Automatic Creation of Thunmbnails for Music Videos FIELD OF THE | NVENTI ON
This invention relates generally to nmultinedia content analysis, and in
parti cul avotootdesogener ati on of thunbnails for nusic vi #eDSG28ACKEROUND
Since the 1980s, the nusic video has increased in popularity and influence,
and attracted greater audiences froma w de range of age groups. The style
and content of nusic videos have strongly influenced adverti sing,
television, film and popular culture as a whole. Wth ongoing
technol ogi cal advancenents in nultinedia content capture, storage, high
bandwi dt h/ speed t AdHomatic Loreation ofgrhemiborails ulsic Yideosr oducti on and
di stribution of nusic videos have increased rapidly and becone nore
accessi ble to users. Nowadays, many nusic content providers provide users
w th the oI OMNTHEE FOVENTGON$E nusi c videos though websites. It is usefu
to allow a custoner to view highlights of a music video to assist in a

pur chasi ng dects syven@erctelatésogenegy so muitirhalia edment adalysis,amdan pusicalay taleo

t hunbnai | il enabl e a custaner to be nore inforned, and nore
likely t3“%%%%ﬂgﬂ%5#§@€Paﬁﬁf%W&gg?cYﬁ%@iincreasing satisfaction and
resulting in a greater |likelihood of repeat purchase. Thunbnails are

avai l abl e on_nusic _websites, and generally are generated manually. As the
vol une of BAGKGROUINBS i ncreases to neet the demands of consumers, the task

of manually g ' ' i.ee il econes. very .l.ahour-i nt ensive
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vi deos. Present, efforts of agi@onat' c, music summarisation may be classified
into eit FEYSIGKRGRPTRAviesEpRgly doilurnser adystisings levisian,fim, apd pepierculivpr saches.
Machi ne l8gkd1e.ng approaches attenpt to categorize each frame of a song into
groups based upon the distance between a particular franme and ot her franes
in the song. TWghfongeingtiénhnblogichl adyagenenst indnbltisediaqorent beptaepsipragst h t he

| ar gest ny rof.franmesg., Patt.ern matchi hg approaches aimto categorize the
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Nowadays, many music content providers provide users with the opportunity to purchase

music videos though websites. It is useful to allow a customer to view highlights of a
music video to assist in a purchasing decision. Such highlights may be referred to as a
music video thumbnail. Thumbnails, enable a customer to be more informed, and more
likely to make a correct purchase, thus increasing satisfaction and resulting in a greater
likelihood of repeat purchase.

Thumbnails are available on music websites, and generally are generated
manually. As the volume of music videos increases to meet the demands of consumers,
the task of manually generating music video thumbnails becomes very labour-intensive
and an inefficient use of time. Thus it is desirable to automatically create concise,
accurate and informative thumbnails for original music videos.

Present efforts of automatic music summarisation may be classified into either
machine learning-based approaches and pattern based approaches. Machine learning
approaches attempt to categorize each frame of a song into groups based upon the
distance between a particular frame and other frames in the song. The final thumbnail is
generated based upon the group with the largest number of frames. Pattern matching

approaches aim to categorize the frames based upon the content of those frames and select



summari zation is to determne the relevant features of the nusic and nake
the final summary correspond to neani ngful sections of the nusic. The known
nmet hods oWowbamaimsnmari sati on whi ch have been successf pcTisSG2ep®vd24aNd
novi e video have not transferred well to music videos because the nusic
signal, rather than the video track, ig%the dom nant aspect. It is a
preferred object of the present inventimg to overcone or at |east reduce

t hese shortcom ngs. SUWARY In accordance with a first aspect of the

present invention.there is disclosed a nethod for automatically creating a
musi ¢ vi Fe8HHRIEHER is deemedrinsbest ynatet thei tgawired edtepa Theghallengs tie psusic :
separ at i NGt ASiZAHSH Gs W tanal, i sic signal and video signhal;
extracting the secti %ﬁ%%g%“?lﬁ% ﬂniﬁsée%tvg?tgﬁa IH%:SO?flte}% pg)rlllalicn%ndt Blaﬁﬁéﬁ%ﬁﬁlfl{]s by
det ect i ngsusimary &oirespone tp mesninglixl srctivnd ¢fghe apei@t ed 1 yrics in the video

si gnal ; mat chi repeated lyri.cs wth the correspondi ng chorus section;
selecting a re’@% . W&"@Qy Shﬁldéﬂéwaﬁé?tl‘{n ‘é{hlaﬁ&w@h?qvgwgﬁs_afuém spared
pair to cimainBviealided MM SRRFIHUANRBRID -mUdE Richs bfe%*eﬁfsg'%e diRe 9384 2
system and conputer program product wth neans and code neans, ?

r espect i viéthgr thpp thepadéamtradknty thérdomimahbaipsiteps above. BRI EF DESCRI PTI ONS OF
THE DRAW NGS or r nbodi rents of. th resent invention wll now be
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i | I ustr atsherteorsmmps.ept ual bl ock di agram of nusic video thunbnail creation.
Figure 2 is a flowchart illustrating chorus extraction fromthe nusic
signal. Figure 3 illustrates fundanental frequencies (FO of nusic notes
and t hei rsmﬁwt in the octave scal e sub-bands. Figure 4 is a flow chart
illustrating the steps in beat space segnentation of a mnusic signal.Figure
5 illustrates Iaanusdancsivgthed firsdadpectt cfdhoOpesdns invenfi G @efesk dlstReLy €F

det ect ed . . . .
method for automatically creating a music video thumbnail of a music video signal,

comprising the steps of:
separating the music video signal into a music signal and video signal;
extracting the sections of the music signal corresponding to the chorus by
detecting similarity regions;
determining repeated lyrics in the video signal;
matching repeated lyrics with the corresponding chorus section;
selecting a repeated lyrics and chorus pair; and
aligning said selected pair to create said music video thumbnail.
There is further disclosed a system and computer program product with means and code

means, respectively, for performing the method steps above.

BRIEF DESCRIPTIONS OF THE DRAWINGS
One or more embodiments of the present invention will now be described with
reference to the accompanying drawings, in which:
Figure 1 illustrates a conceptual block diagram of music video thumbnail creation.
Figure 2 is a flow-chart illustrating chorus extraction from the music signal.
Figure 3 illustrates fundamental frequencies (FO) of music notes and their

placement in the octave scale sub-bands.

Figure 4 is a flow chart illustrating the steps in beat space segmentation of a music

signal.



onsets, and beat space segnentation. Figure 6 illustrates an exanpl e of
error correction for detected chords. Figure 7 is a flowchart of how

i nstrumernwal2oemaiioens of the nusic signal are detected. PETFGR&s00247
illustrates the nunber of filters linearly spaced in sub-bands. Figure 9
illustrates an exanple of SVD analysis of the OSCCs and MFCCs extracted
fromboth solo male track and guitar mdxed nale vocals. Figure 10
illustrates the nel ody-based simlarity region matchi ng by dynamc
programming. Figure 1 1 is a flow chart illustrating the steps in

det er m ni ng nBigaely 5 hagwdtes ianibielt istgnal, elgteoted . onbetguatochreldtion stvertietsctad
exanpl e of both 8 and 16 bar | ength chord patterns matching for determ ning
mel ody- berssts. andbgah pRacy SPEREEHION Fi gure 13 is a flow chart illustrating the
steps i n det epinl g GORLER! shARAC oPLb Bhictifor RILBSed Eharike 14a and 14b
are flow char I1Tustrating t steps for characterising the song-type
from the nusi Bigsirgfais.a Foguchartl6f hewainftramerghlasectiofns phehe ruysisssignalfase
repetitive lyric detection. Figure 16 illustrates one of the lyrics

repetiti eéefeeted-ection results for the a nusic video. Fi gure 17 is a

flowchart of ‘F{giu?ékﬂmsﬁaﬁyﬁie%um&@efﬁHMB@Aﬂysfpa@énihfsabrbaﬂas,ls and det ect ed
lyrics. Figure 718 i1llustrates how to include the nusi ccg]rases anterior or

posterior to Fidueetdeillusirates ant exagutle tofieSiRsanabysis ehdhh Q¥Cehand iMECGsusi ¢
vi deo thunbnai Figure.19 is a,schemnt]c. i agram of a conputer

i mpl erne*nf”’éﬁ"fcgleﬁJ WJ’%H’C%%O Blgieutgae?& af%%p é‘r‘rfrglrxgqhgl}cj eogrrdact%?’é nusi ¢ vi deo t hunbnai |
creation. DETAlgED IDESGRAT O Sl dREERREREVBORHENTatiag by dfmmsicce i s

made in any one or nore of the acconpanying draw ngs to steps and/or
f eat ur es progifgmmingave t he sanme reference nuneral s, those steps and/or

features haveufrlﬁ) urd qtqh%uﬁpﬁ)&ssch%t hi¥s8atfifs fe' BlepOn [dREerR@iTRe fHABHy-BASdand/ or

oper ati ons, SS
similarity regions.

Figure 12 illustrates an example of both 8 and 16 bar length chord patterns
matching for determining melody-based similarity regions.

Figure 13 is a flow chart illustrating the steps in determining content-based
similarity regions.

Figure 14a and 14b are flow charts illustrating the steps for characterising the
song-type from the music signal.

Figure 15 is a flow chart of the processes for repetitive lyric detection.

Figure 16 illustrates one of the lyrics repetition detection results for the a music
video.

Figure 17 is a flowchart of creating a music video thumbnail from the chorus and
detected lyrics.

Figure 18 illustrates how to include the music phrases anterior or posterior to
selected chorus to get the desired length of the final music video thumbnail.

Figure 19 is a schematic block diagram of a computer implementation which can

be used to perform automatic music video thumbnail creation.

