cede", p6T"\nT METHOD AND APPARATUS FOR AUTOMATI CALLY RECOGNI ZI NG AUDI O
““DATA FI ELD OF THE | NVENTI ON The present invention relates to a nethod and

apparatus for automatically recogni zi ng audi o dat a, espeaw M’ dat a
obtained froman audio file played by a general audio de m mmm mﬂmﬂ
subsequently recorded by a m crophone, qr an exi sting digital,

segnent. | 0 BACKGROUND OF THE | NVENTI ON Nowadays with the deve oprrent of
t he I nternet anlglEq-l' A T‘B 3 G h as
digital nusic i ==fecft recor ded
and transmtted through the d| gltal world This means that a user who

w shes to search for a particul ar M@Mrge nunber of audio 15 files
will have great difficulty doing so sinply by listening. There exists a
great demand to devel op an automatic audi 0o recognition systemthat can
automatically recogni ze audi o data. An automatic audi o recognition (AAR)

system shoth”glL@Q)plq-ImE P@\/Eﬂmw ze an audio file by recording a short
period o e audi o € 1N a noisy environnment. A typ| cal application of
thISAA tem 20 cou be t ot SCIde |ca i on,.system By
this AR o TeditesentiBig iraleR  BTBhRe U dnparalls for SUABRIGH U mei o
segnent can be recogni zed for further application. 2 There alread
)@siél o]

exi st sone regegnizing iandichdate; eapecially augio deda ohtaingd froaman avdisdfiie pia
data based on the audio features of the data. An exanple of such a system

i s di scl osey dyendraPatdiotdeviclind edbseriidntly @dcorfet yda fickophbhé) ér an

existing digital audio segment.

10 BACKGROUND OF THE INVENTION

Nowadays, with the development of the Internet and digital computing devices,
digital audio data such as digital music is widely used. Thousands of audio files
have been recorded and transmitted through the digital world. This means that
a user who wishes to search for a particular one of a large number of audio

15 files will have great difficulty doing so simply by listening. There exists a great
demand to develop an automatic audio recognition system that can
automatically recognize audio data. An automatic audio recognition (AAR)
system should be able to recognize an audio file by recording a short period of
the audio file in a noisy environment. A typical application of this AAR system

20  could be an automatic music identification system. By this AAR system, a
recorded music segment or an existing digital music segment can be

recognized for further application.
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of ‘“manufacture for content-based analysis, storage, retrieval and
"*segnentation 5 of audio information", Thomas L. Blumet al. This system
mai nl y depends on extracting many audi o features of the audio data, such as
anpl i tude, peak, pitch, brightness, bandw dth, MCC (nel frequency cepstrum
coefficients). These audio features are extracted fromthe audio data frame
by frame. Then, a decision tree is used?2t o classify and recogni ze the audio

data. 10 roplemw.th such Syst is.that it requires the extraction
o many 1 oA nERESaOHEKa! seiHE vl et ot Bt nal RS ARRLES il G i b,

MFCC and their first derivatives fromthe selected audio data, and this is
a conpl ex, recaghizeoaudinidata based oatthe audicfeaturesef &he data. Ami exaropleafe of the
MCC is to minmc 15 the function of the human ears. The process of deriving

MFCC can begugh disigtern i QisGloska by 138 Puttents,B18,22Ga ntitdd Metabd:and article
Pre-enphasis, in which the audio signal is processed to inprove its

si gnal -t o- ngj ' Y ndowi 0g.,. i [ e j 9ndata is
bl ocked i npghfaﬁgﬁgésth%foi%pﬁ&&%ﬁ%@%gp@@sg‘ S@@?’r?ﬁ@@%?%t@ﬁ@%&%ﬁ appi ng
wi th each other, and after dividing.the data jnto, 20 fra , each

i ndi vi ddial °§ AYdio 'PEOF'E\HBEBgs-'g’@mL%ﬁ th'H"hﬁ ' %B'%W&%W@%‘"g/?%ﬂ?ﬁﬁsrﬁ% ze the
signal discontinuities at the edge of each frame. 3) a FFT (Fast Fourier

Tr ansf or n) ekbactingimany audiefaateresiofftheaadiof dathesuehdas adytlifude, peakhe ti e
domain into the frequency domain. 4) A "Mel Scale Filter Bank" step in

r 3 which ithh! brighthéss, banafitith MO k! frbGuUERSELPHIRURT codiciehtyal to a

Mel - war ped spectrum This is done without significant |oss of data by

pacot 19, | MERd o LERTBL LRGSOt S MR RAB e TGRSO, | o

non-uniformin the frequency 5 domain but uniformy distributed in the
Mel - war ped asireision fheeds usad to elpssify ARY regognize ther abdie dadd. spect rum
coefficients are then taken to reduce the
10
One problem with such a system is that it requires the extraction of many
features such as amplitude, peak, pitch, brightness, bandwidth, MFCC and their
first derivatives from the selected audio data, and this is a complex, time-
consuming calculation. For example, the main purpose of the MFCC is to mimic
15 the function of the human ears. The process of deriving MFCC can be divided
into 6 steps shown in Fig 4(a), which are: 1) Pre-emphasis, in which the audio
signal is processed to improve its sighal-to-noise ratio. 2) Windowing, in which
the continuous audio data is blocked into frames of 25-ms with parts of the
frames of 10-ms overlapping with each other, and after dividing the data into
20 frames, each individual frame is processed using a hamming window so as to
minimize the signal discontinuities at the edge of each frame. 3) a FFT (Fast

Fourier Transform) is used to convert each frame of the audio data from the

time domain into the frequency domain. 4) A "Mel Scale Filter Bank" step in



coefficients whose frequencies are above 1000 Hz and magnify those with | ow
"‘frequencies. 6) Finally, the logarithmic Mel spectrumcoefficients are
converted back to the time domain by using a discrete cosine transform
(DCT) to provide to Mel frequency cepstrum coefficients (MFCC). One probl em
associated wth such a systemis the effect on it of noise in the audio
data. The extracted audio features in tﬁe systemare very sensitive to the

