;e3ed% ! $" REX$6STYER > VO CE ACTIVITY DETECTOR Field of the Invention

5 The present invention relates to a voice activity detector, and a process

Yor detecti ng a voice signal. Background of the Invention 10 mﬁﬂl urrber of
u

speech processing.applications it is inportant to determne t ﬁﬂ’l/ﬁ,ﬁllor

absence of a voice coﬁﬁ5ﬁ3ﬁ¥“f% a given signal, and in partic

determ ne the begi nning and endi ng of voice segnents. Detection &Fisenple
energy threshol ds has been used for this purpose, however, satisfactory
results only tend to be obtained where 15 rel atively high signmwu

ratios are apparent in the signal. Voice adtivity detection ge ﬂWMMWMW@W
applications in speech conpression algorithms, karaoke systems andggheec

enhancenent systens. Voice activity detection processes typically

dynam cal |y adj ust the noi se | end@dICEACIIVITYDETECYORal s to facilitate
detection of 20 the voice conmponents of the signal. The International

Tel ecomruni cation Union (1 TU) prescribes the follow ng standards for a
voice activity detector (VAD): 25 1. ITUT G 723.1 Annex A Series G

Transm ssi on ﬁé&gg&egg%d\/ﬁm a, "Silence conpression scheme”, |996. 2.

ITUT G729 A Transm ssion Systens and Media, "A silence
conpressi ord schene for G 729 optimized for termnals conformng 30 to

recommendat i og, V. 70" 996.. -2 The.Eur an _Tel eco ni cati ndar ds
Petitut e (Evans eipa FeRion ala i RGP ER AaProT PO RGO AReha
301 708 V7. 1. Loickkighdlal cellular tel ecomunications system5 (Phase 2+);
"Voice Activity Detector (VAD) for adaptive Multi-Rate (AMR) speech traffic
channel s: general description”, 1999. The basic function of the ETSI VAD is

to indicate m/@gg!gﬁﬁuﬁ@gptﬁqnmtfornarre of an input

10
In a number of speech processing applications it is important to determine the presence or
absence of a voice component in a given signal, and in particular, to determine the
beginning and ending of voice segments. Detection of simple energy thresholds has been
used for this purpose, however, satisfactory results only tend to be obtained where

15 relatively high signal to noise ratios are apparent in the signal.

Voice activity detection generally finds applications in speech compression algorithms,
karaoke systems and speech enhancement systems. Voice activity detection processes
typically dynamically adjust the noise level detected in the signals to facilitate detection of

20 the voice components of the signal.

The International Telecommunication Union (ITU) prescribes the following standards for a

voice activity detector (VAD):

25 1. ITU-T G.723.1 Annex A, Series G: Transmission Systems and Media,

"Silence compression scheme", 1996.

2. ITU-T G.729 Annex B, Series G: Transmission Systems and Media, "A
silence compression scheme for G.729 optimized for terminals conforming

30 to recommendation V.70", 1996.



signal sanpled at | 6kHz contains data that should be transmtted, i.e.

, speech, nusic or 10 information tones. The ETSI VAD sets a flag to indicate
that the frane contains data that should be transmitted. A flow di agram of
the processing steps of the ETSI VAD is shown in Figure 1. The ETSI VAD
uses paraneters of the %p’"eec“ﬁ ‘encoder to conpute the flag. The input signal
isinitially pre-enphasized and wi ndowed into franes of 320 sanples. 15
Each wi ndowed frame is then transformed into the frequency domain using a
Di screte Tine Fourier Transform (DTFT). The channel energy estimate for the
current sub-frame is then cal cul ated based2n the followi ng: 20 1. the

m ni mrum al | owabl e channel energy; 2. a channel energy snoothing factor; 3.
t he nunber of conbi ned channels; and 4. elenents of the respective | ow and
hi gh channel qagtEurbgt@n t B @IMMUATafibe Stdhdaide! InSitgB A(ETSY PlRiGdRahd Gol(ocWiR
vector is used to conpute the voice netrics of the 1 nput signal. The

i nst ant aneous SPRdaT fSARARE t he | ong-term peak SNR are used to calibrate

t he responsi veness of the ETSI VAD deci si on. -3 The quantized SNR i s
used to determ ne the respective voice netric threshold, hangover count and
burst count threshdl d pET3hENe38] 7MRe VETYl, Migidaldedlwdaroelecamnuneatitis  systben

according t.o the foll ow Locess:. 5 i f. (v PV ufm), f../ * if 1he

voi ce netrirc > voi ce nﬁ@g%eplzpﬁf’ezi%F%ACt\v/kb(%n&m 6?@%5%%%}%@&%1 l\;lultl-}{ate

i ncrenent burst count er(KMR}%def:hﬁ’afﬁ(:l&)la?hels. cherfal ddscupiar®ogounter with
=h

threshold */ 15 } else 20 h( cnt /* set hangover */ b(m) =0 /* clear
burst counter */ h(m=h(m1) -1 /* decrenent hangover / if(h(m<=0) 25 ~ /*

c gtecgez orengpierg@g?mﬂ&em{ of the YN ATt thdRbat0 whbithdOedh 96 s frimb PO Vfphut
signal sampled at 16kHz contains data that should be transmitted, i.e. speech, music or

10 information tones. The ETSI VAD sets a flag to indicate that the frame contains data that
should be transmitted. A flow diagram of the processing steps of the ETSI VAD is shown
in Figure 1. The ETSI VAD uses parameters of the speech encoder to compute the flag.

The input signal is initially pre-emphasized and windowed into frames of 320 samples.
15 Each windowed frame is then transformed into the frequency domain using a Discrete

Time Fourier Transform (DTFT).