DETAILED DESCRIPTION OF PREFERRED EMBODIMENTS
Where reference is made in any one or more of the accompanying drawings to

steps and/or features, which have the same reference numerals, those steps and/or features



contrary intention appeals. Overview Figure 1 shows a flowhart 10
illustrating the general sequence of events which may used to generate a
musi ¢ vi dwo 200muriseai | of a nusic video 12. The nusi c vi #€®/SG20605906247 St
separated into a nusic signal 16 and a video signal 18. This separation is
achi eved by use of a de-nultiplexer 14 or equivalent. The nusic signal 16
under goes segnentation (step 20) and st uct ur al analysis (step 22) to
determ ne regions of simlarity based upon both nel ody and content

(vocal s). The determination of simlarity regions (step 24) allows

parti cul davefortthopspossalf this deseiptibo thessad® fuoetionsragdjor operabensdanless the. | t
is preferable that.the chorus 36 is used to generate the nusic video

t hunbnai [COBEaTy (NPRUQNADPEYRt j on of a song that is nost recogni sed by
listeners. To extract the video signal corresponding to the chorus 36, the
video signal 18 is segnented (step 26) and classified (step 28) into either
a cl ose- fveirwiew shot or a non-face shot. The lyrics are then detected (step

30) f th . i.fi,ed shgt ! r ' L5 .
20) from he 6 age! el SRSl o HEFAARL b oS SRRBRH RECkaF bR
t hunbnai Imd30used 6 gBMFAte ahGe vides timabdailad o mugenileatiad The mhsigrideg 10st ep

42) and conbi ning the appropriate boundarjes of the detected chorus 36 in
the nusi ds Grsgpeparate mieie prvsicrsignal ¢ pyda visep signabl & s separafiogds adngyrd 18,

Musi c An%he %éféﬁg&ﬂﬁﬁﬁ%§%ﬂghkﬁgmgmgﬁﬁe 2 illustrates a process 60 which is

used in ction Ic signal structure, and thus correspond to
t he segnent at iThe mhsdiesigadl)16 witlengoesmeghentatiby &itep 2 taep s@@tumhanatysis (step

extraction (step 24 rocesses..of Figure 1. Each step.will be di.scussed in
yet greaté? g‘déﬁtg‘iﬂi‘m&% ﬁepgl%ﬂsé}f supilqrity Egge%ﬁqogthogg mF]r?Ziy r‘?‘ﬁgicf?n@? 8?3@6 T
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to be identitied. musi ¢ structure varies greatly anong, as well as
wi t hi n, rdbsiocakrsgprio s detecical. Nkt deprefergble Hbat the shome364s usetl tpegensthtd he

utilised which .acgo dat es .far such vari ati,on., Beat spac nt ation
(step 62)MUi§ ¥dEo ﬁ’r’r‘%ﬂiaﬁ g 1§ﬁ’§| Se‘f%b‘mb"é%ss%%r om0y r%pggﬁlpﬁq Efﬁ%g’i‘?%g | engt h
of the shortesg, gatRt th Vil &l Cofrbdpdading to the chorus 36, the video signal 18 is

segmented (step 26) and classified (step 28) into either a close-up face shot or a non-face

shot. The lyrics are then detected (step 30) from the classified shots, and undergo lyric
recognition (step 32). Repetitive lyrics are then selected (step 34) for use in the music
video thumbnail 50.

The music video thumbnail 50 is generated by aligning (step 42) and combining
the appropriate boundaries of the detected chorus 36 in the music signal 16 and the

repetitive lyrics 40 from the video signal 18.

Music Analysis
Chorus Extraction

Figure 2 illustrates a process 60 which is used in the detection of the music signal
structure, and thus correspond to the segmentation (step 20), structural analysis (step 22)
and chorus extraction (step 24) processes of Figure 1. Each step will be discussed in yet
greater detail in later sections.

Firstly, the music signal 16 undergoes beat space segmentation (step 62) to allow
similar music regions to be identified. As music structure varies greatly among, as well as
within, musical genres it is necessary that a segmentation method be utilised which

accommodates for such variation. Beat space segmentation (step 62) allows the music



16. To further understand the structure of the nusic signal 16, a chord
detection process (step 64) is utilised, and nusical keys are assigned to
secti ons wh 20ém01s30gnal 16. The detection of instrunentalPtrscabosmoentdari es
(step 66) helps identify sections of the nusic signal 16 which contain
vocal s. Areas where the nelody of the nusic signal sounds simlar (referred
to as nel ody-based sinilarity regions)®are then identified (step 68). To
determne if the vocals in the nel ody-based simlarity regions are al so
simlar, the content of the nelody-based simlarity regions is anal ysed
(step 70}igndyo dpRégthéded by dstehbiiig thedersith uf thershonést pofeuinahe musiccsignagnal s,
it is possible to characterise the type of song (step 72), and thus extract
the sectl®n corresponding to the chorus 36. Beat Space Segmentation Audio
segnment ati on . | Nat cliyrd Qtection
identificatioﬁgg?ﬁgé?ﬁﬁ¥%§§?9g%t??gﬁggggi?ﬁzﬁﬂggﬁﬁéugﬁgﬁ conpared to a
speech sp@nads, (step 643 iic usligdabnd musivalckdyetaes aspigned ts sbeivme o the sighd lfay t he

signal source changes as the Si.¢ _score pr.ogr es (.8, Q. fr e to
chor us) . ThA dsfsghelbPT ansumepIRUOsa) boBadisles (P 0L peibs ey S ent ¢ ne
nusi ¢ bagad; o ﬁ'ﬂel]d SR c&fiaih NochRAT Ky alhdie! The nitdsdBs of T aEBidUsiEnAuch a
segnent at1 on u%ual y requires an accurate onset detector tq find . all the

not e onsstunds sirile (nrefeired t0 gnatelodpHeasesb Biyilssity cegiensliaee Brenidentdicd; (§isal s 16

nmeans th detecting note onsets s di,fficult..1: i: \ g
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on the shortest note duration is utilised. Music.is us a”%qis%e‘rﬁg red as a
S

nunber ofulesiabout e strucireof penudanmysiqagnap dt i5PopHlled Fatact ote
onsets. The riyest_ .l : h rehshxizgent h notes) are
usual l'y 5?%@%%7??1 gt@%?ésxt&tagp%l??%c&]ﬁyﬁgn%éfg%lgggﬂ?ﬁg%nﬁg?b with the rhythm
of the lyrics and to fill the gaps between lyrics. The present segnentation
net hod ded.gessuck Seah@nghidn of the shortest note in the song and segnents the
nusi ¢ si gnal " 1Gdidt RefieAiBSn AfiRodcBBORING! fikatleriianggheatddupact tallew
duration of tinme between the shortest length notes. This is known as of

beat spadeemifigationt off puticylBSSytionthefithg anesic. i NhenrromyEd st SPRSER sBBRh@ on

for BSS, nlugsicI Sslgl’Taﬁ G Tioze Xette%g%r?gosu's %%cr:autsp Gf the way the signal source changes as the

music score progresses (e.g. from verse to chorus). An appropriate method to use on the
music signal is to segment the music based on the length of the individual music notes.
To conduct such a segmentation usually requires an accurate onset detector to find all the
note onsets in the music signal. The polyphonic nature of music signals 16 means that
detecting note onsets is difficult. In reality, even very accurate onset detectors cannot
guarantee that all onsets will be detected.
To avoid having to detect every note onset, a method of segmentation based on the
shortest note duration is utilised. Music is usually measured as a number of bars, which
. are typically defined by the timing of strong note onsets. The shortest length notes (such
as eighth or sixteenth notes) are usually played in the bars to align the melody of the
music with the thythm of the lyrics and to fill the gaps between lyrics. The present
segmentation method detects the length of the shortest note in the song and segments the
music signal 16 into frames, the length of each frame based upon the duration of time
between the shortest length notes. This is known as of beat space segmentation (BSS).
When detecting the shortest note duration for BSS, it is necessary to consider the

music signal 16 in terms of frequency components. Since the harmonic structure of music



music signal 16 in terns of frequency conponents. Since the harnonic
structure of nusicis in octaves, it is preferable to deconpose the

f requencywepeetauwsvsi nt o 8 sub- bands, as an exanpl e. Fi gece/Sg20dslooeur at es

t he frequency ranges chosen to segnent the frequency spectruminto octaves.
Shortest note duration detection Figur§%4 is a flowdiagramillustrating
the process 80 of detecting.the shortest note duration for beat space
segnentation (i.e. step 62 in Figure 2). The nusic signal 16 is firstly
separated into its frequency sub-bands (step 82). A band-pass or band-step
filter (OFfI&PHRYSy Y icpaferbleto dacomposenthe fiigiuensy spechminvinto Bsub-basdseasap! e,

t he sub-b n IV i i e_used . to separate the si ¢ _signal
16, The Sotpiaq izl Btslriel Bl KfadoRy TSR alofer WG 3eBhe, 05 Ethctie 84
f or exanpdpecttifin iatb loctaeesonds, and preferably there is a 50%tinme overlap

bet ween adj acent tinme segnents. The frequency and energy transients of each
frequency sub-band fixed-tinme segnent are taken to determ ne the sub-band
onsets (S#LPreSBlore Boﬂﬁ?tké’t?dnng the frequency and energy transients it is
necessary to consider the type of notes which are to be found in each
frequency sub-Kgme.4 Batflow Hegfanniiseatin the prubesseBinmidets:tinf i isHoresbtar

musi ¢ ar ed sttron ei)t in sub- bang%. 1-4. The ér,e&uenc transients,in these
sub- bands" & o3l Pace psementationi-EnycR fé P LagreLdi vihednusie signal bedveen

the spectfirfly eépa@asd irtd brs FaddenchOsubasing (&4} 8B f &WanAlpasd Ppg&df- &9 &’@QPY
conponents generated by percussion instrunents and bass-clef nusi‘cal notes,
t he specteumilar)nendgptibaedir thisseparatione In thisgNapphe thwasubzend behgesegiven

measuri ng. . th lhSt et ween, t he .spectr The .ener ransi ents are
comput eq PdiEut a5 e S8 e P BEARE HHghe by g sl F se it
transi entito fixed-telomiprvelkes@pisy), FoPetniple 6@ ngilkecdnds, 41 Y¥REaBIPHHRrd [iea
energy and frequency transients. A threshold is then set and transients

bel ow t heWhiigsryedap befwser gdiagrad time segmentse chherferavaneshand enesgyi transients

t hr eshol d,¢ Hrg_ X4 1. HQ{H[ j re ner and {requency
transients %rcgsfos{etﬁ%}%%h?% etd;??&?héﬁon eeg?_iﬁﬁe Eedgg{ﬂetgu%qtﬁ%nﬁﬁh.g){ os'%)eP%% bot h
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onsets detected. in each sub- gla dti interval js calculated éstep 88). The
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frequency transients in these sub-bands are determined by calculating the progressive

distances between the spectrum of each sub-band. To reduce the effect of strong
frequency components generated by percussion instruments and bass-clef musical notes,
the spectrums from sub-bands 3 and 4 are locally normalized before measuring the
distances between the spectrums. The energy transients are computed for sub-bands 5-8.
After calculating the frequency and energy transients, a window preferably 100ms in
length, is run over both the energy and frequency transients. A threshold is then set and
transients below the threshold a disregarded. It has been found that a suitable threshold is
75% of the maximum strength. The filtered energy and frequency transients are summed
to detect the onsets in each sub-band.

