- 1 - SYSTEM AND METHOD FOR DETECTI NG ABNORMAL AUDI O EVENTS The subj ect of
the present invention relates to a systemand a nethod for detecting sound
events 5 considered to be abnormal relative to a usual sound environnent.
The invention applies notably to area, place or space surveill ance
applications. 10 In the field of theqsurveillance and anal ysis of

envi ronnents, the conventional systens known fromthe prior art are mainly
based on | MBGSrARh) dfiiioChRY BgRerrke AbRoRNRL ABbdoOkyaybyel || ance

usi ng audi o, e technical problens involved are notably as ftoll ows:

1) how can you detect specific and/or abnormal sound 20 events? 2) how can

you have s@lt isoRSe=thatcar e Heobystskact henbagkgepung-noise and kts
are reliabl,e and that do not

variabilities, that is to saK S%Iu%ions &Q9t L

generate 3554 m ¥ Ynats EBREPRAualY or®S'i Entht i Hery  mafiners S 3)
how dosyoucrisdsisirey tthe paridusmvednt setetovded? | thweud] ebduofl t he

anal ysi s of,.squpd.events, the prior 30 art distinguishes two processes. The
first is a detection process. The second is a detected events
classification process. The conventional detection nmethods for sound events

are 35 gemeralinvdiasec aippithesextstactiontof apaanetlerce char apteei stic of
t he signa%&g&@gﬁlgkgetgpgf%gggl £§d. The paraneters are, usually,
ed, -Te

tinefiglat requency ated or tine/frequency-rel ated paraneters.
In the field of the surveillance and analysis of
enfironments, the conventional systems known from the
pricr 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 eventa?

2) how can vyou have solutions that are robust to the
background ncise and its variabilities, that is tc say
golutions that are reliable and that do not generate

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

In the field of the analysis of sound events, the prior
30 art distinguishes two processes. The first 1s a

detection process. The second 1s a detected events

classification processg.

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

related or time/fregquency-related parameters.



- 2 - 1n the case of the classification nethods known fromthe prior art,
these are usually based on so-called supervised approaches, in which a
nodel for each event to be classified is obtained fromsegnented and 5

| abel | ed | earning data. These sol utions are based, for exanple, on
classification algorithns known by -t e -abbreviati ons HW for H dden Markov
Model , GW for Gaussian M xture Model, SVM for Support Vector Machine, or

even NN for New al. Dot upr koncTheses gndelse ate knownal0 e ghoseoskilled in

the art an not be detailed. The proximty of the real test data and

of the | e&Pfi Myi®at a2Ebndi*iE6Rs e pErForrantesfavels P~ thesed

classifi C@hﬁ@m@y@:ﬁ eapprddcihe, mah owhdeawbacksido tdhe superyi-sgd approach
stem fromthe need.to sgecifyisheo%bngrg%l event s firstIi and to.collect a
suf fi ci ent®an8®st SLT§EFcarly répr SSEATAT Ve quaht i T57 01 these™&Vent s.
Speci fii ngabhelegehesriisnnofiabd waybe possioblug,ianer dme coddstbt i hgra 20

suf ficient ogyper of, pr&%@ﬂﬂ@@ﬂ@ﬁnghﬁaﬁt%fsabﬁﬁgwnﬁd, 59, @ndew
supervised | earning is necessary for_each new configuratioh. The

super vi si BRAPY SR T & r 88 hungh i Tentifot et lor S8 -5 omati ¢
segnent at ga@nssiabeiltnge etwiol, Fhr fiexibippdy: of=thesawsatitié ons is 25
therefore Linmted.in “%ﬁﬂga d e It of
environne%%sg%égdl fi%ﬁ%ﬁﬁ%égﬁ%no enen .'F?%%FFy%g%%&%n%%g g@%ﬁ nodel s

t akes Gaccoanthofet AEibaeRgibuRdendie @@ vidlvadtadid idstaisiedas a
Despite athe theorasult S hate these syt e Hives dheedd salutieps fromthe
prior art_do not n&ke,lt posglble t% correctly_process the audio events
that are %ot pr 88BRTE hed® ThE Fob BT E T het BRGT T onfiént g?ﬁf?ts