A= pm @Lé*ﬂel'@éﬁfé i5 %o?m(z@p‘fﬁ%loéﬁﬁ’lﬁrhtdf‘fﬁe tsfbn‘é(hlc} & @‘!ﬁa?r‘p?ﬂ

noi se, is aw de equal® energ

frequenm es. Since_the Ml sc e filters hav assban at_ hi
frequency, spaetruPcEnisds done Wi %é'%'f&?"ﬁ@aﬁ%@% Pg\Pésémﬂ g hIS
effect will be anplified by step 5, the |ogarithm operation. Then, after
the step 6 tianstormedesi@@l thromighta sef) of hiamd-paeiltarat Tihe filtev bankolkas af | uenced
over the whole of the tinme domain. Wite 20 Gaussi an noi se always exists in

the ciroul tharfuldiifarffPasy fe@RNoY BEpoHEETWHTLS IORBAIAROIR AP Aedicndjat 2,

white Gaussi an noise is added to"the audi o data. Furthernore, r eal

noi ses. Rk ONEIREhEe %ﬁf"q'ﬁg*SXA%ﬁsgifFXﬁ# RS BBka FL b

further problemwth the known systemis that it requires a large part of
the audi o @heach of the Mehspedtium gogflicients gre thesntakea de seduceib®ever, in real

situations, it takes a long tine to record such a large part of the audio

file and embeﬁicterimwhbsqdieqexénbiestaremboi/edmontﬂz whd chagrifyethosé wiihflbiwcul t to
achieve real tinme recognition. 1o The concept of audio recognition is

frequently gesgdntBs! Flﬁéﬁﬁ‘sthéflo%égﬁ@ﬁgb N@?Qe&;ﬁd ’&o@ﬁ&e’?ﬁé’%k@&onvened

identification. Speech recogniti speaker 1denti catl on are

|21 ocused PRk A IRE P AATR B USRG BB R Ba AR A O RRKEE

approach that can conpare all sorts of sounds is required since
10  Mel frequency cepstrum coefficients (MFCC).

One problem associated with such a system is the effect on it of noise in the
audio data. The extracted audio features in the system are very sensitive to the
noise. Especially, MFCC features are very sensitive to white Gaussian noise,

15  which is a wide band signal, which has equal energy in all frequencies. Since
the Mel scale filters have wide passband at high frequency, the MFCC results
at the high frequency have a low SNR. This effect will be amplified by step 5,
the logarithm operation. Then, after the step 6 (i.e. the DCT operation), the
MFCC features will be influenced over the whole of the time domain. White

20 Gaussian noise always exists in the circuits of the AAR system. Also, when
microphones record audio data, white Gaussian noise is added to the audio

data. Furthermore, in a real situation, there is also a lot of environmental noise.




15°'the audio recognition task is quite different when the audio data is not
' speech. Audio features used in a speech recognition systemare nornmally
M-CC or linear predictive coding (LPC). Also, when a speech recognition
systemis trained using audio training data, the training data is collected
using a m crophone, and therefore already contains the white Gaussi an

noi se. Thus, 20 adaptive |earning of thé traini ng data overcones effect of

the white USSI i Se. i t, O n.AAR s f or
recogni zi ng?lrﬁib%&? H&@ég W%ﬁ%gf%ﬁﬁghéw ggétgﬁ'bﬁot ?aeid\g ahﬁaréf%%’.'g@g much

| ower | evel of white Gaussian 5 noise than the audio data which is to be
recogni zeddakd the effect of the white Gaussian noi se cannot be i gnor ed.
SUMVARY OF THE | NVENTI ON 5 The object of the present invention is to

provi de a nethod and apparatus for automatically recogni zing audi o data,
whi ch can achi eve high recognition accuracy and which is robust to noise

| ncl udi ng Wf&rﬁe?’gméﬁr\mﬂ?itﬁéakﬁ&ﬁn ggyéewwaf ii"recﬂgte%eal Ir#rgelg'%rtgcﬁ'}ﬁéal

terms, a first aspect of the 1nvention proposes t ystem 1 n which

o 5°Chy Sl Y550 BB BB S4B A R BEER L

nunmber of t.arEet audio files the observed audi o data was derived, the audio
f eat ures slitdakes areng timestogeserdeuah alargaearioof theiawngia filetandextraatsheed 15
fromthe observed audio data: (i) |CA features obtai ned by processing the

observed aydyairsthfeatinesdron @A viiok esakes(it diffidultitotachfeve feaptimees obt ai ned by
renmoving a logarithm step fromthe conventi onal M-CC process, or (iii)

second I\/FC?e{:@iﬁ%@s obt ai ned by applying the I CA process to results of a
mel scale fi r bank. 20 A second aspect of the invention proposes in

general terns that, in a systemin

10  The concept of audio recognition is frequently used in the areas of speech
recognition and speaker identification. Speech recognition and speaker
identification are implemented by comparing speech sounds, so research on
the above technology is focused on the extraction of speech sound features. A
more general approach that can compare all sorts of sounds is required since

15 the audio recognition task is quite different when the audio data is not speech.
Audio features used in a speech recognition system are normally MFCC or
linear predictive coding (LPC). Also, when a speech recognition system is
trained using audio training data, the training data is collected using a
microphone, and therefore already contains the white Gaussian noise. Thus,

20 adaptive learning of the training data overcomes effect of the white Gaussian
noise. However, in the context of an AAR system for recognizing music files,

the training data is digital data having a much lower level of white Gaussian



whi'ch an observation vector is created of audio features extracted fromthe
" observed audi o data and the observation vector is used to recognize from

6 which of a nunmber of target audio files the observed audi o data was
derived) the recognition should be perforned by using a respective HW

(hi dden Markov nodel) for each of the target audio files. 5 BRI EF

DESCRI PTI ON OF THE DRAW NGS The present invention is better understood by

e A AL P e R R R

refer to like elements throughout, and in which: lo Figure 1 is a flow
chart showGﬁjJsé'QWW'églcaBP@b%lﬂr@r% an AAR system which is an enbodi nent
of the invention. Figure 2 is a flow chart showi ng an audi o data nodel i ng
process perforned in a systemwhich is an enbodi ment of to the present
invention. Figure 3 is a flow chart showi ng an audio data recognition

process 15$%WW@F?%EIWNT@NM' ch is an enbodi ment of the present

i nvention ure 'S conposed of Fig. 4(a) and Fig 4(b), |s flow
charts respective ony.ent.i orlthm and

ot oved MEBE SHIgHNorIRm PSRt ifvenYEnds B Binvile rieity dndpeiraly bl °s

which is corrposed of Fig. 5(a) and 5(b), is flow charts respectively 20

showi ng t h@utematicallygrapgniriog audie date whiels cam achigve Aigh Fecagaitions econd
i mproved MFCC al gorithmused in the systemof Figs. 2 and 3. Figure 6 is

a flow chardccareyiard whighds esisust 3¢ foise ihbladmgavkite Gaussian. noisé@afd 3 of
conputing | ndependent Coefficient Analysis (I CA) basis function/weight

environmental noise.

10 In general terms, a first aspect of the invention proposes that, in a system in
which an observation vector is created of audio features extracted from
observed audio data and the observation vector used to recognize from which
of a number of target audio files the observed audio data was derived, the
audio features should include one or more of the following features obtained

15 from the observed audio data: (i) ICA features obtained by processing the
observed audio data by an ICA process, (ii) first MFCC features obtained by
removing a logarithm step from the conventional MFCC process, or (iii) second
MFCC features obtained by applying the ICA process to results of a mel scale
filter bank.

