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FOR DETECTI NG ABNORVAL AUDI O EVENTS The subject of the present invention
relates to a systemand a nethod for detecting sound eventimeﬂHMﬂuﬂmMEd to
be abnormal relative to a usual sound.epvironnment. The inv S
notably to area, place or space surveillance applications—-10+ins¢he field
of the surveijtiapeg BRSS! f i N4 systens
known fron1th%}pr|or£§€t aredﬁafg yDﬁg%g%E@%?$%§%%&gﬁdggﬁ%goéyec %ologies.
15 In the field of surveillance using audio, the technical problens

invol ved arerfot ably 2% f @kl OWBe presdht hOMAFAL YW deiGte SPegj fibc and/ or
abnormal sound 20 events? 2) how can_you have saolutions that are robust to
the backgr ofYFGo se@BRd £t s Wb | fPFes ISwat 19 t SL&Y soPYERSAs t hat
are reliabl ednd ddiaid deondie gapeae125ral &t Ivsi gral § agnidnuablyigor in an
untimely nanqg&%~nmenén how do you classify the various events recorded?
In the field of the anal ysis of sound events, the prior 30 art
di stingui shes two processes. The first is a detection process. The second
is a detect et LVeRten €] 83ShhbtabbomdURA85Seo THEGONEANIPNGL dpteetion
nmet hods for sound _events arée", , ,

surveillance applications.

10
In the field of the surveillance and analysis of
environments, the conventional systems known from the
prior art are mainly based on image and video
technologies.

15

In the field of surveillance using audio, the technical

problems involved are notably as follows:

1) how can you detect specific and/or abnormal sound

20 events?

2) how can you have solutions that are robust to the
background noise and its variabilities, that is to say
solutions that are reliable and that do not generate

25 alarm signals continually or in an untimely manner?
3) how do you classify the various events recorded?

In the field of the analysis of sound events, the prior .
30 art distinguishes two processes. The first is a
detection process. The second 1is a detected events

classification process.

The conventional detection methods for sound events are
35 generally based on the extraction of parameters
characteristic of the signals that are to be detected.
The parameters are, usually, time-related, frequency-

related or time/frequency-related parameters.
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35'generally based on the extraction of paranmeters characteristic of -the
signals that are to be detected. The paraneters are, usually, tinme-related,
frequency-related or tine/frequency-rel ated paraneters. |

111111211121111. 1111111111111 *@&00002* - 5 I.n the case of the classification
met hods known fromthe prior art, these are usually based on so-called
supervi sed approaches, in which a node|] for each event. to be classified is
obt ai ned frdi sERFePEG avtl SPrParelIT F RO AStROIPhdERER| GEPBNS are
based, for exmmppeioen xttassichieeat i Hie ahgaailtiRsbksedan &y tbecabbeavi ati ons

HW for H dden r.kov. Mhdel for_Gaussian M xture_Nodel,. SYM f or
Support Vectsglrp N%cl}%er?e,ap(ﬁr%%/ceneﬁ\w %%rwﬁléﬁ ar N&t kf.oﬁ'hggghnﬁggp are
known 10 to tichosee sk¢lhedifhedheiart cltiiwiedd nitombe degmehedd Thad

proxi mty ofy hhe 1replid£st gdat g, and of Lhe Joayni Ui t he
per f or mance “evel’s of tﬁélerggzl as%?fi c,atelgon s?ygt_:erégl% g%é?hggﬁg?brgg?av\backs
to the super¥ieded SappFackleEsmificahione REGOTEGhgecKPWithe Pabnbhea

events firstaoraRe i@ ieold eaimva sutfigi@atnanth it i sidaeal | y gvepr gsent ati ve
guantity of fhese events. S eccﬁ%]lbngsthe events i s not al vvag{s Qssi bl e, nor
is coll ecti MGYE 2P et er>Of ProdudkPoht VBCERFi ERCB185t abase.

Al so, a newcsupsren SBN |fear INengrdls Retesshr y Theseeaciialew gpaf kgowat i on.

The supegVi si 0 i res.hu i r ti ( 0 1 - aut omati c
eqment 01 oS 1ase T A ILEAS R L LET AR T2 TR e CheRRTREY O
t her ef ore | iTHe @rdximidnmeofthesaral dmest hdatacagdi ofohhef lgewning

envi ronment $4cg di dbhgitiotd | MRleemM refiRabdy. hedbnisng syentpaudel s
t akes account. of the background noise and its variability, so, as a matter

of fact, it TS IGEHEh SYESEDShot be robust. 30 These approaches can be
regarded as non-aut omat ed approaches, that is to say approaches that

require, hu i ntervention. [ﬁg ite a % the results. that these systens
ive, t%g g?flseol lit? 8hs (#?ao"%ﬁ 3 rtloorL Pt HPHOY ke FHPRFESE bPEST
9 . P ) :
correctly prfowessheharesdlite esmpant 5L alte anlenooha predehtsedir$he modust ness
to the environment.cagddets vari abblieey gl ! MLgd - ofariIRechdeg behind
the invention is based, notably, on a novel approach in which the t hod
uses an aut GIFREEFTEATHVIRg BIFP 1 haAT i Se%° sayeRt St ePPeRAtY#BEStASt, in 5
nor mal oper ahie@its I gUi it hWMBRANT go¥eRbilen, sbhceid hedadaus el gments,
sensors, or otut}%r. dewtces fborm ng thedsxstem are suffj Gl ent .in thenselves to
model a% envi et number of’ productions to enrich a database.
Also, a new supervised learning is necessary for each
new configuration. The supervision task requires human
intervention (manual or semi-automatic segmentation,
labelling, etc.). The flexibility of these solutions is
25 therefore limited in terms of usage, and the
recognition of new environments is difficult to
implement. Finally, learning event models takes account
of the background noise and its variability, so, as a
matter of fact, it may in certain cases not be robust.
30 These approaches can be regarded as non-automated
approaches, that 1is to say approaches that require

human intervention.

Despite all the results that these systems give, the
35 solutions from the prior art do not make it possible to
correctly ©process the audio events that are not
predefined. The robustness to the environment and its

variability are limited.



10'The invention relates to a nmethod for detecting abnornmal audio events in
a given environnent, characterized in that it conprises at |east the
followi ng steps: an automated step for learning the nodelling of 15 said
environnment during which a database is cfeated by the extraction of
acoustic paraneters associated with audio streans picked up over a fixed
time period and an unsupervi sed automatic segnentation of said streans,
followed by a step 20 of grouping the segnents into classes and a
statistical Tdeldédgbehihbie tsrgMiternt BS5e$s baséspgendhasey whofih a

th I f th.th t t f th
acoust i o paretor SPEORtBp B A ONatTE SEOHERE atin of 28" OIRE Ehal ysed
streami denthaaainltrrg tetap usethdui s ngot Isayi earstiey Phesedanad aostepnduring
which the likehid ?hckg?eozf £aG0 Sf@cﬁﬁf% ¢ mQRdE{thQOéﬁt g, aihhe ‘Eg%abase IS

deternlned on ea he segnen e anal ysed au 0 stream sai d
step of detéﬁmhﬂqﬁ;¢1¢mﬁ¢%%od§eﬁ§§95tPﬁgqqhQ¥I@%E4¢%%OEOVEFD§ %hghi ch

corresponds dadde Msd psabableeprdelin t hendimdirayy ofté henbikel i Beods,
which is conpared to a threshold value in order to initiate or not a signa

i ndi cati ng tHY I BEERe 350r absence of audio anomalies in the anal ysed
audio stream The nodelling step is, for exanple a statistical nodelling

of the fﬁgnqﬂ} Chﬁ%??étﬂgﬁCh %92§g§t5t n de %@Bthg grogggkllt%@gensity
of all Of thHé acou ar aneters of each seg ment ¢l asS usin ussi an
m xt ur e nodeébrsrrEiv A@dopdl ngveotanot ber \@.I’I Fven heemd@OMngtst ep is a

Stat'St'Ca|dH&?ﬁdﬂéﬂléHdtrEhsegﬂﬁﬂt ghassespi Ly copsi sigakp medel |ing
the probability density of all 10 the acoustic paraneters of each segnent

cl ass usi ng iYW MRS nodel or HW The | earning step invol ves, for
exanpl e, usi nge arural gotbhhtvAI GRS Ebensentiiidgls yhef aiddeylling of

15 said enviromnment during which a database 1is
created by the extraction of acoustic parameters
assoclated with audio streams picked up over a
fixed time period and an unsupervised automatic
segmentation of said streams, followed by a step

20 of grouping the segments into classes and a
statistical modelling of the segment classes,

¢ a usage phase which comprises the analysis of an
audio stream, with the extraction of the acoustic
parameters, a step of automatic segmentation of

25 said analysed stream identical to that used during
the learning phase and a step during which the
likelihood of each statistical model contained in
the database is determined on each of the segments
of the analysed audio Stream,

30 ¢ said step of determining likelihoods resulting in
a likelihood value A which corresponds to the most
probable model, the maximum of the 1likelihoods,
-which is compared to a threshold value in order to
initiate or not a signal indicating the presence

35 or absence of audio anomalies in the analysed

audio stream.