The channel energy estimate for the current sub-frame is then calculated based on the

following:
20
L. the minimum allowable channel energy;
2. a channel energy smoothing factor;
3. the number of combined channels; and
4. elements of the respective low and high channel combining tables,
25

The channel Signal to Noise Ratio (SNR) vector is used to compute the voice metrics of
the input signal. The instantaneous frame SNR and the long-term peak SNR are used to

calibrate the responsiveness of the ETSI VAD decision.



VAD(m) = ON To avoid being over-sensitive to fluctuating, non-stationary,
background noi se conditions, 40 a bias factor nay be used to increase the
threshol d on which the ETSI VAD decision is based. This bias factor is
typically deriyed froman estinmate of the variability of the background

noi se estimate. The varitability estimate is further based on negative

val ues of the instantaneous SNR It is presuned that a negative SNR can
only occur as a result of fluctuating background noise, and not fromthe
presence of voice. Therefore, the bias 4~ factor is derived by first
calculating the variability factor. The spéctral deviation estimator -4
is used as a safeguard agai nst erroneous updates of the background noise
estimate. If the spectral deviation of the input signal is too high, then
th ed back glr oundha q?aﬁiz% SNRaisaised dﬁﬂa.lemﬁx,ebl thetredpectpervsidet mﬁ:ﬂc ShEmlcETl‘éhgambﬁD )
needs at least 4 franes to give a reliable average speech energy wt iC
the speech en&PYy 8¢ btlﬁécw? thrpsholghpatameterse Té‘ﬁrm&al %89;)‘5?&@&“ canithen g made
probl em f aced ;frdind/BRhé BoIBWH Resdsh:i cation of the input signal into voice
/ silence regions. Sonme standard algorithns vary the noise threshold

dynam cally across a 10 nunber of franmes and produce nore accurate VAD
esti mates vsith ting. J‘?\‘ﬁ‘?%?ﬁ conplexity of these VADs is relatively

hi gh. The conpl exinE)g (S t he f:t ; ' . ETSI VAD = {
2.0(L) + QMIlogz(l'l~) /+ 4. O(i\lo ?%/bggleeﬁg%ﬁlégﬁgg%%g?gﬂr%%ﬁ*% he nunber of
conbi ned channel s; L isvidgnddN rane length; and 20 Mis the DFT |ength.

W ndowi ng and pre- enphaging)ppinbihave an prigdedeneht Blidst coubit@ )i screte Tinme
Fourier Trimnsform has an order of Q(MIlogl(M. The channel energy
estimator, Channel SNR iég¢bi(mitmoeh ) voice nmetric cal cul ator and Long-term
Peak SNT cal cul ator eadh hd¥eo@pacosnohtexiwith thfeshbld *gr der of OQ(Nc. These
VADs are typically not efficient for applications that require | ow del ay

si gnal dependant estinmation M)¥6icde /| sVt eetchangevsrdids of speech. Such
applicatidds include pitch detection of speech signals for karaoke. If a
noi sy signal is determined to be a speech 30 track, the pitch detection
algorithmmmay return an erroneous estinmate of the pitch of the signal. As a

result, nost of t h%'sepi tch estinmates will be |ower than expected, as shown
in 20
b(m)=20 /* clear burst counter */
h(m)=h(m-1) -1 /* decrement hangover /
if (h(m) <=0)
25 { /* check for expired hangover */
VAD(m)=OFF
h(m)=0
}
30
else

{ /* hangover not yet expired */

VAD(m) = ON
35

To avoid being over-sensitive to fluctuating, non-stationary, background noise conditions,
40 a bias factor may be used to increase the threshold on which the ETSI VAD decision is
based. This bias factor is typically derived from an estimate of the variability of the
background noise estimate. The variability estimate is further based on negative values of
the instantaneous SNR. It is presumed that a negative SNR can only occur as a result of
fluctuating background noise, and not from the presence of voice. Therefore, the bias

45 factor is derived by first calculating the variability factor. The spectral deviation estimator



-5 Figure 2. The ETSI VAD supports a | owdelay VAD estimate based on
pre-fixed noise thresholds, however, these thresholds are not signal
dependent. An object of the present invention is to overcone or aneliorate
one or nore of the above 5 nentioned difficulties, or at |east provide a
useful alternative. Sunmary of the Invention In accordance with the pr esent
i nvention, there is provided a nethod for determ ning 10 whether a data
frame of a coded speech signal corresponds to voice or to noise, including
the steps of: determning the cross-correlation of the data of said data
frame; determining the periodicity of the-dross-correlation; determning
the variance of the periodicity; 15 determ ning said data frame corresponds
to noise if the cross-correlation is |lower than a predeterm ned
cross-correl aish@sd ¥ah vfegiandl aghtrise EftbriRbaQupdaces Gbaitl&*, lmkgxeambm@lse Edimaes. CH thd
the variance is | ess than redeternlned \Y | ue. .20, The, prese

i nvention al s&’eﬁF@)‘\ﬁeM@EO‘boﬁ'ﬁ? HEYt sighal Bdehi ﬂfﬁ’rf}‘ Wt?é‘i ung ngise gstfrpaé%pc&t a
coded speech ﬁh?ﬂ@hmﬁﬂhﬁﬁéﬁonds to voice or to noise, including the steps
of : determ ning” an rgy of said franme; determ ning an average speech

ener gy of the coded speech S|gnal if the data franme is one of a

predeterm ini t i
perform ng-t Znﬁgﬁﬁiép ‘% f'}SFﬁE aS(? gérégsr% él slte%ﬁat?lg a‘%grgg%éf %glg%g%rgy g'glﬂlof
the frame wt h/htcheh@speéca@aefgp%ﬁfe cﬁﬁenitgiﬁta feamik dahdedainparkd.ame corresponds to

speech if the average speech energy is less than or equal to that of the
energy of the frane. 30 The present invention also provides a voice

activity detegt wBPﬁroQFd?nefa@bc{‘b?Q Vg ﬁ%lsaagﬁt&ua&ﬁ dRneOfnpat ﬁg&h‘?dn@ﬂﬁﬁ&h/
Si gnal COI‘I‘eSpO s to volce or 0 noi se, i ncludi ng: -6 nmeans for

det er mi ni ng t bitence tegions o iSomie standerd g gorithmsieary thef nodse dirashold dynamisallyvecspss & or
et N 9. BB IO b Hrod I8 0 980,RRE VA ohaeel W irh! RIS MO

the varia
complexity of these VADs is relatively high. The complexity of the ETSI VAD may be

given as follows:

ETSIVAD = { 2.0(L) + O(M.log,(M)) + 4.0(N,) } operations

15
where
Nc is the number of combined channels;
L is the subframe length; and
20 M is the DFT length.