vari abi | i ¢yasgief ddariteed systeB8s- The i dea behind the invention is based,
notably, on a novel approach in which the nethod uses an automated | earning
step, that is to say a step that does not, in 5 normal operation, require
humaidSi ntErvenpiiol, Sadedife Varigid SUEREMisSecsenBBYR2® SIIR8T devi ces

form ng themsystemare sUfddeient dna themelaestmdpdel-«an emd ronnent. 10
The invention reI%EF to a ngthgg_fgr detectin abngéﬂgl %ygég_events ina
gi ven enVi? onnént,, Eﬁarac?erlz% FHEYHAY it Thpri 45 &4t Y he
fol | oW ngregtrepsntative guantity of these events. Specifying the
events 1s not always possible, nor is collecting a
20 sufficient number of productions to enrich a database.
Alsc, a new supervised learning is necessary for each
new configuration. The supervision task reguires human
intervention {(manual or semi-automatic segmentation,
labelling, etc.). The flexibility of these solutions is
258 therefore limited in terms of usage, and the
recognition o©f new environments 1s difficult to
implement. Finally, learning event models takes account
of the backgrcound noige and its variability, so, as a
matter of fact, it may in certaln casges not be robust.
30 These approaches c¢an be regarded as non-automated
approaches, that is to say approaches that require

human intervention.

Despite all the results that these systems give, the
35 scolutions from the prior art do nct make it possible to
correctly process the audio events that are not
predefined. The robustness to the environment and i1ts

variability sre limited.



an automated step for learning the nodelling of 15 said environnent during
whi ch a database is created by the extraction of acoustic paraneters
associated with audio streans picked up over a fixed tinme period and an
unsupervi sed automatic segnmentation of said streans, followed by a step
20of grouping the segnents into classes_and a statistical nodelling of the
segnent cl asses, a usage phase which conprises the analysis of an audio
stream with the extraction of the acoustic paranmeters, a step of automatic
segnentation of 25 said analysed streamidentical to that used during the
| ear ni ng phase daad leelsitrep dur | hgvetht tont he |badeedd hood-ableachnstati sti cal
nodel contained in._t d b | S erm ch_ of, ment s of

t he analy?ggegué%%u§$§%ﬁﬁ%£3gﬁgg#dt%%%p%%¥ﬂggtg¥ﬁ§%i%% %ﬁ&gﬁﬁﬁggds

resul ti ngleArainykerthoo8hehl 48 ACWHSCh S ot¥eR pbhdS €8SEhBCARDSENpr obabl e
nodel , 5 t haopRXi Myprof- 1 b., | Lkghi hoogsnanhi 6Rel-5-600BAr €d; he=atrhhreshol d
value in order to hnitiate or not a si qg%aingicating the.gre§gnce 35or
absence of2&udid ShohalrEs FﬁnFHESaﬁﬁ]3% Taudt o ST7 eafit ™29 4 The

nodel | i ngsgtepmi sarkor seXdnplienta stat itsStamcal Lvmodel t@ ngrofiel heasegnent

cl asses whigh..consists in nodelling the probability density of all of the
acoustic paraneters of each segnent class using a 5 Gaussi an m xture node

or GW According to another variant, the nodelling step is a statistical
nmodeldd ngreé thevsegient ekasses wabch sconsisitsd | nEgpdeliktagrihe

probability density of..all 10 t acousti_c par. ters_of _each segnent class
using a h?%%% mi&rk&%“%%ﬁeleggn e Féarﬁﬁ%%ggte%nyﬁ%%?é%%g’for
exanpl e, osimgcarized din that it comprises at Ieast the

following steps:
¢ an automated step for learning the modelling of

15 said enviromment during which a database 1g
created by the extraction of acoustic parameters
assocliated with audio streams picked up over a
fizxed time period and an unsupervised automatic
gegmentation of said streams, followed by a step

20 of grouping the segments into c¢lasses and a
statietical modelling of the segment classes,

¢ a usage phase which comprises the analysis of an
audic 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 o said step of determining likelihoods resulting in
a likelihood value X which corresponds to the most
probable model, the maximum of the likelihoods,
which is compared to a threshold value in order to
initiate or not a signal indicating the presence