15'distributed in the space of the paraneters by executing the foll ow ng
steps: 1. calculation of the nean vector fromall the learning data,

2. search for the segnment nost distant fromthe nmean 20vector and
initialization of the first centroid as jeing the nmean vector of the
segnent found (nb class = 1), 3. iterations for increnenting the nunber of
cl asses (nb class = nb class + 1): the segnent which 25maxim zes
the cunul at The dmedgAddngo ShePcedsroi §9Ti deREMPLed | A t HEAPLEEAERRY

iteration i ;o3eUdlhg 4ofSt PReCréénén: @lddeds Whati dihe imedefdshednnunber
of classes is r %phed, r when t%g.flstan e betmeenéih%§fegneg} fgpnd and
the centroi 889%3ildE%t i il i REPRRPHF £EBdi AGRFEEYat i%n i3 bel B afr eshol d.
The aut onat aecsegient phirametieer usdEs, cheh exagpkeat tkeadendusdngm a

principlg. %gugg%a%ptgn%%&c %Qﬂﬁﬂ%%ii step can sel ect a segnentation
| evel by using one of e ol owng criteria: applying a threshold Smax
to the distance between the last two cl asses grouped together, that is to

say minim z&mo&laqn%u@@raﬁ&tﬂe§siv®ﬁa§ﬁqne@ﬂé WBiske 17hgl zdo; the
groupi ng di stance concerned, 5and/or _the maxi num over "the segnments of one
and the sanmSHR&IStice t ARdRdiimdm Qfer HRe FEOIFERS of l8F&SEnd e sane

segrment (of ddieiditst ange nelaaemd heh¥e@rwbaaiid ithe aeasivectef aflit he
segnent% an%/or 10 the naxinun% over the %ﬁgnents fcggﬁggnd t he sane
level, bf tF&CaRTAYE- ¥ ePARECVEEF oY 072 0ne SR e seghent 2

(di stance bétividem Maekwectmdedncbrt HMMrean vector of the segnment) and/ or

The learning step involves, for exampie, using an
algorithm which positions centroids uniformly‘

15 distributed in the space of the parameters by executing
the following steps:

1. calculation of the mean vector from all the
learning data,

2. search for the segment most distant from the mean

20 vector and initialization of the first centroid as
being the mean vector of the segment found
(nb_class = 1),

3. iterations for incrementing the number of classes

(nb _class = mnb class + 1): the segment which
25 maximizes the cumulative distance to the centroids
identified in the precedihg iteration is sought,

4., stop criterion: either when the predefined number
of classes 1s vreached, or when the distance
between the segment found and the centroids

30 identified in the preceding iteration is below a
threshold.

The automatic segmentation step uses, for example, the
dendrogram principle.

35
The automatic segmentation step can select a
segmentation level Dby using one of the following

criteria:



the m ninum over the segnents of one and the sane 15 | evel, of the m ni num
over the vectors of one and the sanme segnent (of the nornmalized
inter-correlation coefficient between the vector and the nmean vector of the
segment) and/or the mninum over the segments of one and the sane 20

| evel , of the average over the vectors of one and the sane segnent (of the
normal i zed inter-correlation coefficient between the vector and the nean
vector of the SegpPAYEnI2E: Civeghehe Peaknitey Pras@iskande nbekv@enses, for

exanpl e, a K-neagppal aQ/dd Wpor c 88586 LyRapakgadddindor ther st gpref
groupi ng the segnents into classes or a version derived fromthe K-nean

al gorithm 30 Th&33i zB1BEMLR&NFDdENS c AHBREHetr nPRES LdConSEPRERFY by
applyi ng a thresholideShedn ind 4 ey dt Bk argeupdniseeds ¢ tend@stohverakdsses
grouped t oget her tzat is to say minimzing the nunber of possible segnents
whi | e miimi zi ng®PR€°4r oupi ng di stance concerned. 35 The acoustic
paraneters used tae bexdmusen dreomthwe dednewisigofi ehe apdcthel satenpor a

Or spectral - t enDaLal Pl ATRLEL Su253AGhabed ikt Lk adl 008t pEBMng. 6 -

The invention also rel'ates to a system detecting audio anonalies in a
gi ven envi ronnmenfthechapBet eFPgRENEN (PRt the colfiiegEs abategen « hbe
fol l.owi ng el enentygct2r0BRAO WD kR adl Bie@ tSaNSFH T Helidetftlet tforardptact i ng

di t : [ I itable f [ t ti
ceqnentHl i on ot tHE JRGIGRTC Pt < SRISREA i { POt RHE B8 8206 oam t o
~be anal ysed, 10 lemeipdulfe tshe tabéeafer oveeattieg wecaiabase orpreaent ati ve

f th del of t ' ikl l.cul ati
i kel hood that taee e | Peaf-phe (AR ke Setie e e hat b he

i kel i hood t hat e audi o nodée sé and t he
15result of the Itheemehooyesaicaulodt itdve eeamerdd emdPmnal ysed audi o

stream — a modyl @ O iGARRAT,1 M/dNerd keddhaods Vat Usn@bhaknedeWishhea

t hreshol d val ue. o

15 level, of the minimum over the vectors of one and

the same segment (ocf the normalized inter-

correlation coefficient between the vector énd the
mean vector of the segment) and/or

¢ the minimum, over the segments of one and the same

20 level, of the average over the vectors of one and

the same segment (of the normalized inter-

correlation coefficient between the vector and the

mean vector of the segment).

25 During the 1learning phase, said method wuses, for
example, a K-mean algorithm or an LBG-type algorithm
for the step of grouping the segments into classes or a

version derived from the K-mean algorithm.

30 The size of the model can be determined automatically
by applying a threshold Smax to the distance between
~the last two classes grouped together, that is to say
minimizing the number of possible segments while
minimizing the grouping distance concerned.
35
The acoustic parameters used can be chosen from the
following list: spectral, temporal or spectral-temporal

parameters associated with the audio stream.



20 ‘Thesyst enconpri ses, f or exanpl e, afi rst preprocessing nodul e and a first
nodul e for creating the database stored in a first processor for the system
| ear ni ng phase and a second preprocessing nodul e and a second nodul e for
calculating likelihood, the nodule 25 _ _

forcal cul atinglikelihoodreceivingasi nput information on the nodels obtai ned
fromthe database. The system conprises, for exanple, a central station or
surveillance room equi pped with a nunber of nonitoring 30 screens Ei, a

nodul e for medi recdmgivhdaasst readted W Ma SehaeRmEPsoseweraktangenbl i es
Zi each consisting of one or .nore auydi o sensors a5500|ahed wi_t h video

caneras G , 210 APPHHFSs 16 |2 VEEEPNETY HKESHt h SRABEGIFET LGP abl e for
determ ni ngia khkel ikoedmpalivesXiat A=azal dHd kelliledchay & leeserAis :bei ng
transmtted to {he _central atiqn. The dul term ned |ikelih val ues
can be J%ed.to %rfﬁﬁbémfHﬁogéséggé?eﬁéﬁiﬁQgé é%é%é??n9%¥d§§t 8%§§§ist an
oper at or (aut onat iasidsel edtriegmsof the priority streamto the main screen

or manual selecfign @eﬁ%@&&{ﬁé OhoBa38d 2N b Order ed dispiay gh the
nmonitoring screens. The priority streans are, tor exanple, those that have

the | owest |ikel i RIGPTPA TSI ERHHCT ¢k UFRS BRAUEAVENPAGRYSEFTFhe
present inventi on egtidadieed M oD thappaTients e neadidGiralioed,
ng'r'eg‘em NG exepplary, SERPST Ml et rELEM eRGR 9y 41 94 s uLeh
representative of the model of the environment to
be surveilled,
e a module for calculating likelihood that takes as
input the audio model of the database and the
15 result of the likelihood calculation executed on
an analysed audio stream,
e a module for comparing the 1likelihood value

obtained with a threshold wvalue.

20 The system comprises, for example, a first
preprocessing module and a first module for creating
the database stored in a first processor for the sYstem
learning phase and a second preprocessing module and a
second module for calculating 1likelihood, thé module

25 for calculating likelihood receiving as input

information on the models obtained from the database.

The system comprises, for example, a central station or
surveillance room equipped with a number of monitoring
30 screens Ei, a module for redirecting video streams, a
main screen Ep, several assemblies Zi each consisting
of one or more audio sensors associated with video
cameras Ci, Vi, said modules Ci, Vi being linked with a
module suitable for determining a likelihood wvalue Ai,
35 said 1likelihood values Ai being transmitted to the
central station. The duly determined likelihood values
can be used to arrange the associated video streams in

order to assist an operator (automatic selection of the



10 'Figure 1, an exanple of a detection systemaccording to the invention,
Figure 2, the steps inplenented during the |earning phase and the system
recognition phase according to the invention, 15 Figure 3, an exanple of
class grouping, Figure 4, an algorithmthat can be inplenented to
construct a dictionary, Figure 5, the profile of the distributions of
scores of the abnormal audio events and of the 20nornmal audi o events,
Figure 6, abddpaillted sbxeay ¢ofthhanairpscraeingorhBapyagesphaseéion Figure

2, and Fi guig 7xh@nQReat@@mBheqf ch syatematoudi Rdshalhed Nyaation. 25
The follow ng description wll belfgven as a nonlimting and illuystrative
exanpl e for "OFNHELRIn c & HEFHet ection BF X AbhbY naf t558P8 e®ERts, I9kch as

cries, in ack@impieSOowhdsN\WHaaMRAle thaerdidwedy alifkyImHowd 3R lexanpl e. The
audi o de%ection system can al so be used to hierarchically organize the
video stTeans originating froma nunber of canmeras. This usage node may be
parti cul ar | Yptéweirt sttt fiors aasdr vdivhhangesapd i et | pnebgnpr anivéinigohel p to

t he security, .qper sp i.bl S di gegtly M\ e thesyarigus video
streans. p%@%@ésgé€§?é§ha@ggkffgﬂgﬁ%éonputat?on caﬁgﬁ%ﬁgties? ?he top part

of the figule®ndHavd ige SIRMIREIATE RMRRATTRIE heWsyRt BATFEARAR N§OpEPROd,

wher eas t he fAQiir@® Rilcrs kAW adexanpl e of a systemfor 5 picking up
anonul i es and recggpizin%_these anonml i.es. Hp certgig usage case%, t he
’ (@] a ete In em

system Ty conbr iFSdY §st an example ctl SVS
according to the invention,

e Figure 2, the steps implemented during the
learning phase and the system recognition phase
according to the invention, '

15 e Figure 3, an example of class grouping,

e Figure 4, an algorithm that can be implemented to
construct a dictionary,

e Figure 5, the profile of the distributions of
scores of the abnormal audio events and of the

20 normal audioc events,

e Figure 6, a detailed example of the steps during
the usage phase of Figure 2, and

e Figure 7, another example of a system according to
the invention.