20
A second aspect of the invention proposes in general terms that, in a system in
which an observation vector is created of audio features extracted from the

observed audio data and the observation vector is used to recognize from



furictions from MFCC results. Figure 7 is a flow chart showi ng a process
"used in the systemof Figs. 2 and 5 3 of conputing | CA coefficients from
MFCC results. Figure 8 is a flow chart showi ng a process used in the system
of Figs. 2 and 3 of computing |Independent Coefficient Analysis (I1CA) basis
functions/weight functions from audi o segnents sel ected froman audi o data
input. Figure 9 is a flow chart showi ng®a process used in the system of

Figs. 2 and,t ,0 of conputing, L ndependgnt .Coef ficjent Analysis.(|CA)
coot 11 of entg oFa AHER oY I B8 AP e opifved UR o RIS o T
PREFERRED EMBODI MENTS OF THE I NVENTION 15 Fig 1 is a flow chart show ng
schenat i cathg ragegnpioscsnuia bemesiormas byusiegraaseective MM (iddement of the
invention. In the flow shown in the left-hand part of Fig 1, an audio file
pl ayed i n pMarkoenaldetifdr eadieof tiee tingét saslia filEg, CD pl ayer, or Cassette
Recorder can be recorded by a m crophone, and then be 20 recogni zed by the
AAR system In the flow shown in the right-hand part of Figure 1, an

exi sting audio segnment in digital format can al so be recogni zed by the AAR
system T%Mabel of the audio file or 8
audi o ség - ted in a format suitable for
use in further applications. An enbodi nent of the invention which perforns
audi o dat a Thequgaent ioventiorisiheties understiooth by eeadingithe Rllpwing detalledhe
process of generating the enbodi mrent ("audio data nodeling”) is shown in

Fig. 2. TheesoisibnditheyFefered emMbsane With reféerenBBtto thedotsmparaagi tion,
i ncluding a new process for feature extraction and a new process for

recogni ti OﬁgﬁFes‘?‘WifvgiJH Ilk%sre?ér8ﬂla§?1phge°ré§g§gegﬁé k& Bten&fts B0, ! ©

files which®are’'to be recogni Ze
in which:
10 Figure 1 is a flow chart showing a typical procedure of an AAR system

which is an embodiment of the invention.
Figure 2 is a flow chart showing an audio data modeling process performed
in a system which is an embodiment of to the present invention.
Figure 3 is a flow chart showing an audio data recognition process
15  performed in the system which is an embodiment of the present invention.
Figure 4, which is composed of Fig. 4(a) and Fig 4(b), is flow charts
respectively showing a conventional MFCC algorithm and a first improved
MFCC algorithm used in the system of Figs. 2 and 3.
Figure 5, which is composed of Fig. 5(a) and 5(b), is flow charts respectively
20  showing the conventional MFCC algorithm (as in Fig. 4(a)) and a second

improved MFCC algorithm used in the system of Figs. 2 and 3.



10 ‘audio files") is denoted by W For the feature extraction, inproved nel
" frequency cepstrum coefficients (I MFCC) features and i ndependent conponent
analysis (I CA) features are introduced to the system As described above,
conventional MFCC features are 15 very sensitive to white Gaussian noi se.
By inproving the MFCC features, the AAR_system can be nade robust to white
Gaussi an noise. In the enbodi nent, the NFCC features are i nproved in two

alternative S: i the | ogarit rati e i.onal
VECC al gor tp@déusqﬁi{)ﬁélpgé’fnﬁ?h R@%@%ggaﬁf&c%%ﬁé# i@‘ff&%giﬁxl%gwﬁﬂ%?é%hﬁe

si ne Transform (X 0 e 20 al gorithm wi an \ process.
Details of 3tqf@mnukmgvlaslgpe\mcﬂent&@eﬁweabga@lwsr{l%bbasaﬁ &incligpfwejght The
ot her kind of the audio features are called |ICA features. By using the
i ndependenfurrstiopefiom MFECyesults. | CA) nmethods to directly extract 9 audio
features fromthe audio data, the system performance can be dramatically
i nproved. Twog; i i i i 4 to
6. hs 5 ment | O Lo dTo RIS oWl bloceRS el B et o et FPnda
MFCC al gorithm are very ,sensjitivVv 0 i Gaussi an noi se. The MFCC feature
can be np@o‘g}&?”ﬂﬂ}"tl’\gd foe 'ﬁ'@nﬁewwgbgf'@éyﬁsof the white Gaussian noise
on the MFCC features, hence nmaking the AAR system robust to the noises.
Since the enbloigureeiiis adloivochartsbomwingi hgravess sisedtia thesystameof figsa2 andhi ne,
strict 1o simlarity to human perception is not necessary. The |logarithm

oper ati on igoftdePnsuitigy ﬁdéﬁehtﬂ%t@cﬁé’fﬁﬁbhﬂ&ﬁéﬂybﬁ@@ﬂj Basis fimatepsAlEigRt i n the
Figure 4(a) is to mmc the human ear effect, and therefore is not strictly

required faqr i r it ithm operation
ol 11 es. TnTRESdft BERRPREG BN <elbcioF ireRLon el LB o s, e
first way of inproying the MFCC ~ 5 feature is tqQ renove the step. 5 from
the convent i oﬁlsurw@gaﬂog\b?hqrﬁﬁhowg'gsa]emq% usegup éherpystempidigestippng

i mproved MFCC feature, which is referred
10 3 of computing Independent Coefficient Analysis (ICA) coefficients with the

audio segments of Fig. 8.

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS OF THE

INVENTION
15
Fig 1 is a flow chart showing schematically the procedure of an AAR system
which is an embodiment of the invention. In the flow shown in the left-hand part
of Fig 1, an audio file played in a general audio device such as a TV, CD
player, or Cassette Recorder can be recorded by a microphone, and then be
20 recognized by the AAR system. In the flow shown in the right-hand part of
Figure 1, an existing audio segment in digital format can also be recognized by

the AAR system. The recognition result is an audio label of the audio file or



to'as IMFCC 1, is nore robust to both real environnental noise and the

" white Gaussi an noise. 20 The second way of inmproving the MFCC features is
notivated by the techni que known as | CA anal ysis, which ainms to extract
fromaudio data a set of features which are as independent as possible in a
hi gher-order statistical sense. |CA has been w dely used to extract
features in |nage and audi o processing, 8¢ to 10 extract speech

features f ee eature
Extraction® sgeq“fﬁﬁitpiﬁggﬂd%@&%@ﬁ%’ﬁ%éﬁiﬁ%ﬁg% 3 olnaEplpIeRItRe ot 51 G
I nter national Conf erence of |ndependent Conponent Anal ysis, 2001, San