35 or absgence of audio anomalies in the analysed

auvdic stresam.



al gori t hmahi chpositionscentroi dsuniformy 15 distributed in the space of
the paraneters by executing the follow ng steps: 1. calculation of the nean
omall the |earning data, 2. search for the segnment nost
distant fromthe nmean 20vector and initialization of the first centroid as
bei ng the nean vector of the segnent ,fqound (nb_class = 1), 3. iterations

vector fr

for increnmenting the nunber of classes (nb_class = nb_classl):

the segment

whi ch 25maxi m zes the cunul ative distance to the centr0|ds identified in

the precelitg nadglatingh is¢e®oughit

A0Tst 8PP Eer i Bn: SEFtHET*%hen the

pr edef i neghdumbeiy ofo £l @&éessdzdjnet’re:aChﬂ(b,ssys whern drhecdi:st.ahee fret ween t he
ou ég centrgb Oldentlf%gg in %hea&rec%g%ngtﬁéeratlon is

segnent f
bel ow a t

it Dcﬁ T’ﬁ aut BRETT ¢ segnent 4

St ep uses

r exanple, the

dendr ogr amqrdtiad plars3GtEre acfonagics s@gﬁ@ﬁﬂétl@haéﬁepu%h%gseiect a

segnent at
a threésh
t oget her,
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ﬁ;%pssg:@a\gﬁlmlgyt@ ng.sene -of cidpe following criteria: - 5 -

appl yi ng

max to the di stance between the | ast two cl asses grouped
that is to say mnimzing the nunber of possible segnents while
m ni m zi ngedderigioupb ngndtstancercancer neégs modelling step is a

statistical modelling of the segment classes which
consists in modelling the probability density of all
the acoustic parameters of each segment class using a

nidden Markov model o©r HMM.

The learning step involves, for exampie, using an
algerithm which positions centroids uniformly
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 Ffor the segment most distant from the mean
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 = nb_class + 1): the segment which
maximizes the cumulative distance to the centroids
identified in the preceding iteration is sought,

4.sto§ criterion: either when the predefined number
of classes 1is reached, or when the distance
between the segment found and the centroids

identified in the preceding iteration is below a

threshold.

The automatic segmentation step uses, for example, the

dendrogram principle.

The automatic segmentation step can select a

segmentation level by wusing one of the feollowing

criteria:



5and/ or the maxi mum over the segnents of one and the sane |level, of the
maxi mum over the vectors of one and the sane segnent (of the distance

bet ween the vector and the nean vector of the segnent) and/or 10 the
maxi mum over the segnents of one and the sane |evel, of the average over
the vectors of one and the sanme segment. (di stance between the vector and
the mean vector of the segment) and/or the mnimm over the segments of
one and the same . 15 IeVﬁg of t?% m quer %hetvecto LS« of one and the
sane segnent’ (HFPIHEHo? nalF 7801 hit Pa§oerI§F?o 1E5EPTT cPeRf“Bat ween t he

vector and thecimeahawvectwr of athessegrepe)l drd/edmhexthethdthiinioover the

segnments of ong,.and,;tNe ;saney Eﬁel €Y &hieOFf otﬂne wernade ovehmihesvectors of
one and the sane segnment (of the noLnalized |n er-correlation coefficient

bet ween the vedtpke a‘ﬁﬂn%‘ﬁézh%%mt@@c%rou@fmﬂh SEgHE ) COBSERT g t he
| ear nisng phasezngaid nmet hod uses, for exanpl e a K-nmean algorithmor an

LEG type al orlthmfor t he Step ( L%!IE' 3:?@”5%5?1‘1%“@&% asses or a

versi on deri vet—cpf? romthe K-nean a gorl he"si ze he nmodel can be
det erm ned autbsetlcadf ythy m@meﬂgOHerhfﬁ@glhmed? SmEx A e bt ance

between the | ast. twa,cl agsgsegrouped taget @@rs,tam@t bstl@egay-He ni m zi ng
the nunber of possible s 1:g’lments whil e m ni_m % theggroug Z%Fdl st ance
concerned. 35 HEFCHE epé‘ﬁé‘ﬁet"@r%“ﬁs@é & E9TRESEn3FPOMT t he fol | owi ng