25 :
The following description Cwill be given as a
nonlimiting and illustrative example for surveillance
and detection of abnormal audio events, such as cries,
in a noisy sound environment, a metro platform for

30 example. The audio detection system can also be used to
hierarchically organize the video streams originating
from a number of cameras. This usage mode may be
particularly suitable for a surveillance application by
providing help to the security operator responsible for

35 directly viewing the various video streams.

In the example illustrated in Figure 1, the detection

system according to the invention will use two separate



oné processor having sufficient conputation and processing capabilities to
execute the learning step 10 and the recognition step. Figure 1

di agrammatically represents an exanple of the architecture of the system

i npl enented by the invention, for whichgne portion relates to the 15

| ear ni ng of a database which will be used for the recognition of the noises
and abnormal sound events on a netro platform _The system conprises an
audi 0 sensoPTPEESFEUNds, HRJF audPdVRoi sesI B BT i n aRCBPEAFOBe

surveilled @aﬁawllwl@@ anTasal &b S Iﬁsfrtaud)lfm eh@veﬁ§u£@ lsshdd@sl ta@ The
data received thls(f $IO sengg are transmtted to a
device 3 coﬁtf Thd* 39 i Fet™an 8n%¥%5%ﬂyﬁ§%ﬁQﬁQ%uP%Bh9 rtg eﬁﬁaﬁn to

t hose skil | ede nbbheoalrtpahrbenshoasanamnpe»tarﬁpl@ ofprecesysteh cdoprising a

module 65 de %'c'k%%;’ %gﬁ'a%‘ér %& S pd g%%:n%%ﬁn@[ tsjée G 124 €arni ng

nmodul e 7 The d erate ans qVia an output 8 of the
processor 3 to a database 9. ThIS dat abase 9 will contain nodel s

correspondi ng, tQo£t @88 sRgeACOUSLL C @a@an@&&eﬁnraagfe%ﬁﬂy@ 9fisan audio
30 environnent consi dered to be nornal. Thi's, dat abase will be initialized

during a | e&A% ngPPRESESARA nayYHRI updtid Gifitte t KOTBRRECHHN s§8fem
accor di ng t riceedsivent tapabslopeeat ity. ekkeudat abhse Rdrmialgosused in the
noi se rﬁgogn&ﬁgqﬁior detectlon of abnornmal audio 35 events. - 9 - each

sensor CREF I 28 iSEEPI1 conprising a filter and an
anal ogue-di gital converter or ADC. The data detected by the audi o sensor

and. formatt ed g he & ddinand: oo AOC-BEesLhRBSH Lo 2 P 0gESSOr 13

5 via an input” 12. ocessor rises a preprocessing nodul

detail ed |rlﬂrQQ£§§QEurﬁbII@ﬁed BYea pruRedBed dmplenastishi t On nﬁ&@le 15,
sai d modul e jReRitvidry | Nf&F MaihoBhT I eRkt h@o&&h@@ﬁser@laﬂ@s a tbnkch6 which

ey be YA e Sl qol Quceat e atonmtian.hes 1 been piggesset, bhe L
t he out put YAcigriite qor cxfessie abtibes tmda RTdryEd dﬁmu&@,eﬁBntéOanhe
System 10" For S TERtTogrls FHE wrace s T amA s the S ier 5edkeding. for
exanpl e, to 1 Horcwmmdof ﬂzblgLﬁuedB? Thes 9F cproeentsi iy andares Boakd 14 nust
be identicalgjyandely O ersyr &Hikg conmpahbi ity S dheippdeLschpst he
20 is desired. The data received on this audio sensor 1
are transmitted, first of all, to a device 3 containing
a filter and an analogue-digital converter known to
those skilled in the art, then via an input 4 to a
processor 5 comprising a module 6 detailed in Figure 2
25 for preprocessing the data, a learning module 7. The
duly generated models are transmitted via an output 8
of the processor 3 to a database 9. This database 9
will contain models corresponding to classes of
acoustic parameters representative of an audio
30 environment considered to be normal. This database will
be 1initialized during a 1learning phase and may be
updated while the detection system according to the
invention is operating. The database 9 is also used in
the noise recognition or detection of abnormal audio

35 events.

The system also comprises, for the recognition of the

abnormal audio events, one or more audio sensors 10,



20 'dat abase 9. Al so, the audio sensors 2 and 10 may be sensors that have
simlar or identical characteristics (type, characteristic and positioning
within the environment) in order to avoid signal formatting differences
bet ween the | earning and test phases. 25 The data can be transmtted

bet ween the various devices via wired |links, or even using wreless

systens, such as Bl uetooth and other ch s% %ems W reless |ocal area
networ ks (WERQE S&S°130HY ArPee“%h‘-’hpLen]B? ardt hefCEySE et aFERPELELOPe @i | | be
gi ven, as a fridnddnm anag ard | uaanaguuedegamane convdrtgiy eor. AT S The

archi tecture i.s used notebly Lo higrarchisally oroapize.diffepent pyi deo

streans 35 ne rom er en camner as I cCes as OCl at ed with
t he surveil Ifandesermsdr the ADID ara"heraszsmehtﬁdyta@l so Pretedeon Baffer

menory, he . fiunctign of; }Mﬂ;‘tCh h$ not ghly tg)r%tcgrs%the 'c%hgﬁ*tls%%”or qel audio

data or events. This bu rrermrg can thus enable a surv | ance oper at or
to access tFEPIQGREHIRSIREH Updh C8E3ge R atht oh1Brran al &PHLOVEESs nenory

is si rr} lar tg tahepﬁ&@éggédf@étw d@@o@tnrltta@f lnfbd»(il(iﬁol§ur§&h.h| a@aaleloln t he
case of a systemthat enment s si ngl.e rocess ssible to
v sage t hof SEEd T A L TR b N SeTR OTRERSRAR, SokbRi &t SO SR 111t or s
posi ti oned h&figite may preocessed. di gupe.2 Qe esbrt simfoexamdre has t he
sequencj pg e.ngﬁr] rin h hod..aG ingqto the

i nventi !(L)ﬁ '?{1 &Fé]{kﬁ‘% sgeqf)artﬁpé %gﬁréeug%)érggggﬁdl %6 t%g?lﬁlrﬁlgear ni ng
phase and tRadighevenrpg" paesuls tife tsagenphted. v2e Alg reutriepl”

corresponds 40 the g)%%%%ts%ﬁ} |@§Eﬁ‘éﬁgt9f d h@csy%@mdem%esyswm %E:' use
t he sensor to recor during an initially set duration TA, the nqises

and/ or the &4 bYESWhik§Polivd FETR LA at PTe t6F & hASWEER o CBRIOESARY Thi s
| ear ni ng phase aBafwt ovat etk agderS tu;nsa.lpewtsﬁd 19Thef@£ou&aueeaaﬁaget ers

t hat vm bqﬁsed C??[le ggneralblf_i}(lds%%ctr a’.rm n%raél%q ectro t egpor al
i t

paraneters 0SSl to use a mno 8 specfnPa ‘envel ope
of the noi se:qaltdieecbqlmntsy ath&igwreophone, such as the cepstral paraneters
or cepstral 30 vectors. The audio stream in this case, will be nodelled by
a sequence of cepstral vectors. During the_autonated |earning phase, an
audi 0 sequerd¥® RIRRIRGRTRINE WIAR edhPRAVIE oRWERt PEnidRBEERALI 4FY y

order to ensure the compatibility of the models in the
20 database 9. Also, the audio sensors 2 and 10 may be
sensors that have similar or identical characteristics
(type, characteristic and positioning within the
environment) in order to avoid signal formatting
differences between the learning and test phases.
25
The data can be transmitted between the various devices
via wired links, or even using wireless systems, such
'as Bluetooth and other such systems, wireless local
area networks (WLAN), etc.
30
An example of another system architecture will be
given, as a nonlimiting illustrative example, in
Figure 5. This architecture is used notably to
hierarchically organize different video streams
35 obtained from different cameras or video devices

associated with the surveillance sensors.



35 targeted surveillance area is picked up. The acoustic paraneters are
extracted, during an extraction step 2.1, fromthe audio signal, fromthe
audi o sequence, by using a short-termsliding analysis wi ndow. Since this
anal ysis technique is known to those skihjled in the art, it will not be
expl ai ned. One way of proceeding is to consider analysis franes with a
duration, for exanple, of the order of 20 to 60 ns, with a typical 5
overlap of 596. SYRESHCOMSYi c 2pEPandREAE €S dBHEFBY TRBOKE holl&r e

chosen accorminka ilod t bg prepent | es Ohoitbbl%I gmal ssterke madel hadesthe
duration of ag) anal y5| S frage usual I% es sgcount fgff stationarit

assunpti ons P RfRalrTaral Foed: overSt Y&, JBEBPTY hE2T0 frane.
In the fiel Cﬂ:l'mlfs sme(bhe t he cepstidllaparaneperstoirat toodekcebe speet ral
envel ope ar%t el%ﬁ} e“ét?gr & CoWR natd og wlth. qther, f}%ﬁ S&a&#&i' CrpgLanmeters

used to rrpora or “spectral “properties. these’is the
zero CI’OSSI ﬁ@moatye YgOoRymiharh&ot ithe d@h@rﬂgeoﬁoﬂfn wm@p@@mamsmm n the
measur ement (KW Ly-1Na 1agienym SFM (spectral fl atness neasure). These two
measurenents formpart of the paraneters used to 20 differentiate the
spoken speech signals from noise signals. Numerous paraneters are descri bed
in the |itera utket hahseanobe ajseiyémmmdﬂiamnetmp’lemrﬂ:s:har aetiagilet i cs of

t he ana#é(sed soi nasl S (q rrlpsnl [ t%/ éona\p Ly es%@ct rglle gvel Qpe,.

t enpor a envel 5%5 23 frequerﬁ:%/'s C&?IZECF%H%?Q%’/ T 51 The POFI 8W| ng step
2.2 is an awtgeat iaudeynestnsoon, st epchasedsridtedecvots of ipaeawet er s
extracted dﬁfds’lﬂ:f&ﬁ%dﬁb%%o%el th@?yx@c@s%f o his segnentation step 30 is to

group together the vectors that are close together, for exanple, by using a
predefi ned di stance

Figure 2 represents an example for the sequencing of,
15 the steps implemented during the method according to
the invention, the 1left-hand part of the figure
corresponding to the learning phase and the right-hand

part to the usage phase.

