f t ) @B excitement intensity

threshol ds for excitenment intensity ratio ( tRM) and

ex¢i t emprspdctivelpsthe yxciting breale poréiohs aelextradtie exci ti ng

break ‘portions are extracted. For each video segnent,

one static visual keyword, one dynam c visual keyword

and one, audi o keyword are l.abeled in the,exanpl.e

5 b orfch SidoRpanmt o FHE vigREkF e, S LRI Liualksyword and
a drk SdI®REYWH dre fibeled iN @l Sfanipie UmbOdinfent. 4RE188iAF the length of
one video segnment. Defining 12 AVKs in total, the

f i thetvideo seamansi oA3-dimensionsoiseturco vedier isusad/te represeah oge video
! . ; . N
SRR PR b AV OB DAL S8 Ml SSLEPaRRA o the 12

and VK lGiverd h videdi segment, @nbl thesdiinehsiorethat cdiespbadto the AVKs

di rension is used to describe the |length of the video
10 g o [pREkH o ghe-vika MR IRSENO AN G RiNEmepspRHare ol to zero.

no j v S f :
NOTHBLs B ohSoR i 0scAto [daeribl TR lengih, df1tRe VidRGREaAlnt 'Y number

segnent. H n Mar kov IS use or
anbétyzem gerd liad Saguehich a8 thd aoamalized hversioraofthe number of the frames
errbgtijli rreHE:t. Two five-state left-right HUWbk are used to
mo bt VHEOSREN M tng break portions with goal event
(goal nodel) and w thout goal event (non-goal nodel)
respectively. Goal nodel |ikelihood is denoted with G
15 aan?ddsn-ly@dqovm@éel isi yeefli fap @oalywing the isequeatigledata in the example

ggg@&%ﬂgﬁ{ggf ﬁ[‘\%cﬁ g&e-gt%te'_iwgrig%rt ?Il\rﬁ%jsezlxg qlsgcf tosln%gélethe exciting break
portions with goal event (goal model) and without goal event (non-goal model)
respectively. Goal model likelihood is denoted with G and non-goal model likelihood
with N hereafter. Observations sent to HMMs are modeled as single Gaussians in the

20  example embodiment.

In practice, HTK is used for HMM modeling. Reference is made to S. Young, G.
Evermann, D. Kershaw, G. Moore, J. Odell, D. Ollason, D. Povey, V. Valtchev and
P. Woodland, “The HTK book” version 3.2, CUED, Speech Group, 2002, the

25  contents of which are hereby incorporated by cross-reference. The initial values of
the parameters of the HMMs are estimated by repeatedly using Viterbi alignment to
segment the training observations and then recomputing the parameters by pooling
the vectors in each segment. Then, Baum-Welch algorithm is used to re-estimate the
parameters of the HMMs. For each exciting break portion, we evaluate its feature

30  vector likelihood under both two HMMs and we say the goal event is spotted within
this exciting break portion if its G is bigger than its N.



exanpl e enbodinent. In practice, HTK is used for HW

nodel i ng. Reference is made to S. Young, G Evernmann,
wooBersthaw, G More, J. Odell, D. Al ason, DPCRSE®Y;/000029

V. Valtchev and P. Wodl and¢ "The HTK book" version

3.2, CUED, Speech G oup, 2002, the contents of which

arg. hereby incorparated by crgss-referance. The
e T e BE O, RS aesc oD Ftef £ B i FIFa 2002 and

esUBEFAt 200byrg agsiaie dh Yexdfipltd eMbbdifdeht. alheg boaRBi videos are all in
segdrrent t he training observations and then reconputing
t hMBES-4 fameats3spyespprisndd freyeeorsks i n each segnent.
Then, Baum Welch algorithmis used to re-estinate the
paraneters of the HWbs. For each exciting break