| i st :1ospect sal shd empoimalm oroveqe citreal sdgaryoral o p arasret red stlasssmmeat ed with
the audio stream., The. 1yent,on.alsg,Le! ahes Lo, syslem lor detecting

audi 0 anomal i €511 ‘a gi vén enV|ro aracterized In I't conprises
at |east the f@id o‘wﬂifﬁg PP ENERE S dss‘éﬁéc%rbﬁﬁﬁéeﬁuc}lh@ s'\ﬁﬁﬁ‘st@rrs aé“tﬂtabl e for

det ecti ng audiyo,StR@ M BreccdPEPLOCCESLREnADAULE /61 t abl e for executing an
automati c segrrent ation of the a stl Fararretffers extracted fromthe audio

streamto b& drifl yEed™ o °VEY P rddt i My & dht abase
represent ati ve.eafelt, he:ﬂ*rmi& rof nidnen eoveronhentvet:@ob"e s:t;fr \szmel lzed, a nodul e

for CalCU|athg1 K é g Fttakﬁﬁras normallze “pQ£n£H€ audi o mode
of the dat abase andgxh of the ? iel i hood cal cul ati on executed on
ovrelatlon coeff1c1ent between the wvector and 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 (cf the normalized inter-
correlation coefficient between the vector and the

mean vector of the segment).

25 During the learning phase, said method uses, 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.



an anal ysed audio stream a nodule for conparing the |ikelihood

obtained with a threshold val ue.

val ue

20 Thesystentonpri ses, f orexanpl e, af i r st

preprocessing nodule and a first nodule for creating the database stored in
a first processor for the system |l earning phase and a second preprocessing
nodul e and a second nodul e for calcylgting | i kel i hood, the nodule 25

forcal cul ati nglikeli hood receivingasi nput

infoimtion on the nodels

obtained fromthe database. The system conprises, for exanple, a centra
station or surveillance room equi pped with a nunber of nonitoring 30
screens Eirpea imdHa koraredi rechtag vidleg siyams, tar MakResetagn Ep,
assenmbl i es Zi .each. consisting of one or nore audl sens
associ at e@ &-Ph AFEG €8meras* a9 AT SAT o At es EPal@C Gei g
a nodul e $U|tabteltomomﬁﬂzﬂearuﬁuﬁ&ﬁ&ﬁl@ﬂaPﬁuﬁﬂmwﬂnﬁaeﬁemaﬁissaid | i kel i hood

sever al

val ue
i kel i

Xi

ood val ues can

bei ngoggae%@b&%d ithe central s g1 alhon. sdhesduby.: dg

e used to arrange the associated video s

order to assist2Bft®perERBI=(automatic sel ection of the 7
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e a preprocessing medule suiltable for executing an
automatic segmentation of the acoustic parameters
extracted from the audioc stream to be analysed,

e a module suitable for creating a database
representative of the model of the environment to
be surveilled,

s a module for calculating likelihood that takes as
input the audio model of the database and the
result of the likelihood calculation executed on
an analysed audic stream,

¢ a module for comparing the likelihcod value

obtained with a threshold value.

The gystem 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 lilkelihood, the module
for calculating likelihood receiving as imput

information on the models obtalined from the database.

The sgystem comprises, for example, a central station or
surveillance room egquipped with a number of monitoring
soreens EBili, a module for redirecting video streams, a
main screen Ep, several assemblies Zi each consisting
of one or more audio sensors associlated with wvideo
camerag Ci, Vi, said modulesg Ci, Vi being linked with a
module suitable for determining & likelihood value Ail,
said likelihcod wvalueg Ai being transmitted to the
central station. The duly determined likelihood wvalues
can ke used to arrange the associated wvideo streams in

order to assist an operator (automatlc selection of the

rs
l i nked with

er m ned
reans in



priority streamto the main screen, or nmanual selection by the operator
based on the ordered display of the nonitoring screens. The priority
streans are, for exanple, those that have the | owest |ikelihood values). 5
O her features and advantages of the present invention will becone nore
apparent fromreading about a nonlim+ing exenplary enbodinent, with
reference to the figures which represent: 10 Figure 1, an exanple of a
detection systemaccording to the invention, Figure 2, the steps