Windowing and pre-emphasis both have an order of O(L). The Discrete Time Fourier
Transform has an order of O(M./log:(M)). The channel energy estimator, Channel SNR
estimator, voice metric calculator and Long-term Peak SNT calculator each have

25 complexity of the order of O(N,).

These VADs are typically not efficient for applications that require low-delay signal
dependant estimation of voice / silence regions of speech. Such applications include pitch
detection of speech signals for karaoke. If a noisy signal is determined to be a speech
30 track, the pitch detection algorithm may return an erroneous estimate of the pitch of the

signal. As a result, most of the pitch estimates will be lower than expected, as shown in



means for determ ning said data frane corresponds to noise if the
cross-correlation 5 is |lower than a predeterm ned cross-correl ation val ue;
and nmeans for determ ning the data corresponds to voice if the variance is
| ess than a predetermned variance value. Brief Description of the Draw ngs
10 Preferred enbodi nents are hereafter described, by way of non-limting
exanple only, with reference to the acconpanyi ng drawi ngs in which: Figure
1 is a block diagram showi ng an ESTI Voice Activity Detector; 15 Figure 2
is a graphical illustration of pitch estimation of speech determ ned using
a known and voice activity detector; Figuré-3 is a diagrammatic
illustration of a voice activity detector in accordance with a preferred
enbodi ment of the invention; Figure 4 is a flow diagram showi ng a process
preferred b)d/ Fhy@re/Di Gﬁe&fItSiIWAD sgﬂimtaolﬁw &ghyFVgHIatrﬁasdﬁlbawd bh@ré—ﬁﬁ%wﬁdsiﬁey
spectrum an ross-cqrrel ation ech and np nal s; Figure is a
graphical ill ﬁgﬁa‘@r W§H?fvdhﬁ§etgﬁ cﬁ&%"(@:\ﬁ@é‘%’(é@@?ﬁ%ﬂj acent peaks in the
cross-correl ation of speech signals; Figure 7 is a graphical illustration
show ng the di stance between adjacent peaks in the cross-correlation of
brown noi se srAgrpézles:t oDe Progemtangention & tgroaprspwalor pineligrrieam on nufre pf thetabove
C e onsor pRRGSEDGHE AR B AL B Be YRR by detector in
di agram showi ng a pr ocess preferred by the voice activity detector 30
Det ai | ed Descri ption gf Preferred Enmbodi nents of the Invention A voice
activity det egﬁ%ﬂﬁg@m%hovm in Figure 3, receives coded speech

i nput signals, partitions the input signals into data frames and

determ nes, for each franme, 5 whether the data relates to voice or noise.
The VAD 10 ophr atcesdanee mith lth'P rasesgniTiventidnd thexk éss providsd s snsthed fon aleternimingnt
characteri tig i

Gi'atinoti dn bansde T AEERARRAR 4 AL IRE LRF bR PERIK S TalefBE RSy jgclning
preferably extheutepsofr VAD pr ocess 12, as shown in Fi gure 4. 10 Col oured

noi se has the foll ow n n a(t:rresntal rop frt]% (gast ﬁ%a}d\ég] noi se: the power
of the noise is ra ‘§} %IF e BGPE@ ARk $21edatd Kyfency spect rum and
the correlation isqa&minih®we p%norﬁ&wtH@br%ﬁ’s-ccHéﬂathﬁequenCy spectrum ( 1/
f '), is nostly domnant in the 15 very Iowfrequency regi ons. Brown noise
has a hi gh cross céterslining the varipnce opthedsriedigital s. 3. Pi nk noi se: the
frequency §peCtrunactémljrmfu Gaid tasfrﬂﬁé&&r}’esg&ﬁﬁ&'hofsé‘ ift € kR CB&ager&,; :%'18v%er
The cross-orrel ation values of PNk noise are not npar a to those
speech si gnal shan2@rd‘detgunmer$cmmameﬂdwnfvaqudcy spect rum and

cross-correl ation of peech % e oureoddnor se ; egl? {lh vabere Ee
cross-correl ation TECERR:RE RE YNGR Ng 1§ °0"¥8 §%4§ SHhas 2 As
can be obser vgddéie@ithdd Guriateedlatle, speech is highly correlated due to the

hi gher nunber of harnonics in the spectrum The correlation is also highly
periodic. 25 'The VAD 10 takes into account the above-described statistical
par amet er $ot OTHOPME iR GS AsSTBERIdRE ali@hdd idk Id@terhinf{EE®hetHd?€: data frame of a
cross-correlatioh of the signal 'is determned to obtain a VAD estimate in
the initial fewuledspasth sigealicapespondsge eie antepoiss, inglading ¢l sjeps of'r el at ed and
the correlation is .to harnmonics in the signal.
Figure 6 shows thed%%&d@g%g%é%r%#\é@nﬂa jacent peaks in speech
cross-correl ati on. ddierguinieg @n sVvoags spdeeh dispgnoftbe batedaspeechdigatient peaks in

brown noi se cross- (%(%}rwr alrtg1 tfrla(r)nré 1s'%§1e o?g [?rgde?gn%%e\c/lergdmbe? of initial data frames of the

25 coded speech signal, performing the method referred to above; and
else, comparing the energy of the frame with the average speech energy, and the
data frame corresponds to speech if the average speech energy is less than or equal to that

of the energy of the frame.