20 A first step corresponds to the automated learning of
the system. The system will use the sensor to record,
during an initially set duration T,, the noises and/or
the audible background representative of the metro
platform. This learning phase is automated and

25 unsupervised. The acoustic parameters that will be used
are generally spectral, temporal or spectro-temporal
parameters. It is thus possible to use a modelling of
the spectral envelope of the noise picked up by the
microphone, such as the cepstral parameters or cepstral

30 vectors. The audio stream, in this case, will Dbe

modelled by a sequence of cepstral vectors.

During the automated learning phase, an audio sequence
representative of a sound environment in the initially
35 targeted surveillance area is picked up. The acoustic
parameters are extracted, during an extraction step
2.1, from the audio signal, from the audio sequence, by

using a short-term sliding analysis window. Since this



cri‘terion. The criterion will be chosen according to the type of acoustic
paraneters that have been used to characterize the sound or audio
background. This 35 segnentation can be done in a nunber of ways, for
exanpl e by using one of the techniques }isted bel ow. detection of breaks in
trajectories or nodels, tine breakdown, or dendrogram which corresponds to
a - 12 - graphical representati onofahierarchical classification tree

reveal i ng t REPYEGPesEPTRNLABE USiDONKBPWEhet @| &3ss shithedcase 6Pt he use

of the dendwegramt QMar aderbodnd1saved al ohs anBs, ovhpebcdeaongespgonds to
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the frames im0 a $8551%ed Moo upér%bepsl‘ oa%htBy fsi AY*rak SBpro% Fat e

di stance (seixaeghlleq tdie pararetds)of The demdsogmam swphl i @stgpietlof

possi bl e; seq) E‘:ﬁ%&;ﬂ%‘é %8%(9”1%369@8&&@%&82@& metaGlL | eyels gl i8¢y

dendr ogranj . er_of criteria can | 0 Tétain a segnent ation for
the rest of thife peoeedsiarg: chesehokbgcording dist fhee DeeRRerisRgmEnt s, or

on an int I a+$RIMER/N O el ald apbOefddi Ci el AQFa€X8APLE. a}'ihﬁng&&l%(i% then 15
uses a buffer nenory inplenmented within the systemthat nust cofprise at

| east one s&FETt WirlouFBIes TPt SPhcEt3beRNATBLY T @S SHERSAPT s
convent i onaldopcésedng tthe BaOgnaepresanied i dvéhethst eleasicl obf Sichel i city.
20 The g&t q:.f duly cal cul ated segnents will be used to construct a
dictionmary im3WTich the nunber of classes Nc is predefined, or else
determ ned automatically based on an interclass distance criterion for

exarple, Thiss corLesnands 1p Lhecshers: e 3capdilat So-Jiutter duchag, (he

step 2.3, the segnents are gro t oget her cl as nmpl emrenting a
K-mean type™dgdr i t B¢ oSPAFRIBG (LPAWELIBRZ0- @%Y) aF§6Fi t Hifedr amy ot her
al gorithm t fniasittike SAM VBt hédFe specific parameters used to

15 model temporal or spectral properties. Typical of these
is the zero crossing rate (ZCR) in the time domain, or
in the spectral domain the measurement known by the
acronym SFM (spectral flatness measure). These two
measurements form part of the parameters used to

20 differentiate the spoken speech signals from noise
signals. Numerous parameters are described in the
literature that can be used to model one or more
characteristics of the analysed signals (harmonicity,
stationarity, spectral envelope, temporal envelope,

25 frequency-localized energy, etc.).

The following step 2.2 is an automatic segmentation
step based on the vectors of parameters extracted
during the step 2.1. The aim of this segmentation step
30 i1s to group together the vectors that are close
together, for example, by using a predefined distance
criterion. The criterion will be chésen. according to.
the type of acoustic parameters that have been used to
characterize the sound or audio background. This
35 segmentation can be done in a number of ways, for
example by using one of the techniques listed below:
detection of breaks in trajectories or models, time

breakdown, or dendrogram which corresponds to a



30 functionalities, used by those skilled in the art. Wth the segnents
grouped by classes (step 2.3), the next step(step 2.4)consists in nodelling
the probability density of all the acoustic paraneters of 35 each segnent
class by using, for exanple, a Gaussian{gixture nodel, better khown by the
acronym GW The algorithmthat is normally used to find the maxi num

| i kel i hood of the paraneters of the probabilistic nodel - 13 - when said
nodel depen@&3@hifEd- obseFSRPEECTERehtvari &1 es i® bet PAFTRASRACHY t he

abbr evi at i or16Ms iWiceht igandsed ofeXPECiQL tRE- PRYGFEERLEN i nandsWolnl  be
used for the system | earning phase.,_ The nunber of Ggussians 5_us may be
predefi ned GF dé m%iﬁf%ﬁét) T cdtty 173™Ta Fit EPFon 88&ri 9ifng “¥Fom t he

"MDL" (m ni cemddeseanpt | orrelrengt hpetrnddr nmaf | crevdyedr erfiriameshi clwhtiled best
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dat abase 9 whilcleiedier espohdeondishe lneamaurynd toEeEher erei faamese t hat
conprises ajsound ngéeéaPieéh?"%BEtbﬂnﬁEmt %%ﬁ%%éﬂﬂ““%&'eriﬁg!Sa%?tabase
conprises, 15 for each determ ned class, _the nodelling of the distribution
of the audi GEPICRTECESs Hi8HANGRI clPEredsfondslnEo RHAR&R e MK IThek = 1,
K, with K beletgiridiganineappaticel asseset wheh tduessGalssi srgmexittard omzdel has
been used. 20 _One way aof .carrying out.the unsuperyvised | earning,phase is
et ai | o her @i c S BBy ! Bt baSel Aotointle. Lo narrarParatbr ach 25
The | ear ni nguodepus f{ adxtitidielsigarallse repeésent aeteenok skgmeogad ion
envi ron.nent £F b%h@od%]elsq‘:d) drs %'?1%' y%%cey%ein%n.al X2 sHY SR | Rhe
extracting paraneters from each .

distance between segments, or on an 1ntra-segment

correlation coefficient for example. The method then

15 uses a buffer memory implemented within the system that
must comprise at least one segment or group of vectors.
Since such a buffer memory is conventionally used, it

is not represented in the interests of simplicity.

20 The set of duly calculated segments will be used to
construct a dictionary in which the number of classes
Nc is predefined, or else determined automatically
based on an interclass distance criterion for example.
This corresponds to the steps 2.3 and 2.4.

25
Thus, during the step 2.3, the segments are grouped
together by classes by implementing a K-mean type
algorithm, or an LBG (Linde-Buzo-Gray) algorithm, or
any other algorithm that has the same or similar

30 functionalities, used by those skilled in the art.

Wwith the segments grouped by classes .(step 2.3), the
next step (step 2.4) consists in modelling the
probability density of all the acoustic parametefs of
35 each segment class by using, for example, a Gaussian
mixture model, better known by the acronym GMM. The
algorithm that is normally used to find the maximum

likelihood of the parameters of the probabilistic model



frame with an overlap. Typically, the duration of the 30 analysis franme is
a fewtens of ns, and the overlap is generally 50% Depending on the type
of environnent, it may be preferable to use a shorter or longer frane in
order to best take into account the degfge_of stationarity of the signals.
Several types of analysis 35 are possible (spectral, cepstral, tenporal and
ot her such anal yses)._The analysis of_a frame results in a paraneter
vector, whi #hens sidkdd PRdel-f depends, 9T st et OPE§HhERefor y2HEETt er
known by theagereny® is kettdd RQowhisy nerer yxbpoevhet ngnr epr es@aked in the
interests of clarity. The size of this menory é_lnunbe of. ecﬁt)ors stored) is
equal to thé& ertof  EFERERES 1P Py I A7 prad nthz}\épl Zatt5% case)
used by t he forderity ogly stnem Theaenings phadieng The aturdpex podpoatisenainst o t he
size of the r orde . &7 16V few
seconds 5;or uhréi%gﬁl y str%tyi%]ﬁ%c?%/f%Ig%igéguﬁag%gﬁéégg ?E?g&ggrlgtgll%% g%éﬁl d
general |y b@& chegéreggons t deirdyeingor atfeom t kdever yMPEdst dmizdans 10
event consi ¢riced i t%rprneﬁ?tﬁ? el 1Rt ¢ Yon HRWMRWem 21 R0 QA Sehry be
applied in order to reduce the delay introduced t he processi.ng during
the system &§&Je PRI M i FPZi Ag 19tE nfberSoft t‘ﬁ}?g‘ﬂbr §7d8s YPor a
nmor e reacti thedetigisitodapaocespriedsildn. 15 The dendrogramis in this case
used to @utomati cally obtain a segnentation of the audio signal. The
princi p]r consists in grouping together, in an abovenentioned "bottom up"
approach, tke admmdetsicat @D thesi spep. ofthehesysirin oghane Ldhé shast Bod can

be used to chlaid2 SSONRINH | 88:LaGpahls! Neo diceer eak-RoRS! Rhe keel s, in
er of se h nitial b

ot her words for a nui ments ranging fromthe i nunber of
el ement s tosé[5§ieﬁ’glels%grr@ﬁ?. t comprises a sound model of the
environment to be surveilled. This database comprises,
15 for each determined <c¢lass, the modelling of the
distribution of the audio parameters used, which
corresponds to the set {GMMx}, k = 1, .. K, with K being

the number of classes, when the Gaussian mixture model

has been used.