i mpl ement BY1dUE FrigS EHeET e&f Ny TES eSEREACT heCSyERRHT+ eBRYRTEF TN phase
accor di ngp{,0 dihe bpyentdONpbatbaFigurend, amexaimlespiael ass groupi ng,
Figure 4, an . algorithmthat ca Qg i ig@@@tedségégggstéuct a géctionary,
Figure 5 MPRECQT oFF | eSOTCTHE di St i Bt TOHs0f Scores of the abhormal audio
event s andxefplde 20y ndlataldive eventlowesk gukeléhoadderailked -exanpl e of
t he steps during the usage phase of Figure 2, and Figure 7, another
exanpl’e of a system according to the invention. 25 The follown

descri pti @B e | FEhRUGE T eAlEs *AVABRRFRPt iThg HHd FIFIRT at Ve ex&npl e for
survei |l | apgcer andedewect nerre0f ayorarad afidbe eventispgsuelcas craes, in a

noi sy sound environnent r | at f 0 - dio

det ecti onn%@}]gi“%]n‘r%%% %}f%mdpa]bag%hs@eép%%ﬂe%@ar‘g{ﬁrgﬁi Y or gcgenigcge%}ﬁ% vi deo
streans ofiginat i vy dir orarangSer of caneras. This usage node may be
partigul arly ssidabl e for a,sucyghblancerappl i catdomn iy proyviwing help to
the security operator responsible rr 35 directly view ng the various video
streans. -8 p%ﬁ%@ggdﬁéﬁﬁhﬁﬁ&vé&?@F&ﬁ@ﬁvconputation capabilities. The top
part of thesfimuneshons theesystmmpasedndupmagtetie siystiem | eédrani ng peri od,

e e i ALY SUEYE A AT Sl SUSLE L9650 UP
' according to the invention,
15 « Figure 3, an example of class grouping,
e Figure 4, an algorithm that can be implemented to
construct a dictionary,
o Figure 5, the profile of the distributions of
scores of the abnormal audio events and of the
20 normal audio events,
e Figure 6, a detailed example of the steps during
the usage phase of Figure 2, and
¢ Figure 7, another example of a system according to
the invention.
25
The following description will be given as a
nonlimiting and illustrative example for surveillance
and detecticn of abanormal audic 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 mwnode may be
particularly suitable for a surveillance application by
providing help to the security operator responsible Ifor

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



In certain usage cases, the system may conprise just one processor having
sufficient conputation and processing capabilities to execute the |earning
step 10 and the recognition step. Figure 1 diagrammtically represents an
exanple of the architecture of the systeminplenented by the invention, for
whi ch one portion relates to the 15_I§a[ning 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 audio sensor 1 for sounds, for audio

noi ses pr@seFESISPTaEn ar ddato be Hvei | | 84E6RTEBE whi ERVENCASAPYsi s of

audi bl e eventsi2Qckssdesidedecfhedat a decenweds ogutdi sl ocsensor 1 are
transmtted, first of all, to.a device 3 containing a filter and an
analogue-&W&F@&lLEﬁﬁbéﬁF&ngﬁ@ﬁﬁ %?Rﬂ%s%e%§?F?%dpgﬁl?ﬁe g%FFe?ﬁen via an
input 4 taena pbocessorpdrcomiowsi ngna apsubes6 dét & | edsiterFi ore 2 25 for

prepr ogesslng; e, Jak o | LATING SIS £ g The Al ignaral ed model s are

transmtt via~an out put e processor"3 to a ase 9. This

dat abase 9 will contain nodels corresponding to classes of acoustic

par anet er sr epyesent ahkyge obadbsaudine: 30yvenyhr enReNtoansi«deradet o be
normal . Thi s database will beAknitigﬁk%fggé%%ir1 a '%%EEE%Q pggée and may
be updat eG™Fhi | BEPHe" &t ecroa" Sy st am atcordr ng 10 tHe hvent Ton i s
oper at i ngprFhesdahghaswiils takso Usedxarutite hbfse goarO@d t AL or

det ecfj on_qf; ahnoroel.aydi o, 35 gyents. - 9 - each sensor 10 being |inked
to a device 11 conprising a filter and an anal ogue-digital converter or