30 The present invention also provides a voice activity detector for determining whether a

data frame of a coded speech signal corresponds to voice or to noise, including:



- estimates of the periodicity of the peaks in the speech sanples are nore
, stabl e than those of pink and brown noise. A variance estimtion nethod is
descri bed bel ow that successfully differenti ates between speech and noi se.
S After a certaln..hunber. of . frames, the energy threshold estimator also
hel ps to inprove the distinction between the voiced and sil enced sections
of the speech signal. The short-termenergy signal is determned to
adaptively inprove the voiced/silence detection across a |arge nunber of
frames. 10 The VAD 10 receives, at step 20 of the process shown in Figure
4, Pul se Code Modul ated (PCM signals as rfput. The input signal is sanpled
at 12,000 sanpl es per second. The sanpled PCM signals are divided into data
frames, each frame containing 2048 sanples. Each input frame is further
partitioned into tweansubrdetanifingfhe th3dcomeicasofetrcduta sfaall dagi frarddé;
sub-franes is used to determ ne cross-correlation. 15 The VAD 10 t hen
determ nes, at st &Ped fondstermiping the periedigiin ofiths srossrrarSIAtion: ¢ he i nput
signal . The short-&@g@f&%g@%idi&mhgwncggfth\é?bﬁ&gci;)}gan un-voi ced speech
and shoul d be zero for silent regions in speech. Short-termenergy is
cl acul at ed using tmeansdor deidrminingsardifata frame|conjespondstornofsk-ifl the \vreks-Toneclatier gy
inthe 1'~% a i.S..f .S] .z i ~ The average energy threshol ds
are determsnelg:%vg%sr t%fneg gge,tgrgnslgéfdoc??sjgﬁae%goq Y(ahfekgtlae =k~'" and ~ =k~L' Id 1~
(2) where -9 E'rhedns fohdetarwsing ehesduee chiresp@idg Yo ovies ifktht vaf@reds Rss tahed
as speech and Egl" i§ the average noi se energy over k franes classified as
speech. S WhePTedqterminad YagaRcedafus:  r ane being processed is the fifth or
greater in a series of data frames, the VAD 10 conpares, at step 23, the
energy of the current frane with the average speech energy ES to determ ne

whet her it coBrigfBescription jof the Drawings Ot herwi se, the VAD 10 determ nes, at
step 24, e cross-correlation, Y(t), of the first and 10 second sub franes
of the data frame under consideration as follows: N 2-1 Y(z)= ~~(n)~(~+2)

(3) where, z Psferied embodibehisaenhdrénftes dgpusincieby wip oRndm)imitingtdrampleronily, Maihf
of the input franme un@gr consi derati on Xl%"ﬁ%; is the second half of the
i nput frame URHETCE ShOF GEORRBYING AFWigSIN h

size of the frame. | nput
signals with cross-correlation | ower than 0.4 are considered as noise. This
test 20 therefore detects the presence of either white or pink noise in the
data franme undewreddns bipsk diagmm showrngay EYHsYecapetivitddriedterd t o det er mi ne

whet her thg CHEhE s Q%ﬁ'zﬂahwaﬁﬁﬁs&eﬁion of pitch estimation of speech determined using a known

and voice activity detector;

Figure 3 is a diagrammatic illustration of a voice activity detector in accordance with a
preferred embodiment of the invention;

Figure 4 is a flow diagram showing a process preferred by the voice activity detector;

20 Figure 5 shows the frequency spectrum and cross-correlation of speech and noise signals;
Figure 6 is a graphical illustration showing the distance between adjacent peaks in the
cross-correlation of speech signals;

Figure 7 is a graphical illustration showing the distance between adjacent peaks in the
cross-correlation of brown noise signals;

25 Figure 8 is a graphical illustration of pitch estimation of speech determined using a voice
activity detector in accordance with a preferred embodiment of the invention.

Figure 9 is a flow diagram showing a process preferred by the voice activity detector

30



speech or brown noise. As discussed above, the cross-correlation of speech
. sanples is highly periodic. The 25 periodicity of the cross-correl ation of
the current data franme is determ ned, at step 26, to segregate speech and
noi sy signals, The periodicity of the cross-correlation can be neasured,
with reference to Figure 6, by determning the: 1. Distance between
positive peaks: Diff PP 30 2. Di stance between negative peaks: D ffnn -10
3. Distance between consecutive positive and negative peaks: Diffpn 4.

D st ance between consecutive negative and positive peaks: Diffnp The peaks
can be identified by using: 5 Y(z 1) < Y(z)J-> Y(z+1) for nmaxinma and Y(r 1)
> Y(z) < Y(z+l1l) for mnima. To ensure spurious peaks are not chosen, the
process is extended to cover five lags on 10 either side of a trial peak

l'ag. I'n doi ngDemiledWeSEriptih dTa¥fedRidatmbadinkhtsiof thélnvenéibl | Nngent and
entails the risk o eavi ng out genui ne peaks 1n the cross correlation. The
variance of periodicity is determned at step 28. The variance (err)2 is a
measure of ho VAUt | ST I 90 HoSvnATFibSre e

squar ed devi a%e(l ?)(ﬂgeg gggﬁe%ﬁﬁgzr!&?gqﬁ)h t%e é‘eque‘hcgdﬁrrg%?&ts?B%éed;ﬁzegﬁ{e@gp
where x i s t heigsasupanitionshthe enmurdignatseints dbwi figmese adidermameks, cfan ebeh dagnepf

the 20 Diff~ s ences nentjoned .in the pr.evi ction:.,u i.s the mean, of
oeuance x5 angancr e Bal TRRas Vobd ot AT VAP P GarR i the hifhe; dofnalE AL
of peaks in thgedintd aédnht hRsiBBeremtchifCtefistics "t Pedch A EHbUre® Aoy td- pasviddre

nunber of peaks in the correlation of speech and nojsy sanples wll be
di fferent. TollemsPyidndishnction helivenesperchnand sienced seetiond 9f spegehy nghe VAD 10

peri odicity, BrefdrfRExaiIE RaHD Bibotls 158 Hawh AFigaredf Lhe DIffXx is taken.