Di ego, CA, fusther applisatignf. ysi s generates nore distingui shabl e audio 5
features than those produced by the DCT operation which is only based on
2"d order statistics. The second way of inproving the MFCC feature is to
replace the logarithmand DCT operations in the conventional M-CC al gorithm

wth an | Cﬁnoélﬂﬁﬁéi%e %f?ﬁ‘é’\’f‘ﬂ/e @ﬂﬁﬁt Sms &'ﬂ%ﬁ ?é'éc?]g?wﬂd}hism' based

M-CC f eat ures erre to as I gures

leing the ABSHAIE (db%e@'gh"g?, #hE tfeedsin el R?@?@swﬂe ool o

functions (A) and wei ght functi ons (W, and a second step, shown in Figure
7, of usi ng'audio data madeling"uiscshawrs inanig. ReTheenthadimeohysessaaew CA 15
transformto generate the | CA coefficients, nanmely I MFCC2. As shown in

Figure 6, fsBRemesol hetomhatid@udib edcayrifior, h@clu@ﬁg@ﬁ@ﬂ prbé&ssafod adtfem Fi gure

5(b) (i.e., the results of Mel scale filter bank) are partitioned to

seament ¢ MBbaaPSiA IR bEBS Pt BNBHIOAR IR AR o shiiSol acent 20

segments o 0 ‘mni I'scontrnurties at the
edges. Then, the s_m%;nal are_de-correl ci pl e conponent

‘h (
anal ysi s) zi“P@tHFQ% hhe NHMRET of apdio flesw. ||c3‘b@rettﬁrﬁqagepcggﬁ|(zi%rgldt & IRy t he

10 audio files") is denoted by W.

For the feature extraction, improved mel frequency cepstrum coefficients
(IMFCC) features and independent component analysis (ICA) features are
introduced to the system. As described above, conventional MFCC features are

15  very sensitive to white Gaussian noise. By improving the MFCC features, the
AAR system can be made robust to white Gaussian noise. In the embodiment,
the MFCC features are improved in two alternative ways: removing the
logarithm operation from the conventional MFCC algorithm, and replacing the
logarithm operation and the Discrete Cosine Transform (DCT) of the MFCC

20 algorithm with an ICA process. Details of these two ways will be introduced in
the later section. The other kind of the audio features are called ICA features.

By using the independent component analysis (ICA) methods to directly extract



ei genvectors V of the covariance matrix of the observed signals (i.e. Ml

" 11 spectrumsignals) to elinnate the 2"d-order correl ation anong the
observed signals. Then, the de-correlated signals are used for |ICA

| earning, which uses a fast ICA algorithmto | earn the orthogonal |CA

dem xing matrix dw to separate the de-c%rrelated signals into statistically
I ndependent conponents. The result 5 of “the I1CA learning is basis functions

A and weig ' | n ' | ' =V+ dwT, and the
wei ght fungpf’%’m%g\gfgoatHﬁ%%b%%ﬁgFggggi%hgggfrhgﬂ?ésgy?8 a non-square
matrix or inverse for square matrix, and T denotes matrix transpose

oper at i on. diympkealyimpgoves.Fi gure 7, after the I CA basis functions A and
wei ght functions Ware conputed, the results of step 4 of the MFCC process,
nanely, the Mel spectrum coefficients, are ICA transforned with the help of
the I CA basis functions and wei ght functions, to obtain the |ICA

coet f1 ci enrivo hafs of MpoGhoABAAFNETRahARL WieSnolMiPigsl iihergas 1n Fi .

4(b) and 5(b), eatures | M-CCl an M-CC2 are obtadl ned by a process

i nvol ving a Fqurier anal ysi a. nel ectrumtreatment, Fi s 8 and 9
1) st r St e Tio0edatyR. tie MERRY ehelies QASRBIT e SHERlondl MEGES ata i n
the tine domain. The resultant signal is here called ICAl. 20 Figure 8
shows a pr algeyihmraresiepyisengjtivento wiite ikalssignuneise. olbedibCliciegiurefaanct i ons
by inputting an audi o segnent randomy selected fromthe audio data, and
Figure 9 sipevimprovedbg sediing thepnédativet dtfect oiteowhite GRivsian féide bhahet he

12 sanme audi o segnent input. It can be seen that the procedures shown in
MFCC features, hence making the AAR system robust to the noises. Since the
embodiment is for recognizing audio data generated by a machine, strict

10  similarity to human perception is not necessary. The logarithm operation in the
step 5 of the conventional MFCC algorithm as shown in the Figure 4(a) is to
mimic the human ear effect, and therefore is not strictly required for machine
recognition. Furthermore, the logarithm operation amplifies low level signals
which tend to be noise. In view of this, the first way of improving the MFCC

15 feature is to remove the step 5 from the conventional MFCC algorithm, as
shown in Figure 4(b). The resulting improved MFCC feature, which is referred

to as IMFCC 1, is more robust to both real environmental noise and the white

Gaussian noise.

20 The second way of improving the MFCC features is motivated by the technique
known as ICA analysis, which aims to extract from audio data a set of features
which are as independent as possible in a higher-order statistical sense. ICA

has been widely used to extract features in image and audio processing, e.g. to



~Figures 8 and 9 are alnost the same as Figures 6 and 7 respectively, except
that for conputing the I CA coefficients | CAlL, the audio segnent is

subj ected to pre-enphasis and wi ndowi ng. The pre-enphasis preprocesses the
audi o 5 segnent to reduce noise and inprove the SNR of the audi o signal,
and the windowing is used to franme and Mndowthe signal so as to divide
the signal and elimnate the discontinuities of the divided signal. Note

that this i [ j i e S AAGE N LRE of step 4
of Fig. 5(BRGehchdeatiel R oo rBeod iton] apichitn diuibaBled  °) Sna”
to Wth the_ above_ tw audio feature extracti on nethods, a vecjor of audio
foatures. (| BPeSa FRREEEIXACIE) Using HEcHBideiIdsomPaReRi AN SE Y J-H.
recognition, a H dden Markov Model (HW) is introduced to the 15 AAR system
of the pretentetiahatrd loternational dnferertice dfilhdeperetpmt Qosnporient dqnalysis,engt h
(which may for exanple be 5 seconds) are randomy sel ected fromeach of the

target audi2pofi 58f Diego,USAJUBA. tThid AndIP&is PaEs InSore BYs i) uBsHdLe aBaRUIN

segments fromthe audio data to train the HW nodel's, the audi o data can be

represepte . B he r nitkan ocess, only one
20 segrrgnt %%ﬁéﬁ%@%ﬁéﬁ%g}) oﬂggaﬁfﬁhpgﬁ%ﬁ' Qﬁ)g&%fogﬂwb;gm?ioﬁé/ %"?ﬁﬁq aH aat'Jdi o]
data is required. Wth_this sggment, .the HW recognition al gorithm can
recogni ze iordendatisticsy Theisggond msyef l@@f%@@&&:%ﬁ%&? fgafyresisitogeplase HWM
nodel s. 13 Figure 2 shows the flow chart of the audi o data nodeling

process i ntheltbgagittancdind DE€Ttoperations incthe conventibrial (W CCrangeiithhT withiang and
nodel dat abase generation. Unlike the conventional system which uses nmany

audio  eat YeR%BLEds, a8 WA ielgurePSBS which (BsulRl haBNIGESed Rt di R, MPCC

and their rirvatives, odi nen y uses e I nproved MFCC
Leat oo | Vs RSB PR oo ures | CAL uhich akes the feature
10
Figures 6 and 7 show the ICA process of Figure 5(b). It includes a first step,
shown in Figure 6, of using the results of step 4 of the MFCC process to derive
ICA basis functions (A) and weight functions (W), and a second step, shown in
Figure 7, of using the ICA basis functions and weight functions as an ICA

15 transform to generate the ICA coefficients, namely IMFCC2.