To detect both hard and soft onsets in the final series of onsets, the weighted sum
of onsets detected in each sub-band time interval is calculated (step 88). The weighted

sum may be expressed as:



sub-bands Sbl( ) at time 't' during a song. It has been found that a
suitable weighting w(i) for each sub-band, as defined in Figure 3, nay be
expr essedwbyoatmizmtri x w=[0.6, 0.9, 0.7, 0.9, 0.7, O0.5pC0/S&2003/06(247
Applying the weighting to the detected onsets in each subband and taking

t he sum generates the final series of tected onsets across all the
frequency sub-bands. To determine the inter-beat |ength, the
autocorrelation of the final series of detected onsets is taken (step 90).
Equal | y spaced patterns of strong and weak beats anong t he autocorrel ated

onsets are use d ' e length of the inter-beat timng (step 92)
of the shortestgn:@tei;lﬁl;{}lr’igg‘rglgi c signal. Thus, a beat spac@g segnented

musi ¢ signal 96 is generated based on the shortest note duration (step 94)

wi t hout havi ng_t tect ever nset in the_nusic. signal. By utilising
nusi cal theor&f[1 tﬁ?g[? Vet%BFFSf)ISés(?ﬁ) s e 10 qh Pty ded nllel sequeney Bar s,

of equal JUBARHAELSD,F) HiBe T Uik 4 koM. IERAELRA f&ﬁ%&%ﬁﬂﬁb@@&%}g@ﬁ?@}t i (1)‘2

at various stages of the application of the above beat space s
step 62. for gaphesubeband; as defmeddndiigura Pe nfayrbet ¢xprdsSed by dmdmatrsi =§0.6n000, The

musi ¢ si ln §Sn Separ aloed Antp iht.s freque uhbands, fine segnepted and
the f rqugﬁc%ib’a%z gﬁéra’tggygtéll’aﬁ&s)ﬁpmg s a’S’&?’ﬁX% Z‘b ﬂ?n&g%ﬁﬁ%ff QRsel ‘Poeaﬁgtsé T ne
the frequendyandutakingnthesain eenahted e tal FoGe 6 ABletRd SSHRQ ackdl8 AiDihd al
series of_ onsets |s taken across each sub-band to generate the final series

of det ectBEIVEHYE-bEIS-shown in Figure 5(b). Figure 5(c) shows the results
f taki th | at.i t . f Fi b).
o L1 Lhe gyecsbiel ok il i B8 JEBEEHGRISC S aChelS, o)

Equal | y spaced patterns stron at's anon
onsets aldetestehenstisais Kaken (steps@Q)reRtedly spaced pan@ss bOGtrasg andi gkt Bedie

The. most HUPEIES SBarSTAsH R Aepiedo fismins elepuhol romiasdheaahaing s | s
used to qskpOD) BEtHMBORAH dof Bl e st signdll MBS] PBEk Whkellse ugr%@’gh&&' S

Si
the nost popul ar signature for popular musi c;, ’t%ere gre notes in
a bar andigiak 86 4s igenerstefl rbaset hn Ithe shdrtest hote dumatinn (step S4)owitkait ety tengt h

is the si th note. uar.t er npt . .be formulated.by 4 sixteenth
not es, ar%{et% ﬁ%?e@! 8?%6?31?1 @}egmg?ué S‘ﬁélagi §¥ glgﬁflﬁg HB{SE@J thyoa s ghen pgssible feat
space segiup Bt YPace bépendntAMBSBHYs, 6f dBAICReERI t0 be detected and renoved
as they do not_contain information relevant to the nusic video thunbnail.

Sil ence is defligEg Sais amtimegeplatofr 10-senond epusibbignatuls at, varioos stigag of the

unnot i cegBle. A8 o¥fe/above beat space segmentation step 62. Figure 5(a) is the wave shape
for the 10 second music signal. The music signal is separated into its frequency sub-
bands, time segmented and the frequency and energy transients of each segment analysed |
to determine the frequency sub-band series of onsets. The weighted sum of the initial
series of onsets is taken across each sub-band to generate the final series of detected
onsets 104 shown in Figure 5(b). Figure 5(c) shows the results of taking the
autocorrelation 106 over the detected onsets of Figure 5(b). Equally spaced patterns of
strong and weak beats among the autocorrelated onsets allow the track to be segmented
into frames 108 according to the shortest note duration. Figure 5(d) shows the results of
such segmentation. The most popular bar length in popular music is 4 beats per bar and
this is used to determine the bar length. With a time signature of 4/4 (which is the most
popular signature for popular music), there are 4 quarter notes in a bar and also 4 beats in
each bar. In this case, the shortest note length is the sixfeenth note. A quarter note may

be formulated by 4 sixteenth notes, and therefore there are 16 sixteenth notes in each bar.



short clicks. A short-energy time function is used to detect silent franes.
Non-si | ence beat space segnented franes 108 are further anal ysed for chord
det ect i orweando7iin®sng boundary detection as described i RCTIS€2605l0b@ar ng
sections. A chord is constructed by playing 3 or 4 music notes

si nmul t aneously. By detecting the fundaqfntal frequencies (FGs) of the notes
whi ch conprise a chord, it is possible 1o identify a particular chord.

Mel ody- based sections of a song often have simlar chord patterns. Wil st

t he vocal content of these nel ody-based regions may differ, the envel ope of
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chord detection. To avoid | ow frequency percussion noise interfering with

the chord"etfection, Fre f is set to 128Hz. The result of the above
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. 1200 ( 3)higher octaves. For example, some musical instruments have a strong third harmonic
component which nearly overlaps with the 8" semitone of the next higher octave. This
overlap may contribute to erroneous chord detection as the notes may not be clearly
distinguished from one another. To reduce the effect of this during the chord detection
process, the music frames are first transformed into the frequency domain using a Fast
Fourier Transform (FFT) . It has been empirically found that a sampling frequency with a
resolution of 2Hz is sufficient for accurate chord detection. The linear frequencies are
mapped into the octave scale according to the following equation:

*
p(k)= l:C * log 2[N1i:‘Fk H mod C

ref

In the above equation, F; is the sampling frequency, N is the number of FFT
points, k represents the frequency transformed music frames , Fr is the lower bound of
frequency to be considered for chord detection and C represents the number of
dimensions of the mapping from the linear frequency scale to the octave scale. It has been
found that setting C to 1200 provides accurate chord detection. To avoid low frequency
percussion noise interfering with the chord detection, Fref is set to 128Hz. The result of
the above equation is then used to determine the 1200-dimensional initial PCP vectors,

PCP1(i), according to the following equation:



In the above equation, X(k) represents the normalized linear frequency
profile which is conmputed fromthe beat space segmented franmes using a FFT.
It has bewo 2hovmadoshat t he 1200 di mensi on feature vect oPCTSG005100DdUCi Ng
accurate results, reduces efficiency in chord detection due to the

conput ati onal conplexity in consideri g&that many di nensions. It has been
enpirically found that reducing the PCP vector to 60 dinmensions provides
sufficient accuracy whilst significantly reducing conputational conplexity.
To reduce the nunber of feature vectors, the vectors corresponding to each
musi cal note se(iivhgr(e):arglg;r(ngﬁ)edzim,g_@o@requency bi ns, angy)the resulting
60 di nensi onal PCP featpuLg)vectors are found according to thé follow ng
equation 20*/> PCP{p) CPjJVr (O = U, 3 60 (4) ;-:[20(P-_I)t-l] The
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The 60-dimensional PCP feature vectors, PCP(p), are found to be sensitive to the

et

fundamental frequencies of musical notes, and are used to model the chords with a
Hidden Markov Model (HMM)

As an example, 48 HMMs may be used to model 12 Major, 12 Minor, 12
Diminished and 12 augmented chords. Each model has 5 states including entry exit and 3
Gaussian Mixtures (GM) for each hidden state. Mixture weights, means and covariance of
all GMs and initial and transition state probabilities are computed using a Baum-Welch
algorithm. Then the Viterbi algorithm is applied to find the efficient path from starting to
end state in the models.

The difference in the pitch of notes which comprise a chord may be small, and this
may contribute to incorrect chord detection. Similarly, the final state probabilities of the
HMMs corresponding to chord notes may be close to one another, and may further
contribute to incorrect chord detection. To detect error chords, a rule-based method is
used to determine the dominant key of a music signal section, and also allow correction of
the timing, or alignment, of the chords.

Song writers often use different minor and major key combinations for particular
sections of a song (e.g. minor key for Middle eight and major key for the rest). To
determine the key of each section 64, an observation window is placed across the

sequence of detected chords. Preferably, a window size of 16-bar lengths with an overlap



determ ne the key of each section 64, an observation w ndow is placed
across the sequence of detected chords. Preferably, a w ndow size of 16-bar
| engt hs wwohoemioseer | apof 14 bars is used, as it has beeoTiseaeod/onérat an
observation wi ndow of this size is sufficient to identify the dom nant key.
Each observation wi ndow i s assigned a lﬁﬁy based upon the majority of the
chords detected in that wi ndow. As the 'Key of each observati on wi ndow al ong
the length of music signal is assigned, key changes can be detected and
used to identify transitions between song sections (e.g. between verse and
M ddl e ei gfhi4 .bachix dssdwias hit has beerc found that @h chservaton conddws tednthisnkizé is he
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error chords are 1n franes
error chord is assigned the previous chord (in the musical sequence of detected

chords).

The music signal 16 can be considered as quasi-stationary in the inter-beat times,
because melody transitions usually occurs on beat times. Thus, to detect chord transitions
which occur due to melody changes within the chord observation window, the following
rules are applied:

1. Chords are most likely to change on beat times.

2. Chords are more likely to change on half note times than on other positions of beat
times (excluding beat times).

3. Chords are more likely to change at the beginning of the measures (bars) than within
the measures (bars).

The above 3 points are explained in Figure 6. In Figure 6, the size of the beat
space segment is eighth notes and the size of the half note is 4 beat space segments. Bar i
in the detected chord sequence has two error chords detected as inconsistent with the
dominant key of surrounding chords. These error chords are in frames 4 and 6 of Bar i.
These chords are corrected according to the above rules, and the corrected chord sequence

illustrates that after correction, the detected error chords conform with the surrounding



These chords are corrected according to the above rules, and the corrected
chord sequence illustrates that after correction, the detected error chords
conf or m viwohoatma1®ar r oundi ngchords. Bar (i +1) has threePemrsoromsvosds i n
frames 1, 6 and 7. The corrected chord sequence again results in distinct
grouping of simlar chords. Detection qf vocal and instrunmental boundaries
Referring back to Figure 2, the next stép in extracting the chorus is
detecting vocal /instrunmental boundaries (step 66). It was previously shown
in Figure,3 how th?, frﬁquency range 0-22,050 Hz coul d be segregated into
the 8 sub™Bidids Bk (¢} bas Jupciergr chondhdn firmesal, G@@ndviks ThS. cofieetcd ndhiofd

audi bl e ’ e t ceconyndat e t he harnoni cs
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f undanentB¢tedtiosmpfencil esd distusres] pomdtisers i n a nusic signal is considerably
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Hz. Fi gur@czl/ihgthgﬁérﬁﬁ%ﬁn@argg&q&§§6)( equired in determning the purely
instrunental regions of a nusic'signal. To utilise the aforenentioned
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representA pRates nubibet bL filtbrst 8@ pplied to the sub-bands corresponding to the frequency

range 80-1200 Hz to obtain better resolution of the vocal content in this region.

Referring also now to Figure 8, the preferred number of triangular filters 134 to be
applied to the respective frequency sub-bands 132 is shown. To determine regions of
purely instrumental music, a frequency scaling method, called the “Octave Scale”, is used
to calculate the cepstral coefficients of the sub-band frequency filtered frames (step 124).
These cepstral coefficients are called Octave Scale Cepstral Coefficients (OSCCs). Using
the “Octave scale” is found to produce superior results when compared to detection based
upon the “Mel scale”.