From Figure 6, 1t can be seen that the nean o e D ffxx sequences of
speech signals is 30 higher as conpared to that of noisy signals. To take

[ h iati f the Dff~ f hei
respect | va e GHOVRER bonn EIrs 0k BBppert ) 2B, (orr)2 - is further

normal i sed by ,u oo~ _~ _~(rf~)~-_1~ xz-15L~zL,u()5
Equation 5 varies according to 0< s <1. The vari anc(? of the periodici tP{ of
t he cross L. Whité noise: the power of the noise is randomly distributed over the enfire
frequency spectrum and the correlation is very low.,
2. Brown noise: the frequency spectrum, (1 /f?), is mostly dominant in the
15 very low frequency regions. Brown noise has a high cross

correlation like speech signals.
3. Pink noise:  the frequency spectrum, (1 /'), is mostly present in the low
frequencies. The cross-corrclation values of Pink noise are

not comparable to those of speech signals.

20
Figure 5 shows the frequency spectrum and cross-correlation of speech and coloured noise
signals, where the cross-correlation is computed by varying the lag from 0 to 2048
samples. As can be observed from Figure 5(a), speech is highly correlated due to the
higher number of harmonics in the spectrum. The correlation is also highly periodic.

25

The VAD 10 takes into account the above-described statistical parameters to improve the
estimate of the initial frames. The cross-correlation of the signal is determined to obtain a
VAD estimate in the initial frames of the input. Speech samples are highly correlated and
the correlation is periodic in nature due to harmonics in the signal. Figure 6 shows the
30 distance between adjacent peaks in speech cross-correlation. Figure 7 shows the distance

between adjacent peaks in brown noise cross-correlation. As can be observed, the



correlation of speech signals is therefore |ower than that of noise. The

. content of the relevant data frane nay be considered to be voice if s <
0.2, for exanple. 10 The VAD 10 experiences a delay of one data frane, ie
the tine takeR fQluldCumblidogteaNd8 bits of sanpled input signal to fill the
first data frame. Wth a sanpling frequency of 12 kHz., the VAD 10 w ||
experience a lag of 0.17 seconds. The conputation of the cross correlation
values for different lags takes mininmal tinme. The VAD 10 may reduce the |ag
by reducing the franme size to 1024 sanpl es. However, the reduced | ag cones
at the 15 expense of increasing the error r?’errgl n in the conputation of the
variance of the periodicity of the cross-correlation. This error can be
reduced by overl appi ng the sub-frames used for the correlation. Figure 8
shows t he eff estimasés afithe pexiddidtywifdhe peabsl irf thc spéet:h lhardplee atei mmreistabbe thamr thoke

20 appllcatlon The a e pi.tch estimte i mpro in co
Che bt ch est Dhii AR HBRRR: TPite o, oV TRACISRRYOR, &R ACPE ARy thal |
gradual |y ada@ﬁ@eishﬂly&ﬂﬂérﬁ%a&éﬂb@ﬁ%éhdﬁee@h/@{drﬁn{éuﬂber of frarres The nunber

of conputations required for the conputation of the correlation values 25
initially, reduce with higher nunber of franes, V\:hl ch dynam cally adapt to

the SNR of & h i y
0 2 L RSB b T gl Ayl Ry 24d Rl s

franme; and dLstu:chon hes)vetehéhmmi@drandfsnlpwadseqﬂ!ensscﬁ thd speech Iagnal The short-term

auto-correl ation functi o t he ste state en. t he.. ener t hreshol ds
nave been. dot S SRRl § etsrline 5y SUERH IRy s Y R PSIGEE ke 2308 o
to 2.0(1. 5 ThegoMhlhbkofftymes.t ernativel y execute a VAD process 50, as shown
in Figure 9. The VAD 10 receives, at step 52, Pulse Code Mdul ated (PCM

signals as input. The input signal is sanpled at |2,000 sanpl es per second.

The sanpl eg PE $1a398d FecdivEs, di Mé@?@ofﬂ%@r&@é@shwﬁl@? guf‘ea& *Pufs%%’%c SR5ut &Y NI
2048 sanpl'es. Each input frane s further 10 partitidned’into

sub-frames of (A0 signatpkempotchhe \petsignal is S@mpbdtﬁiflaé)ﬁ@sampleupmetmd The

cross- corr ol aticd GEMLibgHls ek lLinto (€ REREL 158 £30e ShEBingik 208 Samples.
frame under ceai ﬁlpﬁtaﬁrarﬂm isUfairthe fattititned int§ 3yo kutpfrhmsd gha023 satiplesGacls SEach

pair of sub-frames is used to determine cross-correlation.