5 POAMKDBequiasices v foir thalfinisiclies atdlabeled atitomaticd Bl. Sheedhese four half

under both two H and we say the goal event is
s pBetcbes haver spatony.oxe PFPH‘&@&PE‘QKWB Share VK sequegess qfgwo half
bi i S . '
(2180 A0 B £k e Blrpat iR, Blighlion SBERRh Hls A he fou
ar autometically labelek AWK escqurdnoel, lan bthef five SH¥Kesequéntep are used as
are all in MWPEG ] format, 352x288pixels, 25
fr Eﬁ@mtr‘?dgteﬁ{&oai Sy %&CWGD?W PFRAUESKat ches are

10! abel ed automatically. Since these four half matches

have 9 goals only, we nmanually | abel two nore AVK )
sebueiting bregk potitonh arg exteacteddeomjallithe sigchV K. seguencesautomatically

pu of. .cr | i kon, 1. f f our
2B Bl O Bl SRR, 505 BB e ftormance
AVia$ actievedashar the taeshodds dfral and1g, _datafe $ed téloidedid Yespectively
event from current AVK sequence. EXCiti ng break

po(Tabbn3). are extracted fromall the six AVK sequences

automatically by different sets of threshold settings.
151 the exanpl e enbodi nent, best perfornmance was

achireygd, When THg, It TTERRRE TMisS T | PSe Alfhe | Pelcidiéh U-Kecall
and |9 respecti veﬁv gﬁatl 0 E,ciltemant ?J (Tablie ??)“ Tabl ecza
3 Re<iHR v§ or gkl ddtlectionO(t =004, Rati o]|'100% 100%
ENG
LEVvsLIV {4 4 0 0 100% 100%
LIVvsLEV |1 1 0 0 100% 100%
USAvsGER | 1 1 0 1 50% 100%
Total 9 9 0 1 90% 100%

Table 3 Result for goal detection (7, =0.4, . =9)
The method and system of the example embodiment can be implemented
20  on a computer system 800, schematically shown in Figure 6. It may be
implemented as software, such as a computer program being executed within the
computer system 800, and instructing the computer system 800 to conduct the

method of the example embodiment.



The nethod and system of the exanple enbodi nent can be

i npl emented on a conputer system 800, schematically
wahodnzassm Figure 6. It may be inpl enented as sef1/862085/000029

such as a conputer programibei ng executed within the

comput er system 800, and instructing the conputer

system t f .

enbodi rre%ég N #‘%gﬁ%gq %%%r@y@ed}n%gbg °8%%S‘Fe?§’2§ﬂa{g 802, input

c onwdhg:rs socldas & k8ﬂﬁ)agﬂ 8P4 lhndﬁ ntbuse 806 dad agduralieytbmapet devices

804 an use 806 and a plurality of output devices

sudrhas agglaplém@ ’Mrl‘&ﬁﬂg]{ﬂ-i nter 810. The conputer

nodul e 802 is connected to a conputer network 812 via

a suitable transceiver device 814, to enable access to
5e.g. th&hétcompntr noodudd Be2 ismenmectkd &y 3 temputenoktvagk 812 via a

Local  Ar Net k .(L jde Ar Net WAN) .
G BRntceivan et a8 b. o enhie SeessS o O B me Or other
Pr a&Svork %yﬁéi%s sactadednl %Eﬁmﬂ@mmﬁmi&zﬁréﬂde@vow
Read Only” Menory (ROM) 822. The conputer nodul e 802

al 6WANE| udes a nunber of Input/Qutput (1/0
interfaces, for exanple I/Ointerface 824 to the
di splay 808, and I/O interface 826 to the keyboard

10 804. Th&he compuingodifle BORirctheRa@plom@dludes 8 pLocessor 818, a
typically communi cate _via an interconnected bus

828
anBapdory AgesreMermaniRoM) & prd 3 Brad Knly MemeryiROM) 822.
[ ©irY ABhpfldh mddife 80P hls6 HdIARksA B dInbYiROERLL H/0)

supp e user o e computer syst
enamedacesnfon edanplesliOringeface824ito tha cispsy 808BNEROD orterface

fl i sk and read utilising a correspondi ng data
st g?&g‘éﬂ‘é@ygﬂ?&r@@e of a data storage device 830. The
15application programis read and controlled inits

execution by the processor 818. Internedi ate storage
of pr ogThmcdeapanenty b€ thecrwonpit¢rshedule 802 typically communicate via

an interconnected bus 828 and in a manner known to the person skilled in the

relevant art.