To determine the structure of the beat space segmented frames 108, the OSCCs
singular values (step 128) are analysed. The singular values are derived through Singular
Value Decomposition (SVD) of the OSCCs. Comparatively high singular values describe
the number of dimensions which can be used to orthogonally represent the structure of the
music, whilst smaller singular values indicate a highly correlated structure. The singular
values thus change according to the structural variations in the music. It has been found
that singular value variation utilising Octave Scale Cepstral Coefficients (OSCCs) is

smaller than Mel Frequency Cepstral Coeffients (MFCCs) when analysing both pure



music, whilst smaller singular values indicate a highly correl ated
structure. The singul ar val ues thus change according to the structural
vari ati ornwoiznoztiesosusi c. It has been found that singul aPCraiGaeswaszat i on
utilising Cctave Scale Cepstral Coefficients (OSCCs) is smaller than Mel
Frequency Cepstral Coeffients (M-CCs) V\,Een anal ysi ng both purevocal, and
vocal mixed with instrumental nusic. THZs i nplies that OSCCs are nost
sensitive to nusic with sonme vocal content, and hence a snaller variation
in OSCCS wi Il indicate a region of vocal content. Figures 9 (a), (b), (d)
and (e) ivYocalstapdtvecalhmixddnyith dnstoahensalvianiiat i Biis dinplies CBOMSGEB aMd-GGst
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vocal (IW) frames. Simlarity region detection Again referring back to
Fi gure 2 scisidve toryecals than/to thetinstisnenddls.boundar i es have been deternined (step
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(processed in parallel) to detection of simlarity regions, as there is no
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type det @neReRd BE ISEAHGEv a1 BELREHES N1t has been empirically found that 10-16

coefficients is sufficient to distinguish sections of the music signal 16 with vocals. A

support vector machine is utilized to identify the purely instrumental (PI) and instrumental
mixed vocal (IMV) frames.

Similarity region detection

Again referring back to Figure 2, once the vocal/instrumental boundaries have
been determined (step 66), melody-based (step 68) and content based (step 70) similarity
regions are detected. It will be apparent to those skilled in the art that instrumental/vocal
detection may occur before, after or at the same time (processed in parallel) to detection
of similarity regions, as there is no direct dependency. It will be discussed later how

characterising the song type determines the sequence of detection.

Melody-based similarity region detection
Referring now to Figure 10, there is illustrated regions Ry, ..., R;, ..., R; which

have the same chord pattern 166 (and hence similar melody) as region R;. It has



Mel ody-based simlarity region detection Referring now to Figure 10, there
isillustrated regions R2, ..., R, ... , R which have the sane chord
pattern 186 20emdiience sim | ar nel ody) as region Rl. |t phasgeresiooaesty been
di scussed how fundanental frequency analysis can be used to detect the
chords, key and chord transitions of a gusi c signal. Figure 11 illustrates
the steps in a process 170 taken when a tecting nel ody-based simlarity
regions of the beat space segnented nusic signal 96. Once a first chord
pattern has been detected (step 172) and identified (step 174), an
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region is the region preceding the matching point, equal in length to the detection window

utilized (ie. 8 or 16 bars in this example). In the present case, when an 8 bar detection
window length is used, there are 3 matching points 192, 194, 198 under the threshold.
The 8-bar length regions R, ~ R; have the same chord pattern as the first 8-bar chord
pattern in verse 1 (R;). When the matching pattern is extended to 16 bars (r;), there is no
other 16-bar region with the same chord pattern. Therefore the three regions R; ~ R3 are

characterised as melody-based similarity regions.

Content-based similarity region detection

The melody-based similarity regions 192, 194, 196 can be further analysed to
identify if they are also content-based similarity regions. Content-based similarity regions
indicate multiple sections containing similar vocal content. This is particularly important
for detecting the chorus of a song since it is the chorus which is most repeated, and hence,
most recognised by a user.

Figure 13 illustrates the steps in a process 200 which is used to determine content-

based similarity regions.



for detecting the chorus of a song since it is the chorus which is nost
repeat ed, and hence, nost recognised by a user. Figure 13 illustrates the
steps i n woprouas®s200 which is used to determ ne cont erChaseassnotarity
regions. Step 1: Two nel ody-based simlarity regions 180 are sub-segnented
(step 182), preferably into 30ns segneqts with a 50% overlap. As previously
di scussed, OSCCs are highly sensitive {8 vocal content, and relatively
insensitive to instrunmental nelody changes. Therefore, the OSCCs for each
fixed-tinme segnmented nel ody-based simlarity region are extracted (step
184). The OSCGemile Twedndlodyi-batied sinailarife regiesefiffeare fsub-seghentédh (stépel 8B ody
based simlarity. regions. St : di stance and dissim| arj bet ween
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pat t or ne. g s pRisEisaTHEN 188, TS BRI S ARG AR ohRB IS RE o,

chords, tthenmiddythashbsigdlasitynebinis.ty regions are shifted (step 188) back and
forth and Steps 1 and 2 are repeat.ed. Preferably, the shifting into the
precedi ng/ succyeRlizag Thadistancs andigdissimilaritycbrivren frafure yesigroohiie malodsnent s.

This al | oysed 0ol Wi R afd B, 18 biYulaRd! @RS 1%6) sihBSdn (@) BHIRE! (BF  Of
di ssinil geﬁé%y?%lﬂ%%? t%p%z det ect’ggé.' @t%p g:@{ﬂ?e né %islngmcg}@si m&]%'i(tg( R
R ) is calkspectavtedyl (step 190) for all shifted region pairs, and then
normal i zed (step 192). A |ower nornalised val ue indicates that the beat
space segmented mel ody;ba FORA] afity regions have a similar vocal
content. A suitabf&"¥hres Qkﬂﬂt{th1rf for detecting siml@g content-based
regions is found to be 0.389. éong characterisation

« distrr; (k

dissimilarity(R,, R,) = zdm"’—"f() (6)

k= n

The dissimilarity(R;R;) gives the low value for the content-based similarity
regions.

Step 3: It was previously discussed how errors could be introduced when
detecting chords and chord patterns. To overcome the pattern matching errors which
occur due to error chords, the melody-based similarity regions are shifted (step 188) back
and forth and Steps 1 and 2 are repeated. Preferably, the shifting into the
preceding/succeeding bars, is 4 bars in length, utilizing 2 bar increments. This allows the
melody-based similarity regions with the minimum value of dissimilarity(R;R;) to be
detected.

Step 4: The minimum dissimilarity(R;R;) is calculated (step 190) for all shifted
region pairs, and then normalized (step 192). A lower normalised value indicates that the
beat space segmented melody-based similarity regions have a similar vocal content. A
suitable threshold (THgmy) for detecting similar content-based regions is found to be

0.389.

Song characterisation
Making reference again to Figure 2, the music signal is characterised using
detection of melody-based and content based similarity regions. To characterise the

music signal, rules are applied based upon the structure of popular music. As new genres



Maki ng reference again to Figure 2, the nusic signal is characterised using
detecti on of nel ody-based and content based simlarity regions. To

char act erweeottai13mesi ¢ signal, rules are applied based mposGebs/sexuct ure
of popul ar nmusic. As new genresof nusic energe and gain |isteners, other
rules may be required. Below is an exanple of rules which may be used to
characterise the type of song: (c)The [ pi cal song structure follows the
verse-chorus pattern repetition as showmn below. a. Intro, Verse 1, Chorus,
Verse 2, Chorus, Chorus, Qutro b. Intro, Verse 1, Verse 2, Chorus, Verse 3,
Chorus, Mfasise eah@gé and ghnildgeersChihetimlesGhay bsreqired.oBelow istanexaiviplese 1,
Verse 2, Chor Verse 3, Mddle el t or rldge Chorus, Chorus, Qutro

(c) The miThie %ﬂ%‘?ewd\%?%aégct%%? ‘FIE’PEQ S¢%2-2 and 3 respecti vel y. (c)The

verse and c h%?l?ﬁf}@{p?caﬁ s@ﬁr%ét@u@lifesfo 1979 thel {férg_él%hd%ug Pakerdl @Pdtition £ Mowhb bars

long. It has el In key of a song or different keys. If the length
of Mddle ei gﬁfelcxve |l ess than 8 bars it is identified as a bridge. Chorus

det ecti on bas son ur 1 are flowharts
illustratind H%OR{ p(é%gusps}ﬁgsé’si% %foﬁ?‘F ™Y he chorus sections by
character|5|n acc d|n V84 y ly,
the Intro sebct esrsef %Q;tp OYFerFe 2? éihorlt‘l %V\gg%peﬁ w%ﬁr df-g ﬁ%%%’t hat
vocal /i nstrumm{oadls, tmy(ﬂdarl es could be detected by applying filters to the
appropriate frequency bands of a nusic signal and extracting the OSCCs.

Thus, we car.ilgestVérye 1 'eers® 2] OHoMOE,0VotsS B Midibe ¢igheqr Bidge, honls, Ghomss
before the 1st vocal region is identified. This section is identified as
‘Intro'. If siQ€M frames are detected at the begl nni ng of the song, they

are not considered as part o e Intro cause t do not carry a mel ody.
Ref erring agai P‘E)mtlli"l@u&?ﬁ‘l“@ rPt ivsredand ghotu ési?n%‘éie%/ﬁép"ecﬁﬁdgf the Introis

usual ly the b@m@{, é@mgg drt16'@¥s19ﬁ»‘g assuned that the length of
ch

Verse 1 is 8 or ord sequences of this length are used to find
t he nel ody- bas@&fhs mrddllaralgl;t is 8gproktsbqrs aye. Illkla)s ¢1theaﬂmam lsiygefad sarg on f

there are onl ydﬁ%erent keymaff(%lqé/ len gﬁlegf lélllcmlelz girgh% % 16%haN'8 bars it is identified as a

bridge.

Chorus detection based on song type

Figures 14a and 14b are flowcharts illustrating the steps of a process 210 to detect
the chorus sections by characterising the music signal according to the above rules.

Typically, the Intro section is located before Verse 1. It was previously shown that
vocal/instrumental boundaries could be detected by applying filters to the appropriate
frequency bands of a music signal and extracting the OSCCs. Thus, we can identify the
introductory section (step 212) which occurs before the 1% vocal region is identified. This
section is identified as ‘Intro’. If silent frames are detected at the beginning of the song,
they are not considered as part of the Intro because they do not carry a melody.