20
One way of carrying out the unsupervised learning phase
is detailed hereinbelow.
Dendrogram-based automatic segmentation approach

25

The learning corpus (all the signals representative of

the sound environment to be modelled) is analysed. The
analysis consists 1in extracting parameters from each
frame with an overlap. Typically, the duration of the

30 analysis frame is a few tens of ms, and the overlap is
generally 50%. Depending on the type of environment, it

may be preferable to use a shorter or longer frame in
order to best take into account the degree of
stationarity of the signals. Several types of analysis

- 35 are possible (spectral, cepstral, temporal and other
such analyses). The analysis of a frame results in a
parameter vector, which is stored in a "first-in,

first-out" type memory, better known by the acronym



Oninitialization, each elenment is the representative of its class. If Nis
the nunber of elenents (vectors) at the dendrograminput, there are then N
cl asses at the |lowest |evel. 30 Then, the nunber of segments is decrenented
in order to nove to the higher |evel affigr_grouping together the two

cl asses that are closest together according to a distance criterion
(defined accordl ng to the paranmeters 35 used). There are several possible
groupi ng t ypesdeperitifig BRVPRE ditttancBethdt FERESEELHhi M2ed P8 the
sel ection ofintkeecgiasses tlabetgrouprd ¢Dget bEr th'Ehse themsryai(Augbewpi ng

met hods are SI negcfstoﬁ% nﬁgmajéeg}xm d| st an e get \Q%en eq vectPrslemet Qg

cl asses, FHim df stance DetWeen t he“Vettdrs of
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of the Céas%%%dfégraﬂyer f*@gﬁ%]ﬁ%ﬁ%f&@PgéiQﬁFxgg?ggggigﬁgﬂ %BCtors

(centroids) ntroi i nkage e st Cri n use
exanpl e, bas®€ dhizheohi HreuMitAncEaBebiedt t hae| 8§fiercPfcl%s§§§’ grouped

together. Fingieeed SHOWS cARrEXAMELS Ofe @6 OUPI BT a@i?g}my ngtta@lbhargﬁ N
cl asses for a bottom upngggroach t he verti.cal orres ng to t he

vectors, thEIGEHLENCal €5y eptiEken GG ERE b ‘P‘éi mehot
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phase. Minimizing the number of vectors provides for a

more reactive detection process result.

15
The dendrogram is in this case used to automatically
obtain a segmentation of the audio signal. The
principle consists in grouﬁing together, in an

abovementioned "bottom-up" approach, the elements at
20 the input of the dendrogram. This method can be used to
obtain a segmentation for all the different possible
levels, in other words for a number of segments ranging

from the initial number of elements to a single

segment.

25
Oon initialization, each element is the representative
of its class. If N is the number of elements (vectors)
at the dendrogram input, there are then N ciasses at
the lowest level.

30
Then, the number of segments is decremented in order to
move to the higher 1level after grouping together the
two classes that are closest together according to a
distance criterion (defined according to the parameters

35 used). There are several possible grouping types

depending on the distance that is to be minimized for
the selection of the classes to be grouped together.

The four main grouping methods are:



to 'the distance between the | ast two cl asses grouped together (the higher
the Il evel of the dendrogram the 30 greater the distance between the

cl asses to be grouped together). The issue is therefore to mnimze the
nunber of possible segnents while minimzing the grouping distance
concerned. 35 O her criteria can be used, such as for exanple: 1. the
maxi mum over the segnments_of one and the sane | evel, of the paxinmum over

the vectors of ZoMTdfym - d5StaneR sBREVEEHMe S of Ve HETH st Ahce tHEt ween

the vector and theaamas,veat o'rsﬂi‘gllehal&ﬂwjﬁ’lt) 2. the maximum over the
segnents of ong and .the sane |evel f the av Lage over t he v ct of one
g cde - 5 0 VER

and 5the sane SedIFEM" Wi sTEA tot wEHTHE v&&for Bt e B or of
the segment); 3. dllessdsi mum" gyl dtee lsegrars's of one and the sanme |evel,

of the mni ”“”%O‘é‘?fe gfer"eﬂ&éné’é Opgt@@gnt g RAme, s

normal i zed i nter- el ation coefticient between the vect or ang‘ t he nean
vector of the segﬂfe\ﬂs)QSA.OJt Heviearadruhimdaste 't he segments of one and the

same | evel, of »th@ ALIRIHOMAEeh hen¥eGleS Wt alfentroids), or
thesanesegrrent(of t henormal i zed 15i ntercorrel ation coefficient bet ween t he

vector and the nme&PRRFQH 0% segnent). The al ternative notations that
can be used are, for exanple:

10 The stop criterion used is, for example, based on the
minimum distance between the last two c¢lasses grouped

together.

Figure 3 shows an example of grbupings according to the
15 N classes for a bottom-up approach, the vertical axis
corresponding to the vectors, the horizontal axis
representing the buffer memory of the dendrogram. On
completion of this grouping, the method provides 3,
then 2, then one vector represented by a single letter

20 R for the grouping.

The automatic segmentation method should finally,

automatically, select a segmentation level that will be

considered optimal according to a criterion to be
25 defined.

A first criterion consists in applying a threshold Smax
to the distance between the last two classes grouped
together (the higher the level of the dendrogram, the
30 greater the distance between the classes to be grouped
together). The issue 1s therefore to minimize the
number of possible segments while minimizing the

grouping distance concerned.

35 Other criteria can be used, such as for example:
1. the maximum, over the segments of one and the same

level, of the maximum over the vectors of one and



1. 'MAX MAX { distance(x,ck)} 20k=1!'v -j x E Segnent k 2. MAX

AVERAGE{ di st ance(x,ck)}1 k=1 W)X E Segnent k 3. MN1 MN
{correlatiai(x,ck)} k =1INj x ESegnmentk 4 .M Nt A VERAGE{correl ation(x, ck)}
k=1,...,NJX E. Segnment k in which | = ifv_el index = O,N1 (level O:N

cl asses, level N-1:1 class) 30 in which = segnment index (class) for the
level | =1, Nj in which x is a vector of the segnent (class) of_ index

in which ck is tk&ene8AT™ecEBFMERENt (OF d)thF HEts@GfenPesesRassiek - 17
- I'n the cases lyezh@dr2hnd R&edinsbanee ot &f @heskeun@n?e ;| ess than a

{preshold un L2 Tl D204 he AT oL SPAEILS LA gacases Bheand 4
m ni m zi ng the nuekerl ofofsegmensdserdgasbract ithie ofectadisctodnang bydgr oupi ng
2: |m lar segments .10 Jhe seodpiiati Qi ggaeL! Red eV Qs Yol SofPREKE tO
the mean vector of the segment);
3. the minimum, over the segments of one and the same
level, of the minimum over the vectors of one and
the same segment (of the normalized inter-
10 correlation coefficient between the vector and the
mean vector of the segment);
4. the minimum, over the segments of one and the same
level, of the average over the vectors of one and
the same Segment (of the normalized
15 intercorrelation coefficient between the vector

and the mean vector of the segment).

The alternative notations that can be used are, for

example:
MAX | MAX {distance(x,c,)} |
20 1. k=l,...N—j \xeSegmentk
2. MAX {AVERAGE{distance(x,c,) } |
: k=lL..N-J x € Segment k
MIN i MIN { correlation (x,ck)}}
3. k=1....N-j \x eSegmentk
25
. MIN {AVERAGE {correlation (x,c,) } |
. k=1, . N~J x e Segmentk
in which j = level index =0, .., N-1 (level 0:N
classes, level N-1:1 class)
30 in which k = segment index (class) for the level j = 1,

v, N-J

in which x is a vector of the segment (class) of index

k

in which cx is the mean vector (centroid) of the segment
35 (class) k



the | earning base. The duly obtained segnents are grouped together by class
by using, for exanple, a |earning algorithmof the LBG (Line-Buzo-G ay)
type or a K-nmean type algorithm These algorithnms can be used 15 to

associ ate each segnent with a class, whig¢h_is in turn represented by a nean
vector (centroid). A sinple distance criterion between a segnent and the
centroid consists in calculating the aggregate di stance of the centroid to
each of the Wectl¥ sC3fethd’s nt) 20t 6néﬂg15r¥é’dlceTh‘F%lté%l% ERpHésdsed as
follows: neglonesd simica (thedhrold ditsi BaCeihxmi£kng €hst AGGBebebyeen the
n=1segnment S andn;ﬁhe o ntrggd of indexB)k in%/ni gh xn IS a vec o;B.of t he
segnent S, FEEMNect 8rs-28 TheRunber S | 4d<es "0En EPEREFEHECR xed

bef or ehand, corteetiomm sbduddt obat | geedyeby thsimg aa shopstolder wonlbased on

the m ni qumdiStanGePeHeeR B ¥ 43 i’

Construction of a dictionary by grouping similar

segments

10 The segmentation described previously is applied to all
the learning base. The duly obtained -segments are
grouped together by class by using, for example, a
learning algorithm of the LBG (Line-Buzo-Gray) type or
a K-mean type algorithm. These algorithmé can be used

15 to associate each segment with a class, which is in
turn represented by a mean vector (centroid). A simple
distance criterion between a segment and the centroid
congists in calculating the aggregate distance of the
centroid to each of the vectors of the segment

20 concerned. This can be expressed as follows:
Nvectors

distance (S,¢,) = Zdistance(x,,,cﬁ_)= distance between the
n=l segment
S and the centroid of index k
in which x, is a vector of the segment S, n =1, .., N
vectors
25
The number of classes.can either be fixed beforehand,
or determined automatically by using a stop criterion
based on the minimum distance between centroids (there
- is no need to increase the number of centroids if said
30 centroids are sufficiently close according to a certain
criterion). The determination of the threshold used for
this stop criterion can be based on a spectral distance
(possibly calculated on a non-linear scale of . the
frequencies of MEL or Bark type to introduce a
'35 constraint associated with the perception of the
sounds). This spectral distance can generally be

calculated from the parameters used by calculating the



is'no need to increase the nunber of centroids if said 30 centroids are
sufficiently close according to a certain criterion). The determ nation of
the threshold used for this stop criterion can be based on a spectral

di stance (possibly calculated on a non-{gnear scale of the frequencies of
MEL or Bark type to introduce a 35 constraint associated wth the
perception of the sounds). This spectral distance can generally be

cal cul at ed PESRCERESFarsRftiersl ugBUehyPeal cdffatd Hef et 1 Ve 18C°R848EFat ed
spectral envel opRrSerimlder nald Veclanshsls | firsiet eeReni agribeatheashol d

fromthe cotrel ati on.betyween the distances.used with the paraneters and the
spectral o SFEVEES W TR attdr PR T e e g EhE
underr epr esepeetdrad dodithineesl.earni ng version consists in using an

al gorithmthat makes it possible to position the centroids uniformy

distributed in the space of the 10 paraneters. An exanple of such an
al gorithm i §1r eppesentlerd 45 Feglirdn4: NQYmEs| cevertdn Wiy t e nEagevect or

fromall thedgakRin@adata. modified 2ba$e3heh OFsibg s@PEMcd hah is nost
distant from 15the nmean vector and initialization of the first centroid as

the mean veddP9feR halgeghehl &g tHEET| ks Rosftble to position

the centroids uniformly distributed in the space of the
10 parameters. An example of such an algorithm is
represented in Figure 4:

1) Calculation of the mean vector from all the
learning data.