As shown in Figure 68, the results of the step 4 of the ICA-based MFCC
algorithm Figure 5(b) (i.e., the results of Mel scale filter bank) are partitioned to
segment the Mel spectrum signals and overlap the edges of the adjacent

20 segments of the signals so as to minimize the signal discontinuities at the
edges. Then, the signals are de-correlated with a PCA (principle component
analysis) algorithm, in which the PCA algorithm is applied to find the

eigenvectors V of the covariance matrix of the observed signals (i.e. Mel



The process of the HMM nodeling in Fig. 2 will now be described. In step
" 201, to a fixed nunber (N) of audio segnents with pre-defined | ength (m
seconds whi ch renmai ns unchanged for the whol e training process) are
random y selected fromeach target audio file (i.e. each of the Waudio
files which are to be recogni zed). For ﬁ¢anple, 90 audi o segnents with a
length of 5 seconds nay be selected fromeach target audio file. The target

audi o 111 e b3l ko848 difhaihg b cofBidiitn ol Hidbbadrvayci o, data.

Then, the a he sl gnal preproce Si ng ram ng

Foat ur os | FRels) THEFHIS doSatelatod Pignaisbaiedsectior B Adaarhirie Jirt Usgs g

nmet hods descri bed above. Steps 201-203 are repeated for each target audio
file. The fastpeAtalgerithactoolearthef anthagorial $&4 demixiop maitrix dwitgseparadéo il e
are used as the data input to the HW 14 The enbodi nent uses a

respect | Vetﬂ@%%ﬁ%iaté@rsl it sfdﬁ@ |c\,/¥l rlﬁﬁé ﬂ\’dﬂrﬁcBH gohen®] T HeARRuR! t he

HW has a left-to-right s ructure resent invention is not

limted_to aV|n a,.left.- t ght sruct suc

or of err b GLER G (SN pafe ey e‘ﬂb?%i iR E PEwpiEndhe, e
linear 5 tinme sequence represents the left-to-right HW structure). As is
convent i onfBsistfHBCianAEVo K %Grﬂﬂdl\mﬁlﬁe@Bhf@ﬂéﬂpmgv'edst X, wderet nodel
paranmeters ~, ={A, B, ~c}. In step 204, the HW nodel for each target audio
fileis inUtehaiésZmélmcmvéiseg‘otarfoh%quaaé nhatex dairverser farivggiasd atrix,ne HVM
is told which target audio file the trai ning data cones from

("classifi i file, the nodel 1 o parameters
~, ={A) B, %?H 'Ioﬁeécgtegﬁatfigﬁ%ntg FB gsed on the training data using a
known HW initialization al gorlthm During a nodel training step 205, the
hV initialized HWM nodels are trained to optim ze the nodel paraneters by
using the HWitraining algorithm During the 15 training process, an
iteratiloe KefewingHoiFigunepl,iafterthe ICA dastscfuoptiomaus arsweight functions W

are computed, the results of step 4 of the MFCC process, namely, the Mel
spectrum coefficients, are ICA transformed with the help of the ICA basis
functions and weight functions, to obtain the ICA coefficients, i.e. the ICA-based

MFCC features, IMCC2.

15
Whereas in Fig. 4(b) and 5(b), the features IMFCC1 and IMFCC2 are obtained
by a process involving a Fourier analysis and a mel spectrum treatment,
Figures 8 and 9 illustrate a process of extracting the ICA features from the
audio data in the time domain. The resultant signal is here called ICA1.

20

Figure 8 shows a process of computing the ICA basis functions and weight
functions by inputting an audio segment randomly selected from the audio data,

and Figure 9 shows a process of computing the ICA coefficients ICA1 from the



~paraneters for which the training data are best represented. During this
procedure, the nodel paraneters, ~, _ {A B, ~}, are adjusted in order to

maxi m ze the probability of observations, given the nodel: P(0~~,), where O

represents the observations. The optim zation of the HW paraneters is thus

an 20 application of probability theory, i.e. expectation maxim zation

techni ques. After finding the nodel par ters ~._ {A B, ~} of each nodel,

Contal ni g ane S0 Foftied (M, Kear opsepriinat e Ao S iebSIRERENG 0, 1 0 rep

206. For exanple, if the AAR is a song recognition system, a database
cont ai ni ng Figures 81 and,? agaalines|the samesas figutes Brangy/ Tespactixely: axceming
recognition systemcan recogni ze all the selected songs in this database.
Each nodel that fassamnpatirgithea KGA eogfficients ISA1 rthd aadib segmeabielsubjactéditd her
recognition. After setting up the audi o nodeling database 207, the next

task |5t 0pROBRIdIAEIs Ay RIS PN bld-BoHEBR Brepiesabl e aagRINI i on

process caﬁ een in Figure 37 The first tas to obtain observed data
as shown in_ste 0l., The to aobserved t g, tained b utti one
Segent Swi SROTNL AU e 888 EPRI e SNR e RUSPRpELAN Y o Gat a or
an existing digital audio data file. Wen the audio data is played in a
general autNindewingde used ito frame and wimlqw Heesignaksss as te dridasthgssignalhe

m crophone records one segnent of this audio data with | ength of m seconds,

which is thpdslifinae thBalisdomtinbitiet lofitie dyided signsiefidte theitehis plerativh sal ue
of mmy be adjustable, e.g. to be nore than 5 seconds. Then, in step 302,

t he obtain t i ji i e i ford ram ng
and wi ndowﬁﬁé ag 'vvgllp ﬁ%sﬁté'@%éﬁgdﬁgw%ﬁf ﬁggr}%‘éﬁs@pl E@ anvéeT%ald& bse{ ep 303,
for the preprocessed se nt,, an observation yector of audio features, O =
[ 1 MFCCL; | ,ps"\@fd]g"?‘é"mvﬁﬂo@t%@p%giar@ %/-he 20 audi o feature
extraction nmethod i ntroduced above. In step 304, once the observation
vector 10 i s obtai ned, the forward-backward algorithmis used to

With the above two audio feature extraction methods, a vector of audio features

(IMFCC1, IMFCC2, ICA1) can be obtained.