Referring again to the aforementioned rules, since the end of the Intro is usually
the beginning of Verse 1, it may be assumed that the length of Verse 1 is 8 or 16 bars and
chord sequences of this length are used to find the melody-based similarity regions (step
214) in a music signal 16. If there are only 2 or 3 melody-based similarity regions
detected, they are identified as the verses. Cases 1 and 2 (below) explain the detection
and discrimination between chorus and verse:

Case 1: Two melody-based similarity regions are found, (step 216).



detected, they are identified as the verses. Cases 1 and 2 (bel ow) explain
the detection and discrimnation between chorus and verse: Case 1. Two

nmel ody- bawedosiaridoarity regions are found, (step 216). | RCTIsiGRo5aA8@47t he
song has the structure described in ((c)a). If the gap between verse 1& 2
is equal and nore than 24 bars, both tag verse and the chorus each are 16
bars long. If the gap is |ess than 16 rs, both the verse and the chorus
are 8 bars long. Using the chord pattern of the first chorus between verse
1 & 2, other chorus regions can be determ ned according to nel ody-based
simlarity detladhissasel ig sogehesths stuictigedesasibeadipdfta) bifttheegap hatwsen warse

h i | i t h b [ t I
cimi 121 1) S Bred RO e Bt HE o St G T SR e oo tooar 1.
Case 2: Tifitigegsy isnessetha®l16 byrss boil tkivieyse! D@ HOSh&HS afeO8 BEss 108k 0sid e | N
this case, the song may follow the ((c)a), ((c)b) or the (Fc) pattern. Thus

the firstchophpakerappfetbesiisbchemp hesvem yerge 3 &nd, wihes shorusnrggioni egancheor us
sections i imd:ar .pr Q. . d i hed,§ n e 1..lf there
are nore c%éfiéan é‘ﬁrr%lfcg}cfi)}@%bgge §(?}E1B€S§§istn§}hfﬁrggi %énééﬁoguﬁ@ ) \Aﬁe%f%a% %’é‘r%?ir%y to
det ect t heppedrobaiweeregeronand ichofusmalrivice Vdred, whaligh dieushortiobdl cpaiphfing the
partially or f.ul%%.si(gilaqq toéﬁrée, verse chord pattern. Thus we detect the
8- bar | efngelsiRfigntics o dhs deteriediegions perording thespisibassd suptatityl | | ength of
t he chorus) by L Y& L bard g: i e I - based
simlarity r eg(i:%gg. T%%%r%ﬂéﬁ%ﬁ%@s%h%t?ﬁ%g@%% t Ia’e(S ségtrg m nation of

t he verse and lnhlisgsses thetsoogmay Coldew Bee: (D4), (D) srebo (@ c)pdtedy -Thas de first
simlarity region is found to a part of chorus (ie..it has . .

cont ent - (50008 Pt BrthEe Srh2 & Adnd Mecp bt Sl Sngeiinponeaimiies)
pattern. grbeddafe @amat DREMBENINEARY -TPSRE afd MoteAthah Y3 BB HasdALsifailBArANd R
& R3 are nore than 8 bars, the verse and the chorus are each determred to
be 16 bartsgiophdounhwhen Aderapiingdtopdeteesrthe ¢homis tregionsiih dopli¢sethgt thei ehorus

i ncrease S..and t I ions. ane detected. After t erse
sections dcé#)gd %agttf grgfs Ragtgaqlé’h%sfﬂgﬁ g%@% a?g‘?\ ghec‘ﬁa’ﬁseb%mﬁch aetjiclné §i%egge§eq§?ﬁ? g'ar

met hod asbar derfgals @hdrus Gastiondhire Idetdcted GRgONGt PEkRANIDRSSEt 6f el drhy) Byegi on
is found to be a verse (ie. it _does not have content-based simlarity

conpar ed 3ghzigithevaeal S’rf'léibﬁfﬁir% jn therpeledyrgased| sirilarity megipws Casy 2¢ prd Cosg t er n
228, ; i: -he- - dsimlarit i R
&R and TP S R A AR A RS BRAKRRCC O L a0 O

& R2 and chorus is simlar to
Case 2a: If the second melody-based similarity region is found to be a part of a

chorus (ie. it has content-based similarity with other regions), the song follows the (Da)
pattern. If the gaps between melody-based similarity regions R; & R, and R, & Rj are
more than 8 bars, the verse and the chorus are each determined to be 16 bars long. Thus
the chord pattern detection window length is increased to 16 bars and the verse sections
are detected. After the verse sections are found, the chorus sections can be detected using
a similar method as in Case 1.

Case 2b: If the second melody-based similarity region is found to be a verse (ie. it
does not have content-based similarity compared against other regions), the song follows
the (Ob) or (®c) pattern (step 228). By checking the gaps between melody-based
similarity regions R1 & R2 and R2 & R3, the length of the verse and chorus is similar to
Case 2a. We can find the verse and chorus regions by applying similar procedure
described in Case 3 and Case 1. If the neighbouring regions of verse 3 are determined to

be chorus’ the song type is ®b. If there is no chorus after verse 3, the song is assigned

type @c.



Case 2a. W can find the verse and chorus regions by applying simlar
procedure described in Case 3 and Case 1. If the nei ghbouring regions of
verse 3 awe detrmni3vsned to be chorus' the song type i s FiBCTISG20d3@®0@47 S no
chorus after verse 3, the song is assigned type Fc. The |nstrunental
sections of a nusic signal 16 may have 2 simlar nelody to either the
chorus or the verse. Therefore, the mell dy-based simlarity regions which
have only instrunmental nusic are detected (step 230) as | NSTs. However sone
| NSTs have different nelody. Preferably, a window of 4 bars is utilized to
find regi ons vhechstramentaNSTsionTlof aappsiaragred 16f may havel gesindlanesdody twer se

and chorus,can be detected (s 32)..b hecki ng th ap between them |If
The oan 1Rl Mol ot Vorieo 1 EBieRAR i bosl O st s Fnftl Foai Gl e bAYe | ¢
i's consi dgilehshameMaT mdidae et tddt (step 25 et B RS FRwekedaine INSTH@agaP has
a different keg it is detected as a mddle eighth. Fromthe song patterns

t
((c)a, Fuliffgrepemelody; Preferablyea yaadow lodtd bass dy stilized todindoreginms eviugh tgys cal | y
a chorus. Qutro is detected (step 234) as the section between the end
of the | ast chorus and the end of the nusic signal 16. Video Anal ysis The
pur pose of vi dEe sppahstesofi sbridgedrtvessn 4 @ped idd aherisydah¢@ cfetd@fﬁdt(}@@p\mgﬁo
signal and align the detected chorus 36, 236 in the nusic_signal 16 to
create antb’o‘ﬁlef)%%ﬁ]%e ganbstwesn thgmy | I thesgap i iloreo(tymicatlyapre @@n%ﬁaﬁ)ﬁ)rﬂéd% is a

fl owchart i 4 . ract§ Vel GS vi deo
R A A e B e R S e
st r uct ur dehs daliffisrent kelyat s dotwoted as aasiddie egdhth.canera shots are identifi ed.

Shot segnentation s well kno in.t rt. and can b erforned in_a
variety of wa .°m§b8 SPRF P%S?H}?}Q’E)&’ r@é&ggﬁ nltﬁ%gﬁs?ﬁéﬁatg’ém FheaSWB?ﬁ‘heB%/ Nuno
Vasconcelig Ty"D SRR Us, THRADRD isNRERdd tsipOImBlak @R SRS Seivitdn FYSERIBF Vol .
13, 2000. The original video sequence can be represented by the shot set S=

{s , . 2,thelastchoms andeheend ofsthe musieisignal 16f camera shots detected. For each
shot sh a key franmed is chosen as a representative frane fromwthin the
shot. It is found that shot boundaries comonly contain transition franes

whi ch wi |'Videb Amnalysis

The purpose of video analysis is to detect repetitive lyrics from the video signal
and align the detected chorus 36, 236 in the music signal 16 to create a continuous and
meaningful music video thumbnail 50.

Figure 15 is a flowchart 240 illustrating the process of extracting lyrics from the
video signal 18. The raw video sequence 18 is segmented (step 242) into a structured
dataset where boundaries of all camera shots are identified. Shot segmentation is well
known in the art and can be performed in a variety of ways. See for example, Bayesian
video shot segmentation, by Nuno Vasconcelos and Andrew Lippman, Neural
Information Processing Systems, Vol. 13, 2000. The original video sequence can be
represented by the shot set S= {si, 52... ,5,} where n is the number of camera shots
detected.

For each shot s;, a key frame f;is chosen as a representative frame from within the
shot. It is found that shot boundaries commonly contain transition frames which will blur
the lyric caption. Therefore, to ensure the most salient lyrics appear stably in the shot, the
representative frame f; is selected from the middle of the camera shot instead of from the
shot boundaries.

The detected shots are classified (step 244) into two categories: close-up face shot

and non-face shot. The appearance of a face-shot is an important characteristic in music



the lyric caption. Therefore, to ensure the nost salient |lyrics appear
stably in the shot, the representative frane is selected fromthe m ddl e of
t he canerwozhetoiizgt ead of fromthe shot boundaries. ThecuisGeas@dozshots are
classified (step 244) into two categories: close-up face shot and non-face
shot. The appearance of a face-shot is_gn inportant characteristic in

musi cvi deos 18, as it may indicate the1§resence of the main signer or
actor/actress in the nmusic video 18. Therefore, the nusic video thunbnail
50 should contain the face shots as the user is |likely to recogni se them
The face ddebsridnas domaysindicatedhe preserice wéltle mpineagner or aéter/misscinvihd @usis t he

song progr.esses.Ihe. nost salient differe etween a cl ose- face shot
andga nog\il Ac gés etré%loge, e %tﬁqoot;l}ugﬁaan?ﬁ@ %8%%?%&‘% %86 gﬁ?t%é‘ﬁ thg e
face) . Theeefslilely $hficbgiibateh Mhatth@aidndiafRE sHHQ 'lltklkhﬁﬁﬁel% ‘éﬁ}f)éa?‘?ﬁ WheS:
(1) Canera notion: As the canera always follows the novenent of the nost

i mpor t antmHs dideo as ke sepganragtesses-obhepmosti sabientdiffersned begween o clospupsfece t he
i vi LShiC: j he f f : ti
anacéjlrl;llt Lée@gﬂo ?%:l%eﬁﬁ i g%&/l?&%fg%%%t&gﬁ%? F%frlld |ere£%at%|ﬁ%érjl ?)?gggngpjge\éﬁeorélﬁquﬁ@nel ? gr,

caner a t i THerqfareqsidreclassifitatianiyrasedaponbésetRodeatates: Wel | known for
determ nii] Cam%ti on, an% may be conput ed_ usi ng the Motion Vector Field
extractedromt FPRQLO8E sy ihgegmera plvrays follpys dhe noysmenppef thenmost

characteristic Ofimggﬁérﬁscﬁ)jéw tT’lQQ:tame*J nfoﬁ%ﬁ}r&&i esdgtlﬁgfu?@ué o tr&?e%e\gﬁthekilgm

shoul d be classifi as a cl'ose-up face s ace detectron i
in the art and cantivity ped fdwarasttristic afvihei ettjyctofTheafesturdSe of faverage anplicn

Statistical |earning.of nulti-vjew face detection, by Li S. Z., Zhu L. ,
Shang 2. Q. Bl dvEtitoe, Bitoh sHiStY, aBE R heslo ST ehPRREIE on
Conput er Vi si on, cReefmkik Fa{%etezoﬁ%- cdfeBC SH6AT BArdmEleR Sk f Well N3P or
candi dates, the above features fromi ndi vi dual shots should be fed into a

cl assi fier whi ch detesminies camerachotinn ashmayrhy edngorted bising The Madtpor Vedion f or

machi ne | ear ni ng (. |l . known.din the art and can be perforned in a variety
of ways. See for f’é‘i‘%@n%ﬁf%ﬁte%ﬁ&f?wm%ﬁ%ﬁirv %ect or Machines for Lar ge- Scal e

Regr essi qp) Probl @ase: PaceGel Ao @pbrtanR chafttbriBe@O Bf0a cBse-upOshonalf fkedVReNi Ne
Learning Resear C%éte):/t%li i:rLl’ thgos(l)lgf, i;tL igc-)u]igoﬁe classified as a close-up face shot. Face
detection is well known in the art and can be performed in a variety of ways.
See for example, Statistical learning of multi-view face detection, by Li S. Z.,
Zhu L. , Zhang Z. Q. , Blake A. , Zhang H. J. and Shum H., European
Conference on Computer Vision, Denmark, May, 2002.