20 The application program is typically supplied to the user of the computer
system 800 encoded on a data storage medium such as a CD-ROM or floppy disk
and read utilising a corresponding data storage medium drive of a data storage
device 830. The application program is read and controlled in its execution by
the processor 818. Intermediate storage of program data maybe accomplished

25  using RAM 820.

It is noted that this example embodiment is meant to illustrate the principles
described in this invention. Various adaptations and modifications of the invention
made within the spirit and scope of the invention are obvious to those skilled in the
30 art. Therefore, it is intended that the appended claims cover all such variations and

modifications as come within the true spirit and scope of the invention.
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nodi fications of the invent$on nmade within the spirit
and scope of the invention are obvious to those
skilled in the art. Therefor gi s intended that the
appended cl ai s cover all ségﬁ—ggrlatlons and

nodi fications as come within the true spirit and scope
of the invention. CLAIMS What is clained is: 1. A
meWiadisfabaimed és:i n i ndexi ng vi deo footage, the video

aulh o Er gl o S ARl Figeh fgisd s 5163 pRAER Somplsine an

Conprlhﬁg@ Gignal #td @&fitespéhdadithlibd Siahal Ratihf @NtHe ithape Gighals, the
signal of the video footage and visual features from

t he imeihed eqmaprifingsf t he vi deo footage; - conparing the
extract g d a eatUL

audi o an ra\%?%%%lugﬁefeég]?%s;km& ?Htfenl?(ﬁ? %éﬁllgal fB Egge:b'? &g R)%g‘lge and
Vi sualisusbfeanicSran sednage dignaltdf thdreidvo fhetgkpot age

based on the corrparl son_ of .the_extracted video %g

vi sual F‘EHP‘HFES" hgjextractedbaysdie ard wisyrlnteatyresi it Repdgteamiped audio
key termning the presence of events in
them% SVIS? g&based on the audi o and vi sual

keyvvor dﬂieaBSImg the ardii anld ikl \kcyj\sordﬁ asﬂoa@tfd with ghe video footage

cor to.cla 1 fur i Si .
oar t Ergh PR ghe Rimpige" el BiarXAied, HECRAR 0 uph feprures with the
into pfécfeveﬂmmcwaid%mw ds; an@spectively, prior
to extracting the audio an vi sual features therefrom

3. A-nedé¢tenniningdhelipragenas ofi eventsan thih#idep doethge basgd @n the audio
sequen es overl a ac to claim2 or
il SRR VOt o MR T GGG ol

2. A method according to claim 1, further comprising partitioning the image signal

and the audio signal into visual and audio sequences, respectively, prior to

extracting the audio and visual features therefrom.

3. A method according to claim 2, wherein the audio sequences overlap.

4. A method according to claim 2 or 3, wherein the visual sequences overlap.

5. A method according to any one of claims 2 to 4, wherein the partitioning of
visual and audio sequences is based on shot segmentation or using a sliding

window of fixed or variable lengths.

6. A method according to any one of claims2 to 5, wherein the audio and visual

features are extracted to characterize audio and visual sequences, respectively.