For the pattern recognition, a Hidden Markov Model (HMM) is introduced to the
15 AAR system of the present invention. For each audio file, segments with equal
length (which may for example be 5§ seconds) are randomly selected from each
of the target audio files and used to train the HMM models. By selecting enough
segments from the audio data to train the HMM models, the audio data can be
represented by these HMM models. During the recognition process, only one
20 segment from target audio data file or from an existing digital audio data is
required. With this segment, the HMM recognition algorithm can recognize its

label by using a model database containing all of the HMM models.



~cal'culate the probabilities of the observation vector O given the nodels.
Based on these probabilities, the audio recognition is inplenented by

finding a nodel 16 ~, k anong the nodels stored in the database D={7~,,

~2,...,~,H1} which has the maxi mum probability of observation given the
nodel : k=max , ,, 2, , WP(0~~,~)}. The audio | abel corresponding to the
nodel ~,k is output as the recognition Pesult in step 305. 5 The above

descri pti og; L wvent 4 S t (4 lust L Ve . not

o ng. e 2ohe AR i of ML Eid R oot R Bbedi BRI e
above may occur to those skilled in the art and these can be made w t hout
departi ng PHEiR feakire exfaction.taiklio dateodg! traipinganghpasdel databaseabove

enbodi ment of the present invention, the extracted audio features are a
conbi nat i ogenérativhCOhlike tHe ¢divEBtidnahsystérAwhitio wses margxaadio featusesshow t hat
the audi o recognition can al so achi eve high accuracy when the audio

f t . h . "
catures) tligh ddaniiluenedepieh brphfaictahiAh AFed Bhatdprg: an

accuracy rate of 9 es, each having an

aver age_| engt.h_.of 200 seconds: .note that, in other Lnent s

e Ton: Beniatiess s SRBBALentHI hegind fmBidve MFERCEER e BECGRS, e

hi gher than thE%%. Furthernore, it would be Eossible (though not desirable)
for any ondMBCGHard Hie IGh &aturasdEAfbwhichirsakes the featwe axd@etion fagiabi nat i on

with other audio features known fromthe prior art. 17 CLAIMS 1. A nethod

of identifwndgnorneffigieat tHan thkigriorait. audio files, a first one of the audio
files, the nethod enploying a segnent of audio data which is derived from
the first audio file and conprising the steps of: 5 (a) creating an
observation vector with audio features extracted from

The process of the HMM modeling in Fig. 2 will now be described. In step 201,

10 afixed number (N) of audio segments with pre-defined length (m seconds
which remains unchanged for the whole training process) are randomly
selected from each target audio file (i.e. each of the W audio files which are to
be recognized). For example, 90 audio segments with a length of 5 seconds
may be selected from each target audio file. The target audio file is pre-

15 recorded audio data or an existing digital audio data. Then, the audio segments
go through the signal preprocessing for framing and windowing the audio
segments in step 202. In step 3, a vector of audio features [IMFCC1, IMFCC 2
and ICA1] is obtained for each segment by the methods described above.
Steps 201-203 are repeated for each target audio file. The respective vectors

20 for each segment of each target audio file are used as the data input to the

HMM.



t he segnent of audio data; and (b) recognizing the first audio file using
" the observation vector; wherein the audio features conprise features
obt ai ned by anal yzing the audio data, or a transformed version of the audio
data, to derive a transform based on 10 its significant features, and
applying the transformto the audio datr or the transfornmed version of the
audi o data respectively, to obtain anpl 4udes of the significant features.

2. A netho C ks [ ' ' (o) | i ndent
15 conponeipgaeﬁﬁ};;@@ﬁ%n? F’&% %o&ﬁ%gwgngwg{é{b? ?)Jrra%i% éf@%yg&ﬁggg\ﬁlgfﬁ& on of
the audio data. 3. A rrethog according to.claim?2 in which the audio
features i fitesu@Bdachoidhe das 3 etiiorrightstiuchirgr Akheughthearesentn | ca
anal ysis of the observed audi o data segnent, 18 (iii) I CA-M-CC features
obt ai ned bynventorfionoi lirgited o modiets sagng atleft+iv-oighbstrictae esuch rModelsn,
applying a nel scale filter bank, and applying an I CA analysis to the

out put of ) ?ﬁ{m | t(©aCinal I n
whi ch 1 CA gﬁéé ;F/ég?g@gg%?lﬁieeg?é[?ﬁsetn&tfe}%eség : (I:orrg%??ﬁg@ dg:%ab(ggi ish%:‘lﬂqr(:}(%tri ons

and wei ght .functions fromth udi g .dat |, spectrumdata; using the
basi 5 1 ancimhsedicaappiasents tis sfeoTioh: Pkl iRTRL Al Sriveptisndla o el
spectrumdata into the | CA domain to obtain | CA coefficients. 5. A nethod

accordi ng the slate of aach HMMds denetegiire ascasat eikmpdel prremeders A<A, Beat ur es,
and the step of conputing the I CA features conprises the steps of: 15

pr e- enphasinki IRGtéH 204 UNeHNIM thddel faraehaaldir ablid filk i$ fiftisled according
to the training data. In this step, the HMM is told which target audio file the

training data comes from (“classification”). For each target audio file, the model

10 parameters A={A, B, =} are set to initial values based on the training data using

a known HMM initialization algorithm.

During a model training step 205, the W initialized HMM models are trained to
optimize the model parameters by using the HMM training algorithm. During the

15  ftraining process, an iterative approach is applied to find the optimum model
parameters for which the training data are best represented. During this
procedure, the model parameters, A= {A,B,n}, are adjusted in order to maximize
the probability of observations, given the model: P(O])), where O represents
the observations. The optimization of the HMM parameters is thus an

20 application of probability theory, i.e. expectation maximization techniques.

After finding the model parameters A= {A, B, ©} of each model, a database 207

containing data D={A,, A,, ...,A,;} is created containing all the models for the



_ W ndowi ng the pre-enphasi zed data; and | CA transform ng the w ndowed data
with the I CA basis functions and wei ght functions to obtain the |ICA
features. 20 6. A nmethod according to claim4, in which the audio features
i nclude said | CA- M-CC features, and the | CA-M-CC features are obtained by
steps of: preprocessing the audi o data o pre- enphasi ze and w ndow t he
audi o dat a; 19 transform ng the proce sed data fromtine domain into the