15
The VAD 10 then determines, at step 22, the amount of short-term energy in the input
signal. The short-term energy is higher for voiced than un-voiced speech and should be
zero for silent regions in speech. Short-term energy is claculated using the following
formula:

20

IN
E= Z"(”)z (1)
() M

The energy in the /* analysis frame of size N is E. The avcrage cnergy thresholds are
determined, at step 22, as follows:

25

13 1&
E:-:%ZJE, and E:::;C?’ @)

=

where



15 correlation lower than 0.4 are considered as noise. This test therefore
. detects the presence of either white or pink noise in the data frame under
consideration. Further tests are conducted to determ ne whether the current
data franme is . .s$pesesh-Rlo-RLawn..nei se. As di scussed above, the

cross-correl ation of speech sanples is highly periodic. The 20 periodicity
of the cross-correlation of the current data frane is determ ned, at step
56, to segregate speech and noi sy signals. The periodicity of the
cross-correlation can be neasured in the above-descri bed manner with
reference to Figure 6. The variance of peri®bdicity is determ ned at step 58
in the above-described manner. The 25 estimate is normalised by L as the
nunber of peaks in the correlation of speech and noi sy sanples will be
different. To obtain an accurate estimte of the variance of the
periodicity, a linegr conbination of, the vari es 0 tEe Diffxx is taken.
From Figure 6, it Can b BeAskapeechansren vk s et Sugrsonand of
speech signals is 38, hi ghé aasageQdRakRs gy Ovdr kdftank cliedifivd & poeths. To take
into account the percentage variation o? the D ffTT sequences fromtheir
respective neans rather than the absolute variation, (err)2 is -13

f urt her Uorsrm'WﬁﬁQ tlQ:y mfr?ern[ hgtaalfangé 3&%?)’00&%@# g fllaftl] gpgre\éf’% 'ir?g(:s%ri&f Iingta
periodicity of the cross-correlation speech signals Fs therefore Ponet
than that of rfeimse. thdNALLhtempares atstep 23 the\caatgy dithe durrentefrareg/whike the average

considered to _be voice %i a.< 0..2 Pﬁé eéan&Le. 5 The VAD 10 sets a flag
i ndi cat i ng wh&PFED SRKEY £ /Y Seiermning whether LGontANS sPRECh OF PRIk i s voi ce. -
14 THE CLAI M5 OF DEFI NI NG THE | NVENTI ON ARE AS FOLLOAS: A net hod for
determ ning whether a data frame of a coded speech signal corresponds to
voi ce or to n&thawisenthe MR Odsterminep ot siep 24, t@e ceasriemrelatiannd(7), of the first and
cr oss- corr ) ati 804 ot Al B BARLuAR} Boll @RI dE RSN N9 the
periodicity of the cross-correlation;, determning the variance of the
periodicity; determining said data frane corresponds to noise if the
cross-correlation is |lower than a predeterm ned cross-correl ation val ue;
and 10 determ ning the data corres ond¥¥%Eo voice if the variance is |ess
than a predeterm ned vari ance val u z)za édh@@hbd)clained in claiml, 3
wherein the cross-correlation, Y(T), isygalculated in accordance with t%%
followi ng: 15ypere,

T is the lag between the sequences,
15 x;(m) is the first half of the input frame under consideration
x;(n) is the second half of the input frame under consideration and

N is the size of the frame.

Input signals with cross-correlation lower than 0.4 are considered as noise. This test
20 therefore detects the presence of either white or pink noise in the data frame under
consideration. Further tests are conducted to determine whether the current data frame is

speech or brown noise.

As discussed above, the cross-correlation of speech samples is highly periodic. The
25 periodicity of the cross-correlation of the current data frame is determined, at step 26, to
segregate speech and noisy signals. The periodicity of the cross-correlation can be

measured, with reference to Figure 6, by determining the:

1. Distance between positive peaks: Diff,,
30 2. Distance between negative peaks: Diff,,



Niz-i Y(r) _ ~ X, (nN)x~ (n + z) n=0 where, 20 z is the |lag between the
sequences X, (n) and x1(rt); xl(n) is the first half of data frame; x1(n) is
the second half of the data frane; and Nis the size of the franme. 25 3.
The method cl @iBeh.idoGbdisMd F Cclaim2, wherein the predeterm ned
crosscorrel ation value corresponds to that of white or pink noise. 4. The
met hod clainmed in any one of clains 1 to 3, wherein the predeterm ned
correlation value is 0.4. 30 15" 5. The nethod clained in any one of
claims 2 to 4, wherein the periodicity is determ ned by neasuring: (a)

di stance between positive peaks: D ffPP; (&9'di stance between negative
peaks: Diffnn; 5 (c) distance between consecutive positive and negative
peaks: Diffpn; and (d) distance between consecutive negative and positive
peaks: Diffnp whkr Oidtéree petsicsn eomsedutien poditiwhndyegmivageaksODNGE 1) < Y(T) >

Y(r+1) for maxi d Y(r-1) > Y(r) < Y(r+l) for minim. §...The nethod
clainmed in clai '5?)? %éFW)eP’hgm\(?g%uiné{ﬁBég,an(%?'}fpﬁsn'ivg pg%st:]%fgt ed as fol |l ows:
15 Qz = ~(x L where x is the sequence whose variance i s being nmeasured; 20
fc is the nean_ of sequence x;_and L is the nunber of sanples in the
sequence. 7. ThHePrksKabeidsntifisd byisBai m b, wherein the variance is
normal i sed py substantially as follows: 25 s-_~z = ~(x_f~)~ __ | _x ~ -I

~c' L.~z L 8. The nmethod clainmed in claim?7, wherein the predeterm ned
variance value is 0(2l) < Y(16& Qr+A net Hodmhxamaced er m ni ng whet her a data

frame of a coded speech signal corresponds . to voice or to noise, includin
the steps of: =D > Y < V(e+]) For minima, 9

To ensure spurious peaks are not chosen, the process is extended to cover five lags on
10 either side of a trial peak lag. In doing so, makes the peak detection criteria is stringent and

entails the risk of leaving out genuine peaks in the cross correlation.

The variance of periodicity is determined at step 28. The variance o is a measure of how
spread out a distribution is and is defined as the average squared deviation of each number

15 in the sequence from its mean, i.c.