ADC. The data detected by the audio sensor and fornmatted by the filter and
the ADC aregtifansniditetdahtaai prbressepri8enbsviaa axampuwt Jd2. tdde processor

conprises_a_preprocessi ng nodule 1 iled.i igure 2, fol d by a
processedaﬁggégggcgﬁﬁitf%% n%gﬁle %%ggégid%%gﬂﬁégéé%iivp g i%‘%?nation
fromthe davabasen9 vifara Whakh16OWR ciPavdydie Wiglédssr not. ke the

i nf oryat i 9p-has,d0 been paocessed, When aknonnabe audi-y eyent "¢ " abnor nal
audi o events” reSult is transmtted V|a5¥?e output 17 of the processor

ei ther toF&CPERLypeRdeyi 8 181 FBr 30fe FVCH T SIS e or to a
devi ce triggerirng rdatd@banm T8 ey sewen dorpaissst em HRidforseeshr ecting 75

Lhe video, strgamand.! g, ADACCH ANG,- Lot examl e, L0, 1P sseheme of
Figure 5.7 Thé preprocessing nodul'es a 4 nust be identical i1n
survellled or for which an analysis of audible events
20 is desired. The data received on this audioc sensor 1
are transmitted, first of all, to a Sevice 3 containing
a filter and an analogue-digital converter known to
those skilled in the art, then wvia an input 4 to a
procegsor 5 comprising a module 6 detailed in Figure 2
25 for preprocesging the data, a learning module 7. The
duly generated models are transmitted wvia an output 8
of the processor 3 to a database ¢. This database 9
will cocntain models corresponding to classes of
acoustic parameters representative of an audio
30 envircnment considered to be normal. This. database will
be initialized during a learning phase and may be
updated while the detection system according to the
invention is operating. The database 9 1s also used 1in
the noige recogniticn or detection of abnormal audio

35 events.

The system alsc comprises, Ifor the recognition of the

abnormal auvdioc events, one or more audio sensors 10,



order to ensure the conpatibility of the nodels in the 20 database 9. Al so,
the audi o sensors 2 and 10 may be sensors that have simlar or identical
characteristics (type, characteristic and positioning within the
environnment) in order to avoid signal formatting differences between
the-learning and test phases. 25 The glata can be transmitted between the
various devices via wired |inks, or even using wreless systens, such as

Bl uet oot h and ot her such systens, w reless _|ocal area networks (WAN), etc.
30 An exafipFé éﬁnéﬁétﬁ%rb§9§$eﬁ%%¥%ﬁiF%c%u@%V&FPIlBeC@WQEH?lES 3

nonl i mtigaltell usia athverexaspked:yi tEl gureberddi sScar and ecttiee i s used
notably tq_hierarchical ani ze different_video strea 35_pobtai ned from
di fferent 885%?3568&% %éo%é;%via&leéoassseglcsioét et %li/vl f%rT%%tes%r‘rs% [ H(j)%nce
sensors. filtlr- aThHe tHestAdIfA naye aFsenkpnelbdd &chuf feropem®?y, 18he function

of whigh i ;s notaply {.9.5toredhe hatest ;abpagel- audipodatasor gvents. This
buf fer nenory can thus enabl e a survei IIp nce operator Fo access the 5

streams sPBFBUCGHOH-THemgeher atfofSefidfaldt i *FH S frendPy PE€Sinmilar to
t he storage EOprvicdescst Heans derogihded csumeeidlleaance, $aidheodase of a

system that L opl oy 5,480 0l &M aCesaaladd 4 S possi bl g, Los envi sage

the use of “Ghe of° nore audi o sehsors, each associated with filters
posi ti onedhbefomevt Hee progessitz FPiur €S ephesemP R tdeanpiasfor the