2) Search for the segment that is most distant from

15 the mean vector and initialization of the first
centroid as the mean vector of the segment found
(nb_class = 1).

3) Iterations for incrementing the number of classes

(nb_class = nb class + 1): the segment that
20 maximizes the aggregate distance to the centroids
identified in the preceding iteration is sought.

4) Stop criterion: either when the predefined number
of <classes 1is reached, or when the distance
between the segment found and the centroids

25 identified in the preceding iteration is less than
a threshold. The threshold may be 1linked to a

spectrally-weighted perceptual distance.

GMM learning

30
The EM (expectation-maximization) algorithm is used to
construct a GMM model for each segment class. A
criterion of minimum description length (MDL) type can
be used to determine the optimum number of Gaussians
35 per model, or else a default number of Gaussians is

predefined.



3) Iterations for increnenting the nunber of classes (nb class = nb class +
1) :thesegnentthat 20maxi m zes the aggregate di stance to the centroids
identified in the preceding iteration is sought. 4) Stop criterion: either
when the predefined nunber of classes is.reached, or when the distance

bet ween the segnent found and the centroids 25 identified in the preceding
iteration is less than a threshold. The threshold may be linked to a
spectral | y- Wdiggtreed pegriegrientts dast greaplevni ebiresgodd Preitmoned
(expectati onyMRHdMAAHdPMr algord dm-isutised pPoeonstr yet taCiMordel for
each segnent class.” A'criterion of m ni mum description | eggt h ;NDL,) type
can be used %o et efRFRELt YR | FURTRENFEIS of L | 3PROBEA e rUFGRel | or
el se a def alélvfenrttls!;ﬂblel‘hé); tﬁﬁa%iﬁa}as iiss w@@etgn_@iovhi-de]ﬂa- ﬁEh?btbﬁli§e
represents an. exanpl g of _thresho ositioned int raph of. t he

ot r T but o SSRSE 6291 PHRBREC ot es P81 *Ehe Wil “Ba o ATIR AN of t he
abnor mal audiedsevenegecThenshr ebholthe sshedddt capeayi deee cdiguoei)se 5

bet ween t he - Of S I t nmb f rej.ectigns. |f
he shaded &riae tege PRouts) o otated Aittnd e SO SREap, of
probabi | i ty fGflsfal 3&a&Mgr néSi se@gabl 9 tHE pRFRARARI I Y0f ofal $8lse

rej ections. rb3eRriRespl e of the detection system (Figure 6) The
segmentfé]i on nodule is, preferentially, identical to that inplenmented for
the | earni ng phase. On each 15 segnent detected 4.2, the logarithmc

| i kel i hood, Parindigd-d idfeltheodittecnfi cencdy B niddedures 6gal cul ated 4.3. A
threshold 4.4 is then applied to the maxi mrum | og-1ikelihood obtained (the
nost probable GW nodel ) to decide on the presence or absence of an
abnormal evd@ie 2eITHRtayseRnimedidicectPon RYRietRIIti Thly be idengigiaded
automati cal Iy, frema ppedelddied; bage 4eipe Of BBRAHGAI pRYEAL S Wi e pRkes it
possible to estimate the distribution of_abnornmal "event scores_and conpare

it to the diSSOMERbt i SREBFEEHe Scor eShEbt LPARALBATE Re Jidediligpd, or

"log-likelihood", of each GMM model is calculated 4.3.

A threshold 4.4 1is then applied to the maximum 1log-
likelihood obtained (the most probable GMM model) to
decide on the presence or absence of an abnormal event.
20 The system's detection threshold can be determined
automatically from a predefined base 4.5 of abnormal
events which makes it ©possible to estimate the
distribution of abnormal event scores and compare it to
the distribution of the scores obtained on the learning
25 data. The threshold can then be chosen to have an
operating poiht of the system prioritizing either the
rate of false alarms or the rate of false rejections.
In a practical manner, the distributions of the normal
events and of the abnormal events are obtained from
30 learning sequences, and from simulated sequences
respectively. The simulated sequences are obtained by
superimposing the abnormal events on the learning
sequences with different signal-to-noise (SNR) ratios.
In this case, the noise is the sound environment
35 represented by the learning sequences, and the signal
is the abnormal event. The optimum threshold can then
be determined according to the desired compromise from

the duly obtained distributions.



25 data. The threshold can then be chosen to have an operating point of the
systemoprioritizing either the rate of false alarns or the rate of false
rejections. In a practical manner, the distributions of the nornmal events
and of the abnornmal events are obtainedyfrom 30 | earni ng sequences, and
from si nul ated sequences respectively. The sinul ated sequences are obtai ned
by superinposi ng the abnormal events on the | earning sequences with
different signal-to-noise (SNR) ratios. In this case, the noise is the
sound envir odenls 3bthepr esRahedchyst heah easdi N s quesiegs, aanduMve si gnal
is the abnorg? event The 0 1_m’mthreshold can then be determ ned

accordi ng to ﬁ e&esﬁfe rom’'se fromthe duly obtained distributions.

- 20 - Nbdels ot her than GNWB can be used, such as HWs (hi dden Nhrkov

model S) -'Elilx l\i@élk}géfvt&/ e mgaleﬁ’s,oroﬁ%kdscar& Hée%s A4 t@ge

account the tinme trend sound event over t period of one segnent

The IearnlndnéFg@ﬂqgﬂﬂ¥a%h?l&ﬂﬂ@1t?ﬁﬁ%b?§ F%etﬁ@u06|@§epéc8§ﬁFtFBﬁ field.
Aut omat i c siza@hat ben 6a8 beesaelrt 0 THk t ilddrae dde a1 Jraamisngaet t he HW

nodel s, sai del s belnﬁ%used thergﬁfter for the on-line seg%e égklon
using a Vit "Iy goPPEAMY A siTand&P§ HVPESDol J5F EHH B lised2©B5ki s model
(I eft-right Aumdela)k.icHosegeentatios peEssi beke used etal niniel &t xsrathe

segment 2| on A0dl LSt LEC Ao Af UARHEAAM seauRntalien, Wi g e gyt em now

havi ng a database Trepresenta € rredium’i n operating audio
anonal i es aﬁ@am&d@@amﬂﬁgneﬁhet¢nrkmﬁ@r$%mm©mtaii¢nnuaﬂdetalNlﬁﬁebeteps 20

i npl ement ed a1y RAkRI. oPesahhaAral WM Sy5b F%foeaﬁetﬁé:tﬁ@edaueems
anonal i es. Thé system can, run conti_nuously Ich neans that it

contlnuouslymﬁﬂéks:H%thelgBEnGEX%ﬂ-audHBW§Y?§an§12516ré&ﬁﬁlb¥ﬁtﬁ@ area to
be nonit or edetarirel $hean aopematar Caeghenithelicnhe apger akiserrief t k@esyst em
over tig@ perlg revi ousl set by an operator. The right-hand part of

Fi gure reﬁf? Nt Fﬁ@'§ﬂ§§ 89 for the usage phase. Thus, the first step
3.1 will be to extract the acoustic paraneters fromthe analysed audi o

stream The et Nqg, AeSAI AL P hdNen St €Pagt dnQhet RELLEBEALAY i ve of
the medium in which operating audio anomalies are to be

detected, the description will now detail the steps

20 implemented 1in normal operation of the system for

detecting audio anomalies.

The system can run continuously, which means that it
continuously picks up the sounds or audio streams
25 present in the area to be monitored, or else an
operator can control the operation of the system over

time periods previously set by an operator.

The right-hand part of Figure 2 represents the steps
30 for the usage phase. Thus, the first step 3.1 will be
to extract the acoustic parameters from the analysed

audio stream.