{requency dgnBl BiaBanad X8 S [0Sh SBEFofakanbl IFH AR adbnlfel scal e

filters to rumda cessing th pectrum
data to obtain ICAcoeff|C|ents astheflrst NF features. 7. A nethod
accor di ng TeFAnilion systemep<iatabase cANBingIg 8 SRR oK a@ﬁjﬁgﬁg §AM9dBi ons and

wei ght functions conprises the steps of: to partitioning the audio data or
Mel spect r gset dptso that fhieosonle recngnitianosystemiaanalecogrize allitbe aseletted he
partitioned signal by PCA algorithmto provide de correlated signals; and

| CA | ear ni ggng&th s aafabakal Edcls hitidl & é’ééo%nété&%ﬂh%p?é geteriined Qu&lgt ain 15

the I CA basis™functions and wel ght functions. 8. A nethod according to any
6t ai nedbyPte Tralpat fobfficBudi o seqrent i L?Lt the frequency domain, -
applying a nel scale filter bank, and transform ng the 20 output of the nel
scale filter bank signal back to tinme domain without applying a |ogarithmc
step After setting up the audio modeling database 207, the next task is to construct
an audio recognition scheme. The audio recognition process can be seen in
Figure 3. The first task is to obtain observed data as shown in step 301. The
10 observed data is obtained by cutting one segment with a length of m seconds
from a microphone-recorded audio data or an existing digital audio data file.
When the audio data is played in a general audio device such as a TV, CD
player, Cassette Recorder, the microphone records one segment of this audio
data with length of m seconds, which is the same as that in the training
15 process. Note that the value of m may be adjustable, e.g. to be more than 5
seconds. Then, in step 302, the obtained segment is subjected to the signal
preprocessing for framing and windowing as well as noise reduction, as
described above. In step 303, for the preprocessed segment, an observation
vector of audio features, O = [IMFCC1; IMFCC2; ICA1], is calculated using the
20 audio feature extraction method introduced above. In step 304, once the
observation vector O is obtained, the forward-backward algorithm is used to

calculate the probabilities of the observation vector O given the models. Based

on these probabilities, the audio recognition is implemented by finding a model



- 20°9. A nethod of identifying, among a plurality of audio files) a first
one of the audio files, the nmethod enpl oying a segnent of audi o data which
is derived fromthe first audio file and conprising the steps of: (a)
creating an observation vector with audio features extracted fromthe
segnent of audio data; and (b) recognizing the first audio file using the
observation vector; wherein the audio f¥atures conpri se MFCC features

obL o1 e DX, BTGP oAk Ml o BRI e wtcﬁ‘fféﬂ ”?'hQ e

scale filter bank signal back to time |0 domain without apply
| ogar i t hni axirym pobahilikehekbenationigingn the olade i moax ¢, ai m{@(OIM)u} whi ch

the MFCC features are obtained by: preprocessing the audio data to

pr e- enphasiThg b Wbl evtrésorting th% wabal 1,15 BUEI RS R rebsgifiesessed data
fromtinme domain into the frequency domai n; passing the transforned data

t hrough a ale filters to obtaln Mel spectrum data; and 20
converti ng§%¥ét bbﬁ%éségtrum data back to tinme domain data to obtain the

second MFCC features. 11. A nmethod according to an receding claim
wher ei nSstep (9 ab@V@dewm@a Qﬁh@lm\@nﬁlpnn%g\tewleedwtmb%llélagaw@and@@t ai ni ng
HW nodel s for each respective target audio file, the HW for which

pr obabi | i t Yimitingt Mariols ehaages or vexdifivatioas iy trebémbodientwsscribed adbget audi o

fileis mximal. 5

may occur to those skilled in the art and these can be made without departing
from the scope of the invention. For example, in the above embodiment of the
present invention, the extracted audio features are a combination of IMFCCA1,

10 IMFCC 2 and ICA1. However, experiments show that the audio recognition can
also achieve high accuracy when the audio feature(s) include only one feature
selected from these three (e.g. an accuracy rate of 95% when there are 100
target files, each having an average length of 200 seconds; note that in other
embodiments of the invention it is expected that the number of target files will

15 be much higher than this). Furthermore, it would be possible (though not

desirable) for any one of more of these three novel features to be used in

combination with other audio features known from the prior art.



12. A nmethod of identifying, among a plurality of audio files, a first one
of the audio files, the nethod enploying a segnent of audio data which is
derived fromthe first audio file and conprising the steps of: (a) creating
an observation vector with audio features extracted fromto the segnent of
audi o data; and (b) recognizing the first audio file using the observation
vector; wherein step (b) is perforned b{ determ ning, wthin a database
cont ai ni ng HW nodel s for each respecti‘@ target audio file, the HW for

whi ch probaMé%éﬁhgf t he observation vector being obtained given the target
audio file is maxi mal . 13. A nmethod for generating a database of HWM
nodel s for ,use in a t.h according to claim12. the t ho onpri.sing the
Steps of - dxt r achi MR IRENTY GO, A oG ALLAY BhatdBies. & st SRR GS: avdi o
files; 20 generating training data which is the anplitudes of statistically
si gni fi cantheaaudio filesatthe setbed empleyng@segment afiaydie datp wivichrig derived
paraneters for the target audio file with the training data by an HwM

initializafloanthal fiyet addioifile aAd confprigingpthielstepsbf.i al i zed nodel paraneters to
optim ze the nodel paraneters by an HW training algorithm and

establishing an [ Q43 i : (e T 3l I

par ametzrs. 5 14%%58%%%&@%3%?'%?%ﬁ%dl?f“{/'?mngyéIéﬁ%ﬁ@g%%ﬁglatfvn%f audi o
files, a first one of_th udio files, based on a segnent of audi o data
which is déhe semepbel? O%ﬂ%tan&{ldi o file, the apparatus conprising: (a)
means for creating an observation vector with audio features 1o extracted
fromt he segnent (mfreaoghizindahe firstradidio file using the observation vector;

wherein the audio features comprise features obtained by analyzing the audio

data, or a transformed version of the audio data, to derive a transform based on
10 its significant features, and applying the transform to the audio data, or the

transformed version of the audio data respectively, to obtain amplitudes of the

significant features.

2. A method according to claim 1 in which the transform is an independent
15 component analysis (ICA) of the audio data or the transformed version of the

audio data.

3. A method according to claim 2 in which the audio features include at
least one of:
20 (i) ICA features obtained by an ICA analysis of the observed audio data

segment,



(b) nmeans for recognizing the first audio file using the observation
" vector; wherein the audio features conprise features obtained by anal yzi ng
the audio data, or a transforned version of the audio data, to derive a
transform 15 based on its significant features, and applying the transform
to the audio data, or the transforned Vﬁésion of the audio data
respectively, to obtain anplitudes of t significant features. 15. An

appar at us accor dj;f ) i i ! rgni i.ndependent
conponent anal ysk@glﬁ%kﬁ(g?q%%ér%%%h@%&@?ﬁ%fﬁgﬁ [n%atﬁgfag'lroir‘léaggrgrb@?on of

t he audi o dat a. 23 16. An apparatus according to claim15 in which the
audi o f eat iM@4e feaygRCIEOMANS BPP g)fa:m%li%caietﬁltqrémh asd aprafinganpy

passi ng the observed audi o data segnment to | CA analysis nmeans, 5 (iii)

| CA- MFCC f ¢@Aanadysistoafheaslitpubofshel scatg filtdrebanldi o segnent into the
frequency domai n using FFT nmeans, applying the result to a nel scale filter
bank, and passing the output of nel scale filter bank to I CA anal ysis
means. 17. An apparatus according to claim 16 in which | CA anal ysis neans

From the addi o i RelPorkdbortd iy an it KA AahsR el webas o
functions and wei ght functions to transformthe audio data or Mel spectrum

data into SHPS @A domain to obtain | CA 15 coefficients. 18. An apparat us
according to any of clainms 14 to 17 in which the audio features further

i ncl ude MFCC f eatumpaitingti@Arteatidfunictions hnd weight faackard Pomethernidio data t he
frequency domain, applying a nel scale filter bank, and
or Mel spectrum data;
using the basis functions and weight functions to transform the audio

10 data or Mel spectrum data into the ICA domain to obtain ICA coefficients.