(x—p)’
o’ =Z—,u (4)
L
where
x is the sequence whose variance is being measured and can be any of the
20 Diff.. sequences mentioned in the previous section;
Y7 is the mean of sequence x; and

b~

is the number of samples in the sequence i.e. the number of peaks in the

different cases.

25 The estimate is normalised by L as the number of peaks in the correlation of speech and
noisy samples will be different. To obtain an accurate estimate of the variance of the

periodicity, a lincar combination of the variances of the Diff,, is taken.

From Figure 6, it can be seen that the mean of the Diff,, sequences of speech signals is

30 higher as compared to that of noisy signals. To take into account the percentage variation



determ ning an energy of said frame; determ ning an average speech energy

. of the coded speech signal; 5 if the data frane is one of a predeterm ned
nunber of initial data frames of the coded speech signal, perform ng the
met hod cl ai medwhuaRy.Qne.df.ehal s 1 to 8; and el se, conparing the energy
of the frane wth the average speech energy, and the data franme corresponds
to speech if the average speech energy is less than 10 or equal to that of
the energy of the frane. 10. The nmethod clainmed in claim9, wherein

determning the energy of the frame by determning: LN 15 El = ~ x(n)""'
n=(1-1) N+1 where the energy in the | " ah‘allysis frame of size Nis Er. 11.
The nmethod clainmed in claim10, wherein the average speech energy

determ ned 20 over k data franes is as follows: E~=I~Er s k ,_, 12. A voice

activity det eof the Jiff;, selptrmesfomnteintaspdvtve meakstrathtr thame thefabsolute dedatzme eclis 25
signal corresponds to yoice oy to noise, including: neans for determ ning
the cross- cor FEMSE pIMalifedibye data of said data frame; means for determning
the periodicity of the cross-correlation; nmeans for determ ning the

vari ance of the periodicity; nmeans for determning said data frane

corresponds to noise if the crogs 3 (;‘orﬁ)el aj OI[—%-ZHSFH than a

predeterm ned cross-correl atioa—at 1-+ [nehns for determ ni@Gy
the data corresponds to voice i #the bati anck T4\ Hdss Jhan a pr edet er mi ned
variance val ue. 13. The voice activity detector clained in clains 12,
wherein the cross-correlation, 5 Y(T), is calculated in accordance with the
fol | owi ng: W EquativfiZ) varies accorfimgxte Q< ¢ <d- The warlandd) of Thanpariodicity afsthe lveosk-ag

]E) ?;Vrr\g?n the Sgo ue aptl%%sotx slpger:]c)h se}grgalsx 115( trﬁ%r;efo)l(ré qg&er'tﬁar% rt}xeé\lt folf rn%;[se.hallﬂce g()]cnte%?%? the

relevant data frame may be considered to be voice if € < 0.2, for example.

10 The VAD 10 experiences a delay of one data frame, ie the time taken for the first 2048 bits
of sampled input signal to fill the first data frame. With a sampling frequency of 12 kHz,,
the VAD 10 will experience a lag of 0.17 seconds. The computation of the cross-
correlation values for different lags takes minimal time. The VAD 10 may reduce the lag
by reducing the frame size to 1024 samples. However, the reduced lag comes at the

15 expense of increasing the error margin in the computation of the variance of the periodicity
of the cross-correlation. This error can be reduced by overlapping the sub-frames used for

the correlation.

Figure 8 shows the effect of the VAD 10 when used for pitch detection in a karaoke
20 application. The average pitch estimate has improved in comparison with the pitch
estimation shown in Figure 2 obtained using a known VAD that gradually adapts the

energy thresholds over a number of frames.

The number of computations required for the computation of the correlation values
25  initially, reduce with higher number of frames, which dynamically adapt to the SNR of the

input signal. The initial ordcr of computational complexity is:

O(N) + O(N*/2) + 5.0(K) (7)
where

30 N is the number of samples in a frame; and



x1(n) is the second half of the data franme; and Nis the size of the frane.
14, The voice activity detector clainmed in claim112 or claim 13, wherein

the predeterm ned cross-correlation val ue corresponds to that of white or
pi nk noi se. 15kl Va.6e.asliM ty detector clainmed in any one of clains 12
to 14, wherein the 20 predeterm ned correlation value is 0.4. 16. The voice
activity detector clained in any one of clains 14 to 15, wherein the
periodicity is determ ned by neasuring: (a) distance between positive
peaks: DiffPp; 25 (b) distance between negative peaks: D ff~~; (c) distance
bet ween consecutive positive and negative peaks: D ffP"; and (d) distance
bet ween consecutive negative and positive peaks: D ff"P wherein the peaks
are identified by using: 30 Y(r 1) < Y(r) > Y(T+l) for maxima and Y(z 1) >
Y(r) < Y(r+l) for Kinthggumber offRaksidetectpiddn thgiagte-coeteialipn fungtiomct or cl ai nmed
in claim16, wherein the variance, Q1, is calculated as follows: _
~~x-f~)~ 5 az L where x is the sequence whose vari ance is bei ng neasured,
10 ~ i s the mimnheobtesdy0urte;avhen thacenergysthidskoldsiibes beén dawphmsd,i thet drder of
sequence. 18. The v‘oi&e activi B}/ [gﬁ{)ect or clfd din claim17, wherein the
variance i s n6PRRFKORef By Process AR Y reduess 92 Y@M ons: 15 ~  ~x-f~)° 1
X - _1 ,u-sL.~ L 19. The voice activity detector clainmed in claim18,
wherein the predeterm ned variance value is 0.2 20 20. A nethod for
det er m ni ng whbe D d Odnawalfareativelyf exgeuio d A Bweestss 8P gasashovworindigunds The
voi ce or to ngj t \ [p¥=Y] I i f to
drawi ngs 3 to?/'éﬁfé@‘f%%\%g{ %/%wgeszg?%l Pgicﬁgg%g{agliaﬁ%drj su s?gn 1%,\%% [L\y[lgsﬂee{h%ﬁt
her ei nbef or e sigaalris badpled ah 12,600k sendes pev sEeopdr €BheFatmpled. PCM sigadils arA\dividedA

0,

|\',A\wYm'2\2A$]3CQi: Cﬁ]%%gf’@a?%gf‘@ %aeé&a?nge cAon'ta'Ai\r:;)i'né\3 %\8 qu#m%@s\/b Each input frame is further

a] ca] ca] calcapsalieiGatbadbGab-Haheabe f02aahflcs cach. Each pair of sub-frames is used to
Ul c™a] ca] ca] ca] c”aU] ca]c<a]cTaU]caJca /: =
determine cross-correlation.