The method described for the step 2.1 of the learning
35 phase remains valid. The same segmentation method 3.1
is applied to the sequence of acoustic parameters from

the analysed audio stream. The same applies for the



35 '‘phase remains valid. The sane segnentation nethod 3.1 is applied to the
sequence of acoustic paraneters fromthe anal ysed audio stream The sane
applies for the - 21 - segnentation step 3.2 which is executed in the sane
way as the step 2.2. In the next step_3,3, the system has segnments 5
(characteristics of the audio stream being analysed). It then applies a

| i keli hood step, that is to say that the |ikelihood of each GW stati sti cal
nodel obt ai ﬁ@&“@iﬁaﬁ@-qr’eeﬁtrﬁméyl% viul Gul B BB ERE h1Bf thRe S3B§MYAYS

obt ai ned dukighgHdhetsheRp .2.2. It is possible to apply 10 procedures for
normal i zing the |ikelihoods before taking the decision to detect or not
detect an audio anomaly. Calculation of the |ikelihoods is applied for each
class K andIm scohe omdxtkel shepd3kk,i s @ssi gsgdten a IsegnesegmEnits val ue

is conpated t S e. bnaor. ent
assurrpt?éon |s%g§ﬁr?g{t%t\gl%%%’fcyno§£ 0 théeE% %t%agl pr%@e%ggq?cog ‘above a
threshol d. T sheyndeprti¢wvna( dfikadimebdewdsn). ttradshbs dteamale teéter mi ned

automati cal lppd rpmd nendsar BientHat acmihesdatieatiQn ohode NOLMRL j@MENt can
be 20 taken over the period of the segnment concerned or over the period of

a nunber of EHSEL Lt FFELERY R At scal'ﬂﬁ’elaaF&ﬂJs?Pceﬁ&Par%‘? eFReuSEFTEGLSt he
segnent at | opbaM el didif Bi@nthér eodphosez used fier pdwesiwrel tongpplly is 25

in fact air| evant to perfor the_segmnent at ing a spectral
criterid é%éﬁeeaéﬂreﬁara er sfrg ltzéngddrﬁ? {Lﬁ}g %ﬁ a. ng,be%ﬁﬁl tional
specific partamsm st1t1© @e@wsa@nf oro adkicret rmdehbi:ngie@@:tTh@nd@@dsloon
threshol ds {QMmopr gl ko Bdgs:goncer ngleae fehgnal s,

or | earned by SI t|n a normal conditi ons. Various types of
classificat |e@|¢1'¥rl§»‘dm% b FEQrs PR35 P biredd ho iEnREFEENSEr 6 mance

through a my %é@néﬁ@gemls 32 1ueD {4 eesRpat¥RET Nfa pﬁfé@bﬁéiyc%@stbe used
for the detg%tlongrﬁd sification_ in order to naximze the systems
capaci t §°t o TR |aY Bet weeh néRGT "?ﬂd DAt el 2E8FEAPE Lo i
generated if nomne of the GMM models produces a score
above a threshold. This nondetection (of normal event)
threshold can be determined automatically £from the
learning data. The detection of a normal event can be
20 taken over the period of the segment concerned or over

the period of a number of consecutive segments.

The acoustic parameters used for the segmentation may
be different from those used for the modelling. It 1is
25 in fact fairly relevant to perform the segmentation
according to a spectral criterion (cepstral parameters)
and to add, for the modelling, additional specific

parameters to provide for a finer modelling.

30 The decision thresholds can be predefined from prior
knowledge concerning the signals, or learned by

simulating abnormal conditions.

Various types of classification modules can be used in
35 parallel, to enhance performance through a merging

stage.



5 The unsupervi sed and supervi sed approaches can advant ageously conpl enent
one anot her. The system and the nethod descri bed herei nabove nay be 10
conbined with a conventional supervised classification solution by limting
the false alarns. The classification Lssbhen activated only when an
abnormal event is detected. The detection is nade by taking into account

t he sound environnent and therefore with 15 greater robustness In the

context of SHAFENSMNcEYRSS i Chti BREAPEHGTFi ngPRhPepttifhedCor the
t ransm ssi orleteiondrdn, amdlslp@ssﬁbbetrmmthautodaaar&kﬂgnixﬁmii@ethbanemork

of the 20 |gy%pt|qn %a ggytsaqg)addkgééégg£§gea&)hltecture mn cessing
oper ati ons SERtTEl iz e BR erver - and processing opera i Bhe re y sited

as cl ose asa@mQﬂMﬂkaaM$n¢he audi o sensor (the processing operations may be:
reduci ngsthe transmission bit rate, local 25 functionalities for
reactivating additional sensors: image, video, etc.). Figure 7

di agrammat i d&1e y MESUESETISSsh eiﬁﬁbleS@Peéﬁléﬁ@hlté@P@PéC@Gﬁprl§ﬁﬁg a

nunber of deyivees do@oud v ecadidikrRowils Sidhas. audi o sensors Ci, notably
abnormal audi o events. The audi o sensors are associated with a video caner a

Vi. The video canmera and audi o sensor assenbly can possibly incorporate a-
preprocessi Mpenoxid teem Téwed dohy  frertied! absendilyed sh&be i nakede may eeanpl e,

to a comput efo,pl; LAt | 06! Udes, 3, Jidube, | OL,LECO00LAT 09 130095 Hal sexent s,

and a daf abase g contalnlng o recogni norna
events. Eaclsodovwgwrer Ay is Limkedngo aUﬁﬂnreﬂaISGZS alaamslltyT@e

survei | | ance 1-QeMGEM;IcH N Eﬁéneé@rmkzatea RUMRET w1 n SHAV8bhbaped Screens
Ei. The central facility receives the audjio and video streans. It conprises

a nodul e Fr SF6Mthils Aei@dy Thyaeeergiehels DRdR0PYt FBKABIOoBREPNed from

t he caner as aaeeRindi Ngch® t Beuhdi NMeertiaktmenthe dndkstHsedrbpet r ansher data

fron10nf5degr 2t robustness.

In the context of surveillance applications requiring
the deployment of a transmission network, it 1is
possible, without departing from the framework of the
20 invention, to envisage a distributed architecture with
processing operations centralized on a server and
processing operations remotely sited as close as
possible to the audio sensor (the processing operations
may be: reducing the transmission bit rate, local
25 functionalities for reactivating additional sensors:

image, video, etc.).

Figure 7 diagrammatically represents an example of an
architecture comprising a number of devices for
30 recording sounds such as audio sensors Ci, notably
abnormal audio events. The audio sensors are associated
with a video camera Vi. The video camera and audio
sensor assembly can possibly incorporate a
preprocessing module. The duly formed assembly is
35 1linked, for example, to a computer Pi that includes a
module for recognizing abnormal events, and a database
9 containing the models used to recognize the abnormal

events. Each computer Pi is linked to a central



another are, for exanple, wired links or wireless 10 |inks, of Bluetooth
type, or else the systemmay be part of a wireless |ocal area network, or
WLAN. Cal cul ation of the Iikelihoods can be used to arrange the associ ated
video streans in order to provide help 45 to the operator (to produce an
automati.c selection of the priority streamto the main screen, or to
facilitate a manual selection by the operator based on the ordered displ ay
of the noni tfétcilﬁdté’cr%"en?&lrﬂ‘ﬁél}p{ﬁlﬁ?i FPORY (EARY 1619 hoSeT t REETRafe t he

| onest 20 | ikelddaeds (dihe Sighesiipiebabitiéynsdf bavi nghan abnergal audio

t)). Th I bt ai ned d t he .l [ b t ed
i ih bl her ERGIS bt ACGE0 EG i s 28Ctheeliont {hek: nEhGoBNdse. The |

Wi th ot her
system can theprdisepl v useldle Inwfcetsiefanciitslag argehéréngetbk t he

nor mal sgund . ir I S f de | t] .Qm a,pore
sophi st %at e&%%%oq%?%%? o%(]aoécsléi%let% i ??fgss% eg%gégé%t ha{edslg}zlfec{l(r}lﬁm 1r:mgld)el s by
usi ng a di stiede Ioperite@Eceon bet ween Gaussi ans (such as, for exanple, the
Bat t acharyya di stance, or the Kull back-Lei bl er divergence neasurenent).

Anot her approach_consists in applying the initial classification systemto
the new | earmiengld3ks, Y5F%hotSr ng?’ﬁgF@,r fFo# t RERew Rt £SV35S hbSe t hat
obtai n a scamethelrowaaepr edefd necampllesholwd red ofldekst oolkeawhragdwssodel s.

These dels are.then add t e pr.evious es. -.24 - Singce the
Mvent 120 sOiiiEsn 05 PACEER Bat RE eI ety PHEcEl MY nbfably
of fer the ageartt ade aofvibreilegsablogatlo sheaugsedvioxkdi fdreMEAIN .envi r onnent s
wi thout a priori any abnormal events to be detected. The system 5 | earning

phase is automated fromthe automatic segnmentati on of the speech or audio

pi cked up i FaRRIRELOR e oFhehd iedeneasFeam PRe USRSt e FHF3NEAt omati on
al so makes ithepassddd Baten efybsagetakaarer i i Bgdapde oM phov 2l ae1gr
conti nu§ S Lépd tes. 10 %Ljot he(r advancﬁage resulting fromthe tgiutoma i on of
the prot2ssiiy Sibs§REEFHPE e PRsiire PBi AYGCHAAS i B SFC1 e Sfstem
with a new stenarpoiaritey nestessnr omentthandmatia capaeiery, fosr change and
adaptation QLS 14 Re 2 “mfRua1l BB ion by the operator based on

the ordered display of the monitoring screens. The

priority streams are those that have the Ilowest

20 likelihoods (the highest probability of having an

abnormal audio event)).

The models obtained during the learning phase can be
complemented with other models obtained during a
25 subsequent learning phase. The system can then simply
use the two sets of models as a reference of the normal
sound environment, or use a set of models resulting
from a more sophisticated grouping process. It is
possible to synthesize new models by using a distance
30 criterion between Gaussians (such as, for example, the
Battacharyya distance, or the Kullback-Leibler
divergence measurement). Another approach consists in
applying the initial classification system to the new
learning data, in not retaining, from the new data,
35 those that obtain a score below a predefined threshold
in order to learn new models. These new models are then

added to the previous ones.