5. A method according to claim 4 in which the audio features include said
ICA features, and the step of computing the ICA features comprises the steps
of:
15 pre-emphasizing the audio data to improve the SNR of the data;
windowing the pre-emphasized data; and
ICA transforming the windowed data with the ICA basis functions and

weight functions to obtain the ICA features.

20 6. A method according to claim 4, in which the audio features include said
ICA-MFCC features, and the ICA-MFCC features are obtained by steps of:

preprocessing the audio data to pre-emphasize and window the audio

data;



- 20 transformng the output of the mel scale filter bank signal back to time
domain wi thout applying a |logarithmc step. 24 19. Apparatus for
identifying, anong a plurality of audio files, a first one of the audio
files, based on a segnent of audio data which is derived fromthe first
audio file, the apparatus conprising: ( means for creating an observation
vector wth audio features 5 extracted omthe segnent of audio data; and

vortors anerei n TARIGr FHaGphbERed e (i Sh RG] o BREFRITRARL,

transform n% the audi o segnent into the frequency domain, applying a nel
scale filt&8PMAMK, to and transformng the output of the nel scale filter
bank signal back to tinme donmain without applying a logarithmc step. 20. An
appar at us accor dipagsing theyraosfarmedrata 4dhrooagh® settafelrscate filtersdo obtain
recogni zing conprises: 15 a database contai ning HW nodel s for each
respecti ve Ma'spettrafdstal hhg. and neans for determning the HWin the

dat abase for which probability of the observation vector being obtained

gi ven the target dio file IS imal.. 20 21 a atus. for
Penti 191 ng. anolGrP retsif i TR Somtard e to MaRPREK BhéficeRls as theyi o
files, based on_a segnent of audio data which is derived fromthe first
audi o fil efirstMFGEfaptiras. conpri si ng: 25 (a) neans for creating an
observation vector with audio features extracted fromthe segnent of audio
dat a;

7. A method according to claim 6, wherein the step of computing ICA

basis functions and weight functions comprises the steps of:

10 partitioning the audio data or Mel spectrum data to provide partitioned
signal;
de-correlating the partitioned signal by PCA algorithm to provide de-
correlated signals; and

ICA learning the de-correlated signals by a fast ICA algorithm to obtain

15 the ICA basis functions and weight functions.

8. A method according to any preceding claim in which the audio features
further include MFCC features obtained by transforming the audio segment into
the frequency domain, applying a mel scale filter bank, and transforming the

20  output of the mel scale filter bank signal back to time domain without applying a

logarithmic step.



(b) a database containing HW nodel s for each respective target audio file,
“and (c) neans for determning the HW in the database for which probability
of the observation vector being obtained given the target audio file is
maxi mal . 22. An apparatus according to claim20 or 21, further conprising:
means for extracting as training data agflurality of segnents from each of
the target audio files; means for initiaizing HW nodel parameters for the

2l gor it nm Oreans rEPRe e R o Bl 5%“%%%%4*5%3?%%% BRLOBB b i zc

t he 15 nodel paraneters by an HVWM training al gori thm and neans for
est abl i shi g avdiafies t'ﬁ%mﬁth% emplaying @ ssgnet af aydidatanwhiehde derived
paranmeters. .A?. A A2 . Af . Af. AfL. Af . Af . Af. A@AS. AS
L AS. AS. AS. ABHAthaSret a@cﬁg.f%anéxﬁoﬁtﬁrié&_g he stéps BfWE] "] N78#p
~ytoj e [V] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca
] c*a] ca] ca] ca] calHad eatd afbbsahvatishvactdR with Qldio features extracted from
5 the segment of audio data; and
(b) recognizing the first audio file using the observation vector;
wherein the audio features comprise MFCC features obtained by transforming
the audio segment into the frequency domain, applying a mel scale filter bank,

and transforming the output of the mel scale filter bank signal back to time

10  domain without applying a logarithmic step.

10. A method according to claim 8 or claim 9, in which the MFCC features
are obtained by:
preprocessing the audio data to pre-emphasize and window the audio
15 data;
transforming the processed data from time domain into the frequency
domain;
passing the transformed data through a set of Mel scale filters to obtain
Mel spectrum data; and
20 converting the Mel spectrum data back to time domain data to obtain

the second MFCC features.
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audio data, or a transformed version of the audio data, to derive a transform

15 based on its significant features, and applying the transform to the audio data,
or the transformed version of the audio data respectively, to obtain amplitudes

of the significant features.

15. An apparatus according to claim 14 in which the transform is an
20 independent component analysis (ICA) of the audio data or the transformed

version of the audio data.
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bank, and passing the output of mel scale filter bank to ICA analysis means.

17. An apparatus according to claim 16 in which ICA analysis means
10 comprises:
means for computing ICA basis functions and weight functions from the
audio data or Mel spectrum data; and
means for using the basis functions and weight functions to transform
the audio data or Mel spectrum data into the ICA domain to obtain ICA

15 coefficients.

18. An apparatus according to any of claims 14 to 17 in which the audio
features further include MFCC features obtained by transforming the audio
segment into the frequency domain, applying a mel scale filter bank, and

20 transforming the output of the mel scale filter bank signal back to time domain

without applying a logarithmic step.
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wherein the audio features comprise MFCC features obtained by transforming

the audio segment into the frequency domain, applying a mel scale filter bank,

10  and transforming the output of the mel scale filter bank signal back to time

domain without applying a logarithmic step.

20. An apparatus according to any of claims 14 to 19, wherein said means
for recognizing comprises:
15 a database containing HMM models for each respective target audio
file, and
means for determining the HMM in the database for which probability of

the observation vector being obtained given the target audio file is maximal.

20 21, An apparatus for identifying, among a plurality of audio files, a first one
of the audio files, based on a segment of audio data which is derived from the

first audio file, the apparatus comprising:
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(b) a database containing HMM models for each respective target audio

file, and
5 (c) means for determining the HMM in the database for which
probability of the observation vector being obtained given the target audio file is

maximal.

22. An apparatus according to claim 20 or 21, further comprising:
10 means for extracting as training data a plurality of segments from each
of the target audio files;
means for initializing HMM model parameters for the target audio file
with the training data by an HMM initialization algorithm;
means for training the initialized model parameters to optimize the
15 model parameters by an HMM training algorithm; and
means for establishing an audio modeling database of the trained HMM

model parameters.