To accurately classify the shot candidates, the above features from individual shots
should be fed into a classifier which executes a machine learning algorithm. The
algorithm for machine learning is well known in the art and can be performed in a variety
of ways. See for example, SVMTorch: Support Vector Machines for Large-Scale
Regression Problems, by Collobert, R., and Bengio, S., Journal of Machine Learning
Research. Vol 1, 2001, 143-160.

The classified shots are then utilised for lyric recognition and the generation of a
lyric set 246. Given the representative frame set F= {f},f3,....f.}, lyric detection is applied
to each representative frame f;,. Lyric detection from video frames is well known in the art
and can be performed in a variety of ways. See for example, Automatic location of text in
video frames, by Hua X. S., , Chen X. R,, Liu W., Zhang H. J., 3rd International
Workshop on Multimedia Information Retrieval, Ottawa, 2001.



The classified shots are then utilised for lyric recognition and the
generation of a lyric set 246. G ven the representative frane set F=
{fi,f2,..wbD2nd701k308i c detection is applied to each represersiGaoisweody anef , .
Lyric detection fromvideo franes is well known in the art and can be
performed in a variety of ways. See for exanple, Automatic |ocation of text
in video frames, by Hua X. S., , Chen ¥ R, Liuw, Zhang H J., 3rd

I nternational Workshop on Multinedia Information Retrieval, Otawa,

2001. The frames containing the lyrics are used to generate the lyrics frane
set F', wher e Herfreassicohtaiining the lyites dry nsedso fgemsreteslad lyFics fitime setokit ehiereof

each lyrics is recqgnized. The |ow resol ytion of video (typically 72 dpi)
is a ] (JF:%Mtze-zgﬁ}%Folfﬂr&%h frame jp the lydes,Bame sefd” ,éﬁqoeént @ﬁ%ﬂcﬁéms

Recogni ti; ' [ '

document 4 ppiigd, JYE ST EeclRNn PR SACORRPRARE 1> QoD E £ RAICE S04 BB PREIems o4
resul ti ngnilyricrendgriition. Qpeichl Ghdargdier RécoghitioadOCRYGysieme have beenalesigned o
obtain good results, wiith stand r,qEOCR ) ste({*ns, it 1s.nec s;lgr%r;tq% enhance
the resol8R9E3HCIFXt Hedadih _éﬁmf YT PGIERC &, BiTEso Ol YoftalPS P i0SPUKed to
rescal e tfpdpebullify qlgfa gl R} héiFth@IUét 1REstRio*giksls. Whbdder BY 8BRSl t he

aspect ratio. Prefera , the rescaled text height should be at |east 40
pi xel s. Thaullsywitl sstandlash AIGR spstems,uittis mecessaryy b enlmnge |the iresolwon of the
C{cj,C2,...,¢C ., Each gl.ement c, .in.this set corresponds. t he t.ext
cont et opeipSipd et IR (i€ pmaletiolad fhe BlesfRl DS RROEERNE phl e
whi ch occibut D0 tRelHNRhils pRsservirgUek | Abpddi @ati® Sktrefestd@Nthe @escarRddext Reighsong
and are therefore the nost useful in a nmusic video thunbnail. A mnusic

phrase neshopldde af fasts¥pikels. shots in a nusic video. Therefore, a single
musi ¢ phrase re 10 I tin i gSchn.th VI set
C. To adj ust r@%é ﬁﬁfcg,l%g(%%ﬁf&nnugﬁgﬂfﬁ gé%griél ?Tgyg%gd)é%tlst%ei)&%ﬁ’S)”%{” ] E?‘gguce a
musi ¢ phredégerfief inRhis{spi copsponds 1dPthe text Comtent dfifeanmSiin lypies fimmeset FP, Tleach
nmusi ¢ phrase, (i.e., plju) is matched with the lyricg set starting fromthis
l'yrics (ireetitiyegausic phragesiwhich gecur in the cheyus fre,pyiply, the mpstiresentsgd verds ng
mat chi ng ; I , i : B t CRILNG tch
The Iy 1o on B B L e e P o
lyrics (demptlest fas s¥veral shotednta diusicamicdeo.nfhercford, ¢ Xingle nmsic phese dnahi ch

5, el ned e e mLnlmn cost, oL :8 SRS of o L SPo (hsert on.
el ement Ou{iks drd {RREEERPLASY RprBlte U PRGE: &f PG, bl cappons that
“Given the music phrase set P, each music phrase (i.e., pi) is matched with the
lyrics set starting from this lyrics (i.e. pi pi+1...py)”, as it has been proven efficient for
string matching that allows errors, called approximate string matching. To match the
lyrics p; (denoted as X) with the lyrics sequence starting from this lyrics (denoted as 1),
an edit distance matrix D; (X,Y), is created which is defined as the minimum cost of a
sequence of modification ( insertion, deletions and substitution ) that transforms X into Y.
In the matrix, the element Dy(k,]) represents the minimum number of modifications that
are needed to match X ; to Y7 ;. The algorithm can be described as following:
Initial: D; (k,0)=k ;D; (0,))=0; 1<k<|X |, 1<IK]Y |
Recurrence:

D(k~1,1-1)+8(X,, ;)
D.(k,]) =min D(-1k)+1
D, k-1)+1

1<k<|X]
1</<|Y]

where 5(x,,7,) =0 if X;=Y;and 1 otherwise. |X'| and |Y | denote the length of string

X and Y respectively.



are needed to The al gorithm can be described as followng: Initial:
Di(k,0)=k ;D, (0,/>0; | |[X, I I'\Y\ Recurrence: where d(Xk ,Y,) 0 if Xk-Yi
and 1 ot wowern1130X\ and | 7| denote the |length of stringCxXsanasnoo247
respectively. The rationale for above fornula can be expl ai ned as foll ows.
D1 (k,0) and D1 (QJ) represent the edit distance between a string of the
length k or and the enpty string. For 200 (Ar50), clearly k deletions are
needed on the nonenpty string. Wiile for D1(0,1), because any text position
in 7 may be the potential start matching point, first row of the matrix is

set to zeros, THRi&lbnARAOS abd\R forRtly cﬁﬂb&%ﬁplaﬁﬁﬂ@be‘slld\mmIE,O))aJﬁTDD((BI)at any
text position. The last row of Matrix D Is defined as funcgtia
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enpty. TREOSEPOREPR™ IR 70 10 al ns sets, each subset
R repressoRiMifitakes:! U§ttﬁ‘[fes1€dld‘lltlﬁls6ﬂ g fihB ethe doeal migiiraumh? 3 ef ifancsien B(r).The

subset containing the nost repeated nusic phr npst el ements
i s det er Mrpfserbhs lold dsgpt t%z’ﬁéﬁ@géc%a@)gztﬁ i"r‘i’&%&éﬁ’ Apeat ed | yri c)s

are then extragf ednl $i8Ro FADd HiiehiSSarl &F HHEELANEe bOReEE tthe task to find
the most repeated music phrase (step 250) in the set P. The detailed algorithm is described
below:

1) Take the first element in set P, and find the repeated music phrases in set P.

2) Select the first element in set P, together with its repeated music phrases found
to construct a subset R;. Meanwhile, delete these music phrases in set P. Increase J.

3) Repeat step 1) and 2) until P is empty.

The set R={R;,.. ..,R;} contains the & subsets, each subset R; representing a
cluster containing the same music phrase in set P. The subset containing the most
repeated music phrase (i.e. the most elements) is determined (step 260) and is denoted as
R*opt. The most repeated lyrics are then extracted (step 270) for use in creating the music

video thumbnail 50.

Music video thumbnail generation

Referring now to Figure 17, the music video thumbnail 50 is created based on the
most salient part detected from both music signal 16 and video signal 18. For the music
signal 16, the chorus 36 is the most repeated part of the song, and hence is the section
which is extracted; while for the video signal 18, the most salient part contains the most

repeated lyrics. However, since the chorus detected in the music signal is not always



vi deo thunbnail 50. Misic video thunbnail generation Referring nowto
Figure 17, the nusic video thunbnail 50 is created based on the nost
sal i ent paotodetemsed from both nusic signal 16 and vi decTsicgoalood87 For
the nusic signal 16, the chorus 36 is the nost repeated part of the song,
and hence is the section which is extracted; while for the video signal 18,
the nost salient part contains the no2f repeated |yrics. However, since the
chorus detected in the nusic signal is not alwaysconsistent in time with
the nost repeated Ilyrics detected in the video signal, the nusic and video

si gnal CQIBRRAMnS RNt T MbitaBgshtdddysEeadtectédia the nialeo Bigaklc thei resic and
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si gnal s: isgﬂlﬁt Q645 WhichPard 3bAS@lred a6 QRO (Refepdbly @lQE tee Sasabeds than 0.3

corresponding lyrics (step 292) in the song as the candidates set, denoted
as F ={ ( sdvonds)ard disdarded)in this eperoach. This wilkreyult in Lyricast-Be biggen t;?li sty

where n s t n of .choruses detected. For each chorus (i.e. the z-th
chor us), r@ﬁﬁ}%gﬁg%é?ﬁﬁé%”ﬁ@@igwm time lines (i.e. chorus,=<Start-B, 5
End-B, >) and emgifingQhé gspeNbitadnl We flowing fiepsnats itakenitd elige dre wesic and

represented as: ryricsr=<LyricStart-B,, LyricEnd-B, > (2) For each chorus
i n dat aseidepsignaldpare the start time and the ending time between chorus and

measur e Fow wel | COMEEE § BASREE coBining SRMRIE AP coRshBldihe 1iRs 3tp 10
292) in the song as the candidates set, denoted as @ ={(chorus;
lyrics;),*,(chorus; lyrics;), **, (chorus,, lyrics,)}, where » is the number of
choruses detected. For each chorus (i.e. the i-th chorus), it is represented using
two time lines (i.e. chorus~=<Start-B;, End-B;>) and each corresponding lyrics
in the music video can be represented as: lyrics/=<LyricStart-B;, LyricEnd-B;
>,