5. A nethod according to any one of clains 2 to 4,
wherein the partitioning of visual and audi o sequences

WO s0obamagh on shot segnentation or using a sli dP@ESG2005/000029
wi ndow of fixed or variabl @lengths. 6. A nethod
according to any one of clains2 to 5, wherein the

ZI Y angl?vegcgcﬁr 1%g an S?sﬁgf the e(%ra%%n dclg?ns wherein the extracted

r es p&Gdual fapires. indlud@biO6r MORITthERuicd ramtysd @ ehoBibn,t dvdor, texture,
precedi ng cl ains, wherein the extracted visual
f eat ShERS, | M QHIEOBISe OB rTegione SeAMSARALION, abIoh| teeRgnition, and text
not i 9B, §§iﬁl M. texture, shape, and outcome of region
segman? I on, object recognition, and text

5recogn|t| on. 8. A nmethod according to any one of the

cedl c) ai ns,. wherein the extracted audi o . features
L& vhanedhed SHeorin kopon o o HE efedirz g R the Sxracted

pr ed'a%ﬁioofhaﬁﬁ’é‘éc flchidRNbse Ok Ridre FhRasir@S 8dlMted 18t fRar prediction
(ZCR), nel -trequency cepstral coefficients (MFCC), and

spectooefficjrnteer (LPE), Azeret loussiagc anids n¢ZEB).aryeldiesuency  cepstral

the pregedin to effect the
comﬁ?@%ﬁents?@&@gsﬁg%ﬁ%%&%&%én audi o and vi sual
10 features and audi o and visual keywords are previ ously

establ i shed. 10. A nethod according to cl a| m 9, whe
t h8. rAmatheshagepplingfeany ene of theyprecading slakes wheg:m '(0 effect the

mac hi Claﬁ.t?laggé{{‘ Hf& J}ﬁﬁ 29 gétwe%r]' &fl{)"ﬁfni' quﬁ%ﬁh@a‘ 38d Ldj djo and visual

claim ear ni ng S use
est alideysbrdshee pxetz@uslyresﬂablmmre unsupervi sed. 12. A
nmet hod according to claim 10, wherein the nachine

| ear ni ng net hods used to establish the rel ationships

15 ar ?O SA pﬁ@fgﬂo& e&i:coxjd%nn{‘ tged1Bad @C@ﬁérginn Ghe Qel@ﬁéfnsﬁﬁﬁ e previously

he prece clal wherein determ ning the presence
of evestablshied WMamxniehalfrmgmgtbods:mprl ses detecting
vi deo events according to a predefined set of events
based on a probabilistic or fuzzy profile of

11. A method according to claim 10, wherein the machine learning methods used to
establish the relationships are unsupervised.
20
12. A method according to claim 10, wherein the machine learning methods used to

establish the relationships are supervised.

13. A method according to any one of the preceding claims, wherein determining the
25 presence of events in the video footage comprises detecting video events
according to a predefined set of events based on a probabilistic or fuzzy profile of

the audio and video keywords.

14. A method according to claim 13, wherein, to effect the determination,
30 relationships between the audio and visual keyword profiles and the video events

are previously established.



the audi o and vi deo keywords. 14. A nethod according to
claim 13, wherein, to effect the determ nation,

wo sloanianshi ps bet ween the audi o and vi sual keBows@2005/000029
profiles and the video evenres are previously
est abl i shed. 15. A net hod according to claim14, wherein
{ s r b RN BfeE LIRAN 4L BReRHhe rdfbndidl Blewtey RN dldio and
protiles an e Video evehts are previously
est ablisvahd&dyworl pmdildsnand ¢lsr nideg ewehtsoats. préGioAslyedstabtished via
accordi%ﬂ§to cl aim 15 wherein the machi ne | earning
met hdPRehinedeprpinedesthods; sh t he rel ati onshi ps between
audi o-vi sual keyword profiles and video events are
probabilistic-based. 17. A nethod according to claim