1. Method for detecting abnormal audio events in a gi ven environnent,
characterized in that it conprises 5 at least: an automated step for
| earning the nodelling of said environment during which a database (9) is
created by the extraction of acoustic_pgganeters (2.1) associated with
audi o streans picked up over 10 a fixed time period and an unsupervi sed
automatic segnmentation (2.2) of said streans, followed by a step of
groupi ng t h&1§e§mehbs i FI R & esIRNEIPrandsSa Retat issPiezalisesdel FRRg of the
segment cl agges el dnd thed mSAYSI PRasapMy b foPEhsesadh@adi ysEs of an
audi o streag}.mﬁth the extraction of éhg acoustic Earaneters 33 lh a step
of aut omat i OSSEGmERS iTh §%. WV 1Rt BBFY S ef Y tF BRRFPEENTEEAP Fo t hat
used duri ngat eilcadr rimyg gdrasmmaan e eerst € ptd ube nge 28c wbd chTheeslskehi hood
(3.3) ofgeagh saticstigaloodels conbapned ln thedat ahase £8)ohgcdater i ned
on each of the ségnent of ~t he ana ysed audi o stream said step 0
det er mi ni ng seigkentiRden rekuthengraeds ar| iskesliichapicked uepX iti the

corresponds 1ta /e gm0%s prighablg,qmodel . ddie nBxi num of st Beehi kelrhhgods,
which is conpared to a threshold value in order_to initiate or not a signa

i ndi cating PNEOPRESERCe 3IrSabIHRSS of LaudPS afotal | B | ARV hE2dfal §8ed
30audi 0 str eperakiMet hedeaadendiregulerCoal Boht iehaiactugidazed.i n that the
nodel | i 9 step is a statistical nodelling of the segnent classes which
consists in nodelling the 35 probability density of all of the acoustic
par anet ers éhothelr salymertagd assswsi gy af Gaws sihan anbamateiarodef btheGW -
26 - 3. Meth r-di.ng i e C a j ; i : - ling
step is a s?gf?%%%%gkpn% g ?%%%ﬂg%jihgﬁée ﬁgﬁ%ﬁﬁﬁzsgggﬂaﬁ%%Egégﬁgﬁéts in
model | i ng t € the system with a new scenario or a new environment,

and its capacity for change and adaptation over time.



probability
using a hid
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par anet ers

density of all.the acoustic paraneters of 5 each segnent cl ass
den Markov nodel or HW 4. Met hod according to Claiml,

ed in that the learning step involves using an al gorithm
ions centroids uniformy disjeibuted in the space 10 of the

by executing the follow ng steps: 1) calculation of the nean

vector fromall the |earning data, 2)_search for the segnent nost distant

fromthe ne
15bei ng t he
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an vector and FHPLTEl i zation of the first centroid as
mean vector of the segnent found (nb class = 1), 3) iterations

g‘hl nth %o@iunPgr tec% & SBRO m?fs a_u g Cl%éﬁ%:o 3‘% E‘:the

M zes tie cunu ive ance e centroids
@uwemtmmyﬁzmmm&mg |t®aaac¢ﬁrﬁge§oughtth4r stiopcomptresesn:
%h egt%Qeflned nunber of classes is reached, or when the

t ween the segnent found and the centroids |dent|f|ed in the
tertt B6h PYCLBRBAA a BEhr EQFolIEA B I hbBCadksIRM g d 08l ai m 1,

ed i ndhat éheiacheeRt i @ueGiENWALERN St 8RtHBESet hep)dendr ogr am
30 6. Met hod accordéﬁg to daimb5, iharacterjzed in that t he

egnentASorSstRp $BFe PRt SenPat iTTPYEVET B§TAYRhG Sne of
ng cri(erl)aassppladany v thrashiod ds Sneams opibkedi spapverbet ween

a fixed time period and an unsupervised automatic
segmentation (2.2) of said streams, followed by a
step of grouping the segments into classes (2.3)
and a statistical modelling of the segment classes
(2.4), _

¢ a usage phase which comprises the analysis of an
audio stream, with the extraction of the acoustic
parameters (3.1), a step of automatic segmentation
(3.2) of said analysed stream identical to that
used during the learning phase and a step during
which the 1likelihood (3.3) of each statistical
model contained in the database (9) is determined
on each of the segments of the analysed audio
stream, 7

e said step of determining likelihoods resulting in
a likelihood value A which corresponds to the most
probable model, the maximum of the 1likelihoods,
which is compared to a threshold value in order to
initiate or not a signal indicating the presence
or absence of audio anomalies in the analysed

audio stream.

2. Method according to Claim 1, characterized in that
the modelling step is a statistical modelling of the
segment classes which consists in modelling the
probability density of all of the acoustic parameters
of each segment class using a Gaussian mixture model or
GMM.



35 the last two classes grouped together, that is to say mnimzing the
nunber of possible segnments while mnim zing the grouping distance
concerned, and/or - 27 - the maxi mum over the segnents of one and the
sanme | evel, of the maxi num over the veckggrs of one and the same segnent (of
t he di stance between the vector and the nean vector of the segnent) and/or
5 the maxi_mum _over the segnents of _one and the sane | evel, of the
average over -t heWsaCcﬁo’%?fé“%ntcPtWea%n%' SEYAEACCEULEEEANdB KEBkeen the
vector and tthe neadeVeLhgr safedt hes segnetrd )i enilédr nidde IMiimigmust @wher the

segnents of one aqg thf sane 10 .I?yel of . the m.ni mum ov. {.the ctors of
segmerl C ?.S e? whic onsists 1_n mo ef 11}119 A .
one and the’s segnen fo thé normalized irhter-correélatTomn co i ci ent

bet ween t he pradtadr lany tdensey wéctakl ofheheccsegtent ) panatheters hefm ni mum
over thecse e he, - v Y% ver the
5 SeQIR Ssg%?rhe% Aand d Lﬁlgﬁjf%oﬁdhde% $ar v g@f‘qeai e ilIVy

vectors of one an e sanme segne e nornali nter-correlation
coefficient between the vector and the nean vector of the segnent). 20

7. Method aceqor di ngtpdCaldBaiffaacteiiged, | Bhhbatredubbagihhenkgar ni ng
phase, saldtg%t hgd uses a K-nean al gorithmor an LBG al gorithmfaqr the step
of groupi ng e SEGRBALE i REP cIBESEY S HSv8Fsi D (fe]rchﬁd:rf‘?o f& K- mean

al gorithm 2fsi8.idvkt hoshtacedsli ngifor@lai mistrdiautact ein zedei sphlaat t he

size of . the [ ' t.i cal Si N criterion
based O%Bt hgﬁ)ﬂ%ﬁe %rgl?[{setet;en@c%%g'etae \?\{t/ee?r{ﬁtlhng;alégget bt?/ov\l/lo{L dc‘{lglg es egpfso’uped

t oget her. 1) calavdtafgdrac et dithe t onGrmai nvagtehar cowri 2éd | shehat t he
acoustic paramet er3 456 & chosen fromthe followng list: spectral,
tenporal or spectral -tenporal paraneters associated with the audio stream
10. System f or 2 YSEEHGh of R dF RS aABHRENES MOF ta FiSte tentF PBnRBAL Mean
characterized i n+idtlor tarGDMHi 5€5) Btad EAstof hené okl out ngeakedrAat 95 - 28 -

15 being the mean vector of the segment found
(nb_class = 1), .

3) iterations for incrementing the number of classes
(nb_class = nb class + 1): the segment which
maximizes the cumulative distance to the centroids

20 identified in the preceding iteration is sought,

4) stop criterion: either when the predefined number
of classes 1s reached, or when the distance
between the segment found and the centroids
identified in the preceding iteration is below a

25 threshold.

5. Method according to Claim 1, characterized in that
the automatic segmentation step uses the dendrogram
principle.
30
6. Method according'to Claim 5, characterized in that
the automatic segmentation step selects a segmentation
level by using one of the following criteria:
e applying a threshold Smax to the distance between
35 the last two classes grouped together, that is to
say minimizing the number of possible segments
while minimizing the grouping distance concerned,

and/or



one or nore audio sensors (2, 10) suitable for detecting audio streans, a
preprocessi ng nodul e (6) adapted for executing an automatic segnentation of
the acoustic 5 paraneters extracted fromthe audio streamto be anal ysed,
a nodule (7) adapted for creating a database (9) representative of the
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stati on. correlation coefficient between the vector and the
mean vector of the segment) and/or

e the minimum, over the segments of one and the same

15 level, of the average over the vectors of one and

the same segment (0cf the normalized inter-

correlation coefficient between the vector and the

mean vector of the segment) .

20 7. Method according to Claim 1, characterized in
that, during the learning phase, said method uses a
K-mean algorithm or an LBG algorithm for the step of
grouping the segments into clésses or a version derived
from the K-mean algorithm.

25
8. Method according to Claim 7, characterized in that
the size of the model is determined automatically by
using a stop criterion based on the minimum distance
between the last two classes grouped together.

30
9. Method according to Claim 1, characterized in that
the acoustic parameters used are chosen from the
following list: spectral, temporal oxr spectral-temporal
parameters associated with the audio stream.

35
10. System for detecting audio anomalies in a given
environment, characterized 1in that it comprises at

least the following elements:
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e one or more audio sensors (2, 10) suitable for
detecting audio streams,

e a preprocessing module (6) adapted for executing
an automatic segmentation of the acoustic
parameters extracted from the audio stream to be
analysed,

e a module (7) adapted for creating a database (9)
representative of the model of the environment to
be surveilled, _

e a module (15) for calculating 1likelihood that
takes as input the audio model of the database
(9) and the result of the likelihood calculation
executed on an analysed audio stream,

e a module for comparing the likelihood value

obtained with a threshold wvalue.

11. System according to Claim 10, characterized in
that it comprises a first preprocessing module (6). and
a first module (7) for creating models stored in the
database (9) for the system learning phase and in that

it comprises a second preprocessing module (14) and a

second module (15) for calculating the 1likelihood
value, said second module (15) receiving as input
information on the models obtained from the

database (9).

12. System according to either of Claims 10 and 11,
characterized in that it comprises a central station
(30) or surveillance room equipped with a number of
monitoring screens Ei, a module for redirecting video
streams, a main screen Ep, several assemblies Zi each
consisting of one or more audio sensors associated with
video cameras Ci, Vi, said modules (Ci, Vi) being
linked with a module suitable for determining a
likelihood wvalue Al, said 1likelihood wvalues Ai béing

transmitted to the central station.