2) For each chorus in dataset @, compare the start time and the ending time
between chorus and its corresponding lyrics respectively as a matching factor
(step 294) to measure how well these two elements (chorus and lyrics) are
matched. For example, if the start time and the ending time of the lyrics
(actually the start time and the ending time of the lyrics corresponding the shot
boundaries) fall in the +1 second of start time and the ending time of it
corresponding chorus, we consider that this pair matching is better than the
pair of +2 deviation. The dataset @ is than ordered according to this matching
factor. In addition, for each chorus in dataset @, the corresponding shot type
(close-up face shot or non-face shot) is assigned (Step 296). The first pair in

the matching factor order that contains a close-up face shot will be selected

(step 302) as the seed to generate the music video summary, we denote it as



mat ched. For exanple, if the start tine and the ending tine of the lyrics
(actually the start tine and the ending tinme of the lyrics correspondi ng
the shot wounefamims) fall in the 1 second of start timecasé2oismoenadi ng
time of it corresponding chorus, we consider that this pair matching is
better than the pair of 2 deviation. The dataset F is than ordered
according to this matching factor. In2&dition, for each chorus in dataset
F, the corresponding shot type (close-up face shot or non-face shot) is
assigned (Step 296). The first pair in the matching factor order that

contains a cl Ose(&hBrLfsaQﬁi&sh)Qllf M sHotPeorsbedifgltd Sideitses @2 Hataset tdharesegd t 0
generate the nusic video sunmary, we denote it as(chaorus*, lyri c;ﬂi. If all

shot's corr espondfasg sheiscthen ke §rst pairdn flatasetrParin MYATRE dacdoroerder pilkbet he
first pair in dataset in t chi r i ep
300) as the seed” Ei% %dr Eséqp 3 rf?scg]g)gse%%%%}?(yerg?é%céswrr{?sf%%\?istgéegﬁl%sﬁ(gV(%gi | .
(3) Once the seethupsnkil( chorus*, lyrics*) has been found, the nusic video

thunbnail is created based upon them (step. 304 For. t he seed pair.{chorus
. lyrics@), the ©Omee uhe issed é’ﬂ@n(%‘@n{she%lf%lléas)e"%‘??efﬂ‘{nganahet 3R Vide3

cor tespondi ng shg At i LIBRbAFAbHBER (sl JM4TErENhE SN pid (chortar t - B

to End-Bj). Referring to egu*re nmbnail is shorter than the
required | ength, ljrkes)phe chatun gis taken as teediblg clenent aph thesogrespondingeshots

integrated into the selected chorus to satjsfy.t |, engt equi renment for
the thunbnail . c_é]fﬁﬁhge?f\g%ﬁﬂg&ﬂ%ii%‘t‘WSh“t‘ﬁYéi pﬁ%%?%ftoﬁgf‘%ti ¢ thunbnai |

creation for erTérﬁng'tgq‘?%nb Q4F'iiefh%rtﬁ&h5n£r actliopRd thimi he raqERaeEAgthpHfepOSEe
conmput er system 400, such as that shown in Figure 19 wherein the processes

of Fi gur gsectding, omsucteeding mugic phrases1wil be Sntegrptedy inteyhe selepisd chemtse®@ as
software, syc S applicatio executing within the conputer
system 4681S ﬂ’%ﬁ?@ﬂéﬁﬁ%ﬁme {1%)1‘ g}egbgl%ﬁgﬁﬁet hod of automatic thunbnail
creation for nusic videos are effected by instructions in the software that

are carried out by the conputer. The instructions nay be forned as one or
nor e codé ammii¢rdgiplesgitatiosr performing one or nore particul ar tasks. The

erforms the aonanrEol bbb SRR RRC el BEINT 1o Tnd &
practiced using a general-purpose computer system 400, such as that shown in Figure 19
wherein the processes of Figures 1,2, 4,7, 11, 13, 14a, 14b, 15 and 17 may be
implemented as software, such as an application program executing within the computer
system 400. In particular, the steps of method of automatic thumbnail creation for music
videos are effected by instructions in the software that are carried out by the computer.
The instructions may be formed as one or more code modules, each for performing one or
more particular tasks. The software may also be divided into two separate parts, in which
a first part performs the automatic thumbnail creation for music videos methods and a
second part manages a user interface between the first part and the user. The software
may be stored in a computer readable medium, including the storage devices described
below, for example. The software is loaded into the computer from the computer readable
medium, and then executed by the computer. A computer readable medium having such
software or computer program recorded on it is a computer program product. The use of
the computer program product in the computer preferably effects an advantageous
apparatus for automatic thumbnail creation for music videos.

The computer system 400 is formed by a computer module 401, input devices

such as a keyboard 402 and mouse 403, output devices including a printer 415, a display

device 414 and loudspeakers 417. A Modulator-Demodulator (Modem) transceiver



second part nanages a user interface between the first part and the user.
The software may be stored in a conputer readable nedium including the

st orage deoviee1dmscri bed bel ow, for exanple. The soft wace/sicodsmaaad i nto
the conputer fromthe conputer readable nmedium and then executed by the
conputer. A conputer readabl e nedium having such software or conputer
programrecorded on it is a conputer p23gram product. The use of the
conmput er program product in the conputer preferably effects an advant ageous
apparatus for automatic thunbnail creation for nusic videos. The conputer

syst em 4Q{kvice 4f16hameRdd by the comnputeranodmeldd Bfot @dmmunesting &y bigbforauch as a
keyboard 402 and nouse 403, output devices ;lkgd udi n? printer 415, a
di spl ay cRoEmRwnigetions efwosk A% datesempleiconngctahla yiaa fep Bl lmsaen)

tr anscei vandayhPedibfh, I Thdifsiba¥16 05 GATRHICEERIULEs 10 RenfpmmMN catl | ng

to and froma connuni cati ons netwo or exanple connectallle via a
t el ephoneothérmetw@k spsteras,sach asimEbcad Aaba Wedvarkn(LANG one déide Atéa Nefwdnle used to

obtain ac to . the |Internet nd ot her net wor. tems, such as a Local
Area Net V\éﬁgﬁf@iaﬂﬂl)m%’rbea‘nwl@@ }ﬁ‘@&“ﬁ\ttg?ﬁﬂpﬁu W‘ﬁezﬁinﬁﬂfn%e i ncor por at ed
into the jpomidRitioRdul e 401 in some inplenmentations. The conputer nodul e
401 typically includes at | east one ocessor unit 405, and a nenory unit
406, for exanplle dooxpmbes rm@h é@rﬁypmaﬁmmbxdes aﬂ@mﬁpa@pmgssn@n@t%im and
read onIy menor MW gerofd duléa}o al so 'd ctrurolale1 a nurrsbe o

i nput / out BHFP ont By 53‘5‘8 PHRYUATRGRICRbA 3= V&0 At ePFace 407 t hat
coupl es t@AMBaivd ﬁa@oﬁly&ﬂéﬁyry«k‘ﬁ)mndrﬁmd&mea@earso%iciudeara ouf®et 6f er f ace 413

for the keyboard 402 and nouse 403 and optl onal |y aG{ oystick (not
i |1 ust r atiapyt/ouipi (BQ) ivier&cen ieludim ampudiqreidge indeitace Oaﬁlept,smlpl@%ﬁo thas. |n

I L1
comput o PGPS0 8P4 ald oul BRI HE O REAFRE NP R AR DI (i ce
309k| 3 prmvgséﬁ%&d opyma;mrld J?ystrckld(mieﬂu?rah?lb dalnldlankntdrfacemomiﬁr thled abf I oppé
is rive netic tape driv not, illustr so be use
A CD- Rowapil%%@znﬁr @tﬁb“]c?aIIWOBFWP@&}?nE’%‘OBS iRmeden ?liga“éﬁg’fece of dat a.
The C0”poiﬂg%éra’?&%@nﬁ@c&ﬁoplﬂéﬁgmwwprfo \Rﬁ% Wik thy Hit&?écle Mogommuni cat e
er connect ed bus 404 an I C

via an int In a rmanner results in a
convent i ostadagerddeca)409ap@rmdadramiftymh:dlymnqlpdesaa haﬂshmmalﬁmd\n floppy hose i n

the rel eVc?ﬁs"k dg\rzet 411. IE r171:Pag(;"1g’ucotapg 8nnve no{ 18 at% may also be used. A CD-ROM
drive 412 is typically provided as a non-volatile source of data. The components 405
to 413 of the computer module 401, typically communicate via an interconnected bus 404
and in a manner which results in a conventional mode of operation of the computer
system 400 known to those in the relevant art. Examples of computers on which the
described arrangements can be practised include IBM-PC’s and compatibles, Sun
Sparcstations or alike computer systems evolved therefrom.

Typically, the application program is resident on the hard disk drive 410 and read
and controlled in its execution by the processor 405. Intermediate storage of the program
and any data fetched from the network 420 may be accomplished using the semiconductor
memory 406, possibly in concert with the hard disk drive 410. In some instances, the
application program may be supplied to the user encoded on a CD-ROM or floppy disk
and read via the corresponding drive 412 or 411, or alternatively may be read by the user
from the network 420 via the modem device 416. Still further, the software can also be
loaded into the computer system 400 from other computer readable media. The term
"computer readable medium" as used herein refers to any storage or transmission medium

that participates in providing instructions and/or data to the computer system 400 for



descri bed arrangenents can be practised include |BMPC s and conpati bl es,
Sun Sparcstations or alike conputer systens evolved therefrom Typically,
t he appl iwetzb@miposgram i s resi dent on the hard di sk dripce/sé2®sane4r ead and
controlled in its execution by the processor 405. Internedi ate storage of
the program and any data fetched fromthe network 420 may be acconpli shed
usi ng the semiconductor nmenory 406, pdsibly in concert with the hard disk
drive 410. In sone instances, the application programnmy be supplied to
t he user encoded on a CD-ROM or floppy disk and read via the corresponding

drive 412xQdutifn &ﬂd/opﬁro@éséiﬁ%ﬂ Ekivipley ofBiyrage niedadinblydé Aeppiséiskd, bmpnétive
network 420 via the nodem device 416. Still further, the sof t,%re can al so

be | oadethpenCH-ROM, edapldigk duye aRONOw ipteaiptest dirritcymagrte-oplctl dbkeOhedi a.
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to the cQspidéLire B&halorétria oéfecohipater andubr 4 dbmewpilesef tiErsmisbiens of

storage nedja include floppy disks, nmagnetic tape, CD a hard dj sk
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devices are In or external of the conputer nodul e 401." Exanpl es of
t ransm ssiaasmissidnsardiafombetiomicorded onrWelmitesahd thahi¥ed ssi on channel s as wel |