5 16]6.wherethad adeerdingotoi alaim bxrwhengjn itlee mochingkathing methods used to

gr aphi cal. dels...18 A hod according.to cl.ai m.16, .
Sher eBlishe Benesloiarhips TG T AGEoAE ki ufig bt and video
t echrdvems aref gropabslisticaabddc pattern recognition. 19. A

met hod according to any one of the preceding clains,

wherein the extracted visual features are conpared

Wi A déi@\n&l E@c‘é&@ﬁg??( Apimerd WARLAH R ﬂi@p&@é&&é@%hﬂ&ﬁods used

conpar e eywor ds 1 ndependen

10 ot hergraghicahmodeBod according to any one of clainms 1 to
18, wherein extracted audio and visual features are
conpared with keywords in a synchroni zed manner with

res .gﬁhehﬁ)daagﬂ)rﬂmgQO $&fim9e, @v‘lﬁ?}eﬁi e Shihirt Q¥aRIE SnethodsAised are

met according to any one of the preceding clai s,
f ur t hechnopaep frosi sygtactie pattern racggmitidn.r econci l i ng t he

out cone of the results of the conparison between the
extracted features and the audio and visual keywords

15 1 N1 A pipfpRicoldigd fo Sy b 8V ﬂﬁr}ﬂ%&édﬁlg laindy, WRHeRGAl the extracted
according to claim 21, wherein the normalizati on of
t he o,{ip,t@g faatusés argecompared with visual keywords and extracted audio features

are compared with audio keywords independently of each other.

20. A method according to any one of claims 1 to 18, wherein extracted audio and
20 visual features are compared with keywords in a synchronized manner with

respect to a single set of audio-visual keywords.

21. A method according to any one of the preceding claims, further comprising
normalizing and reconciling the outcome of the results of the comparison
25 between the extracted features and the audio and visual keywords into a

probabilistic or fuzzy profile.

22. A method according to claim 21, wherein the normalization of the outcome of the
comparison is probabilistic.
30
23. A method according to claim 22, wherein the normalization of the outcome of the

comparison uses the soft max function.



conmparison is probabilistic. 3. A nethod according to
claim 22, wherein the nornalization of the outcone of

W0 tesomspar i son uses the soft max function. A nEtT®e2005/000029
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according to claim 21, wheeein the normalization of

t he outcone of the conparison is fuzzy. A nethod
according to any one of the preceding clains, wherein
the outcome of the results of the conparison between

t he4 exhicaridedcd@itigs eRimnd, Whereimute Aommlizutigiiét the outcome of the
keywords i s di stance-based or simlarity-based. A

nmet hc‘}@n‘é’é@&ﬂdﬁﬁ‘gﬂb’o any one of the preceding clains,

further conprising transform ng the outcone of

determi ning the presence of events into a neta-data

f o2 fred methodaacgordingASGhnly ,ons wif tlebprecdding ¢leinis, ewhatein the outcome of
system for_ indexing video, footage, the video footage ..
c_onprtﬂé r%}lt%\ﬁ? HeatEnRaTigHm Petysan g, atf@ge&o%aﬁ%} e audio and
si gnalisafk&fdis s QistfiRebTRACr SiHilRlt5-baddae system

conprising:” - neans for extracting audio features from
the audi o signal of the video footage and vi sual

features fromthe inmage signal. .pf the.video foqtage; ..
ook rsthod Aeteriing BrEmeRet 26 Bh PambEaitiny SUARE comprising
f eat UrRSfornidy thé 6HRbME Bf Aerminihigithd PeeskhcelUsH evimty Wb ASmeta-data
- nmeans for identifying the audio and visual keywords

assodpemagbippmyter ARC i syiseble futretgievdlased on t he

conpari son of the extracted video and visual features

with the predeterm ne audi o and vi sual keywords; and -
mednsA fsgstesiefoe rifidexingg videe fpotages nhe videoefoetigs dompridmg an image
vi deo footage based gn the audi o ?n,d vi sua] keywor ds
assodcignaband\p correspanding @gdip é;tgngbg:_ ating to the image signals, the system

comprising:

- means for extracting audio features from the audio signal of the video footage
and visual features from the image signal of the video footage;

- means for comparing the extracted audio and visual features with
predetermined audio and visual keywords

- means for identifying the audio and visual keywords associated with the
video footage based on the comparison of the extracted video and visual features
with the predetermine audio and visual keywords; and

- means for determining the presence of events in the video footage based on

the audio and visual keywords associated with the video footage.