The VAD 10 determines, at step 54, the cross-correlation, ¥(7), of the first and second sub
frames of the data frame under consideration using Equation (3) Input signals with cross-
15 correlation lower than 0.4 are considered as noise. This test therefore detects the presence
of either white or pink noise in the data frame under consideration. Further tests are

conducted to determine whether the current data frame is speech or brown noise.

As discussed above, the cross-correlation of speech samples is highly periodic. The
20 periodicity of the cross-corrclation of the current data frame is determined, at step 56, to
segregate speech and noisy signals. The periodicity of the cross-correlation can be

measured in the above-described manner with reference to Figure 6.

The variance of periodicity is determined at step 58 in the above-described manner. The
25 estimate is normalised by L as the number of peaks in the correlation of speech and noisy
samples will be different. To obtain an accurate estimate of the variance of the periodicity,

a linear combination of the variances of the Diff,, is taken.

From Figure 6, it can be seen that the mean of the Diff,, sequences of speech signals is
30 higher as compared to that of noisy signals. To take into account the percentage variation

of the Diff,, scquences from their respective means rather than the absolute variation, olis
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L. A method for determining whether a data frame of a coded speech signal
corresponds to voice or to noise, including the steps of:
5 determining the cross-correlation of the data of said data frame;
determining the periodicity of the cross-correlation;
determining the variance of the periodicity;
determining said data frame corresponds to noise if the cross-correlation is
lower than a predetermined cross-correlation value; and
10 determining the data corresponds to voice if the variance is less than a

predetermined variance value.

2. The method claimed in claim 1, wherein the cross-correlation, Y(7), is calculated in

accordance with the following:

15

N/2-1

Y(r)= Z x,(mx,(n+7)

where,

20 T is the lag between the sequences x;(n) and x,(1);
x;(n) is the first half of data frame;
x;(n) is the second half of the data frame; and

N is the size of the frame.

25 3. The method claimed in claim 1 or claim 2, wherein the predetermined cross-

correlation value corresponds to that of white or pink noise.

4, The method claimed in any one of claims 1 to 3, wherein the predetermined
correlation value is 0.4.

30
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10 Y1) <Y(7r)>Y(r+1) for maxima and
Y(r1)>Y(p <Y(r+l) for minima.

6. The method claimed in claim 5, wherein the variance, o, is calculated as follows:

15 02=M
L

where

x is the sequence whose variance is being measured,;
20 U is the mean of sequence x; and

L is the number of samples in the sequence.
7. The method claimed in claim 6, wherein the variance is normalised by ./

substantially as follows:
25

8. The method claimed in claim 7, wherein the predetermined variance value is 0.2
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else, comparing the energy of the frame with the average speech energy,
and the data frame corresponds to speech if the average speech energy is less than

10 or equal to that of the energy of the frame.

10.  The method claimed in claim 9, wherein determining the energy of the frame by

determining:

. LN s
15 E'= ) x(n)

n=({-1) N+1

where the energy in the / analysis frame of size N is E'.

11.  The method claimed in claim 10, wherein the average speech energy determined

20 over k data frames is as follows:

12. A voice activity detector for determining whether a data frame of a coded speech
25 signal corresponds to voice or to noise, including:
means for determining the cross-correlation of the data of said data frame;
means for determining the periodicity of the cross-correlation;
means for determining the variance of the periodicity;
means for determining said data frame corresponds to noise if the cross-

30 correlation is lower than a predetermined cross-correlation value; and
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where,
10
T is the lag between the sequences x;(n) and x(n);

x;(n) is the first half of data frame;
x;(n) is the second half of the data frame; and
N is the size of the frame.
15
14.  The voice activity detector claimed in claim 12 or claim 13, wherein the

predetermined cross-correlation value corresponds to that of white or pink noise.

15.  The voice activity detector claimed in any one of claims 12 to 14, wherein the

20 predetermined correlation value is 0.4.

16.  The voice activity detector claimed in any one of claims 14 to 15, wherein the
periodicity is determined by measuring:
(a) distance between positive peaks: Diffy,;
25 (b)  distance between negative peaks: Diff;y;
(©) distance between consecutive positive and negative peaks: Diff,; and

(d) distance between consecutive negative and positive peaks: Diff,,

wherein the peaks are identified by using:

30
Y(r1) <Y(79 > Y(r+]) for maxima and

Y(v-1) > Y(7) < Y(r+l) for minima.
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where

x is the sequence whose variance is being measured;
10 Y7 is the mean of sequence x; and

L is the number of samples in the sequence.

18.  The voice activity detector claimed in claim 17, wherein the variance is normalised
by ££ substantially as follows:
15

19.  The voice activity detector claimed in claim 18, wherein the predetermined

variance value is 0.2

20
20. A method for determining whether a data frame of a coded speech signal

corresponds to voice or to noise substantially as hereinbefore described with

reference to drawings 3 to 8.

25 2l1. A voice activity detector substantially as herecinbefore described with reference to

Figures 3 to 8.