as a network nnect i t o another, ca ter or networke ey, : t he
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Pr 0CessOlfere MicRPFoceEsoind abdeidaigt memsaes.s and associ ated menories. G ai ms:
1. A nethod for automatically creating a music video thunbnail of a nusic
vi deo signal, conprising the steps of: separating the nusic video signal
into a nusic signal and video signal; extracting the sections of the nusic
signal corresponding to the chorus by detecting simlarity regions;

determ ning repeated lyrics in the video signal;




mat chi ng repeated lyrics with the correspondi ng chorus section; selecting a
repeated |yrics and chorus pair; and aligning said selected pair to create
sai d nusiwownareaizoRunbnai |l . 2. The nmethod accordi ng to elcaisezdosteesa? n t he
step of extracting the chorus further includes the steps of: detecting
instrunental regions; detecting nelody-based simlarity regions; detecting
content-based simlarity regions; appl¥Png rules based on the sequence of
detected regions to deternm ne the type of song; and extracting the chorus
based on ¢}M¥et er i ned type of song. 3. The nethod of clainms 1 or 2
wherein the step of extracting the chorus further includes the step of:
sel ecting the section corresponding to the chorus as a region identified as
a mel ody-basedA siathddafior tytometcaily @aging a@ﬁﬁ@ﬁﬁe@ﬂﬁﬁ%ﬁil@h%ﬂsﬁ&’ﬁ?&gi on. 4.
The net hod aﬁcordi.nig\ to any ogne of clains 1-3 wherein the step o
ext ract i P PHEPREFNS e FeM5et: i ncl udes the initial step of segmenting the
musi ¢ signal i s AR . bai ual to the duration of
ti me between tsﬁgﬁgﬁ%ﬁg?%usﬁlge%%%g%ﬂetgQ%&fﬁﬁwnﬁgﬁ @V%‘#e&ﬁ‘e%“?‘%. The net hod
accordi ng to exiketing théssctions ofthe stusje sténab egr@pondige tdihe BHGLSbgi gnal into
frames fLH’e{el‘(I:Hrl i.nci udes the steps of: separating the nusic signal into
frequency su 2 AAY e n‘ﬁ’g’r?élﬁ’t s; detecting onsets in the frequency sub-bands;
det erm ni ng t kietekinidhg FPEAES] fcs%&%%%deots?éﬂapg t he autocorrel ati on across
the final series of onsets; detecting patterns of strong and weak onsets in
t he aut ocor r e/matehing repeeted lyried withetheroorréspgndihg clmarss secsignal i nto franes
based on the r.atl . Str and .weak onsets. 6. The net hod

(1 e@tﬂﬂg?ﬁ‘ga%%t%ﬁ@*cg gntg{;}g)rgu

according to clarm er ei DFEEPLr mining the final series of

onsets furt henligniab ysidseclebied phiego Okatt akidBusid VG IRRIKRE SUM of onsets
detected in the

2. The method according to claim 1 wherein the step of extracting the chorus further
includes the steps of:

detecting instrumental regions;

detecting melody-based similarity regions;

detecting content-based similarity regions;

applying rules based on the sequence of detected regions to determine the type of
song; and

extracting the chorus based on the determined type of song.

3. The method of claims 1 or 2 wherein the step of extracting the chorus further
includes the step of:
selecting the section corresponding to the chorus as a region identified as a

melody-based similarity region and a content-based similarity region.

4, The method according to any one of claims 1-3 wherein the step of extracting the
chorus further includes the initial step of segmenting the music signal into frames, said

frame length being equal to the duration of time between the shortest note detected in the

music signal.



musi ¢ signal frequency sub-bands. 7. The method according to any one of
clains 2 to 6 wherein the step of detecting instrunental regions includes

t he stepswof2ommpmsati ng the nusic signal into frequencycIsic2msndo247
conponents; applying filters to said conponents; extracting Octave Scal e
Cepstral Coefficients (OSCCs); and, determ ning instrunental regions based
on singular value variation of said OS88s. 8. The nethod according to claim
7 wherein the step of determining instrunental regions further includes the
step of char acTlermethod ac@adiag o chinhd ghhesdimthielstap ofabgraentiig thé musicaignabCCs as
instrunmental regions. 9. ghe met hod, according to claim7 wherein the
filters dﬂﬂﬁ%ﬂest%“ﬁﬁem%lﬂ esfhnefePoMponent s are triangular filters. 10. The

met hod accor di%??rtgﬁ??ﬂﬁérﬂ@fc Qéneﬁlilﬁ%) lﬁgéer{cgesg%_\?%g%@%?g&%h{%ct ing the

mel odybased si y regionS 1Inc etécting chords from
t he nusi c si gndetecting ensdts ini theyfraqusnoy sulpbdrtdsy n for similarity determ nation;
determ ning a matchi.ng cost .of.chard patterns in said detected chords;

nor mal i si ng sa&genr?é?legiﬂ??gé%é?r?:so 8’8%??81’ng mat chi ng points; and detern ning

nel ody- based shiink @id diodoR@lA08 abRSEMe iRANsekBE of Qetst on of sai'd mat chi ng
points. 11. The nethod according to agg one of clains 2 to 10 wherein the

step of det ectdetrstiog peiderns phsiwng sndiveak prsety isghomgosaedlatedensetsearnd.eps of
segnenting pairs._aqf..nme - e I, ari reqi ipto fixed-ti
i ntervals; detsgg%eﬁﬁl%éhf%%us@%%l fﬂé&g@g%%ﬁe&?&tﬁ?%ﬁ% léért%l% St{éoéllrégaﬂlfiati ng

t he di ssiwedkagnséty. f or each nel ody- based region pair; shifting each of said
nmel ody- based region pairs and calculating the dissimlarity for each of
said shifted region pairs; selecting the region pairs with the | owest

g Ih;S ? It 21d ! féé Ig|t 3(’) ﬁ%ﬁ@?@-@& dedBRbingYo DaRe Y Wt HiR theRfdy of RMmAdhg e HaPSRRIdI N9
of onsets further includes the step of taking the weighted sum of onsets detected in the

music signal frequency sub-bands.

7. The method according to any one of claims 2 to 6 wherein the step of detecting
instrumental regions includes the steps of:

separating the music signal into frequency sub-band components;

applying filters to said components; |

extracting Octave Scale Cepstral Coefficients (OSCCs); and,

determining instrumental regions based on singular value variation of said OSCCs.

8. The method according to claim 7 wherein the step of determining instrumental
regions further includes the step of characterising regions of high singular value variation

of OSCCs as instrumental regions.

9. The method according to claim 7 wherein the filters applied to the sub-band

components are triangular filters.

10.  The method according to any one of claims 2 to 9 wherein detecting the melody-
based similarity regions includes the steps of:
detecting chords from the music signal;

identifying a chord pattern for similarity determination;



normal i sing said mninmumvalues of dissimlarity; selecting said region
pairs with a nornmalised dissimlarity below a threshold as content-based
simlaritwonegivan®s 12. The net hod accordi ng to clai m 1PCriseraisnoear d
normal i sed threshold is 0.389. 13. The nethod according to any one of the
precedi ng clains wherein selecting a Lﬁgeated | yrics and chorus pair
i ncludes the steps of: determining a ching factor for each repeated
| yrics and chorus pair based on timng alignnment; assigning a shot-type to
each pair; and'S{EmEung Agnaiching eest afchond paiterpminrsaidhdetesiad chiofdsany of t he
pairs contain . p fage- i.[..assigned the | owest matching factor and
containing a fagfélgfsil%gghﬁémggﬁgngeégs’ andif no pairs contain a face-shot, the
pai r assi gned loduting ovetctiingrpoiatst mgl f actor is selected. 14. A system for
automatically greati.ng a, nusi c video thunbnail of a nusic video signal,
conpri si ng: FP?WIBPE welpdy shasedhsimplarity regions based uppwythellogation ofisaidsi ¢ si gnal
and vi deqna&j:}gﬁgbéin{yeans for extracting the sections of said nusic signal
corresponding to the chorus by detecting simlarity regions; nmeans for
determ ning repeated lyrics in said video signal; nmeans for nmatching said
repeated {yri Wt coryr.espondin ne, of _sai d chorus sections'; neans
for sel edti ngcl}ef’é%g%fﬁcﬁq § aa‘?ﬁd’ngﬁgﬂagnb%iq}Oafher%@%tep@fdaneﬂgm ng said
sel ect ed cbﬁﬂeﬁt-lbé%e@éiﬁﬂla@i@yfe%idi'lsfiﬂb‘}&d‘es\{ﬁéj&%ét unbnai | . 15. A conputer program
product enbodi ed on a conputer readable I um and conprising code that,
when execut ed SegBerEg nairs ofmetasy-tasedssimileriiy ragives hoa fiket-timetistepaiscal | y
creating a nug i ng&:@a'l 0 si c.video signal, said nethod
conprising t h?&s\epéiﬁ]gr?%ﬁhl:é Hor eacfh fikedrtime in ervgl,

calculating the dissimilarity for each melody-based region pair;

shifting each of said melody-based region pairs and calculating the dissimilarity
for each of said shifted region pairs;

selecting the region pairs with the lowest dissimilarity from said melody-based
region pairs and said corresponding shifted region pairs;

normalising said minimum values of dissimilarity;

selecting said region pairs with a normalised dissimilarity below a threshold as

content-based similarity regions.
12. The method according to claim 11 wherein said normalised threshold is 0.389.

13. The method according to any one of the preceding claims wherein selecting a
repeated lyrics and chorus pair includes the steps of:
determining a matching factor for each repeated lyrics and chorus pair based on
timing alignment;
assigning a shot-type to each pair; and
selecting a matching factor pair wherein:
if any of the pairs contain a face-shot, the pair assigned the lowest

matching factor and containing a face shot is selected; and



separating the music video signal into a music signal and video signal
extracting the sections of the nusic signal corresponding to the chorus by
det ect i ngwei2nedmnioBy regi ons; determ ning repeated IyrlesTmnnmhmommﬂeo.
signal; matching repeated lyrics with the corresponding chorus section;
selecting a repeated lyrics and chorus 8alr; and aligning said selected
pair to create said nusic video t humbngéPl .

if no pairs contain a face-shot, the pair assigned the lowest matching factor

is selected.

14. A system for automatically creating a music video thumbnail of a music

video signal, comprising:

means for separating the music video signal into a music signal and video
signal;

means for extracting the sections of said music signal corresponding to the
chorus by detecting similarity regions;

means for determining repeated lyrics in said video signal;

means for matching said repeated lyrics with a corresponding one of said
chorus sections’;

means for selecting a repeated lyric and chorus pair; and

means for aligning said selected pair to produce said music video

thumbnail.

15. A computer program product embodied on a computer readable medium
and comprising code that, when executed, causes a computer to perform a method for
automatically creating a music video thumbnail of a music video signal, said method
comprising the steps of:

separating the music video signal into a music signal and video signal;

extracting the sections of the music signal corresponding to the chorus by
detecting similarity regions;

determining repeated lyrics in the video signal;

matching repeated lyrics with the corresponding chorus section;

selecting a repeated lyrics and chorus pair; and

aligning said selected pair to create said music video thumbnail.