sequenti Ng=0f dBoddessd epshd Nphieimated gduiifgethe: vebhodaaesandi ng to the

invention, the left-hand part of the figure corresponding to t | ear ni ng
phase anda‘tl%éoria&ﬁf@ﬁgnaeﬁé%ﬁ% 'S t%a%r%&t@pcﬁagéé %g‘eA %gtrpéjt% step
corresponds taet percauisewat edi dlear ning 2ofP¢ ey stiemicFhe 1Systiam wi | | use
the sensor,lo.Lecordeodud Ngs A Jd | ayly.sel Al on. Thqdlig ol ses

and/ or the au e backgroun resentative e metro plattorm This

| ear ni ng Phadears At orRxt e8VaRd 25 3UnsUPETVi €d. e BROURTEHar anet ers

that 1wi | | =he Wses apergenerall yhepactral adcemural, ofo:speeim-4 enpor al
parameters. It is.thus possible to use a nodelling of the spectral envel ope
of the norSe Bt ket O%y%tslﬁémr% rophone, such as the cepstral paraneters
or cepstral 30 vectors. The audio stream in this case, will be nodelled by

a sequencg, of , cepstral. NeCtR s L NG d he utamted dearning ;phase, an
audio se%ggggf to ensure the compatibility of the models in the
20 database 9. Also, the audioc 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 wvarious devices
via wired links, or even using wirelesg 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 & nonlimiting_ illustrative example, in
Figure 5. This architecture 1s used notably to
hierarchically organize different video streams
25 obtained from different cameras or videco devices

associated with the surveillances sensors.



representative of a sound environnment in the initially 35 targeted
surveillance area is picked up. The acoustic paraneters are extracted,
during an extraction step 2.1, fromthe audio signal, fromthe audio
sequence, by using a short-termsliding analysis wi ndow. Since this
anal ysis technique is known to those;gkilled in the art, it will not be
expl ai ned. One way of proceeding is to consider analysis frames with a
duration, for exanple, of Egg order _of 20_to cal 5

68 ns, yﬁdth a tyg}le
overl ap ofR§09%Y alGust i%c30ar ARELEFS cBnsPHEFEE bYSPREY fret Hidd are chosen
accor di ngftuact hen praadpenttiies: ofist heoskegaal stbo becomedethed. Ldhesdurati on of

an anal ysig %&E@ 5&#%' yotakes account ofy,statjgnand ty.Assunplions
concer ni ng Yhe"s gna anafayse over the period of the 10 franme. In the
field of Speectenatie cepstaleparaneter SPERAFCRDIEP tAECEPRCtTRAF envel ope
are ofg enguseghd nseepbinaiden whé hgethbertmore @peshf izdpar.ametiess used to
15 nodel tenporal or spectral properties. Typical. .of these | e zero
crossi ng ?%££E¥Zﬁﬁ)s?ﬂ9§ % he stora ¥8r Videe gty Sl Eﬁ

fg o tomar oo OF TRt he sSpectral donmein the

measur enent dkmown-uni ltihsencgcr onym SFM (spectral fl at ness neasure). These two
measurenents formpart of the paraneters used to 20 differentiate the
spoken speech signals from noi se signals. Nunerous paraneters are descri bed

in the |iferdiifr eCPRgt ©an De VEEF™ o Wodel BRESBF nbr e®chdat@&t®ri stics of
the anal ysestsd gl s o hay =il 21 ativanardgd yphespeet el @nvelope,

t enmporal envel ope,. 25 fr ncy- i , €G- | owm ng step
2.2 is an"dut orr%tlﬁ&:bo seﬁ%%%?%i onggfggp %%gggggrﬁgt)ﬁhe%\vle'é% orgs-i}%fg%ar anet er s
ext r act edockuriimpachéesiog)e Zhe PThee&FATef this segnentation step 30 is to
group together the vectors that are close :

Figure 2 represents an example for the sequencing of
15 the steps implemented during the method according to
the invention, the left-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 be

modelled by a seguence of cepstral vectors.

During the automated learning phase, an audlo segquence
representative of a sound environment in the initially
3B rargeted surveillance area is picked up. The acoustic
parameters are extracted, during an extraction step
2.1, from the audio signal, from the audic seguence, by

ueing a short-term sliding analysis window. Since this



together, for exanple, by using a predefined distance criterion. The
criterion will be chosen according to the type of acoustic paraneters that
have been used to characterize the sound or audi o background. This 35
segnmentati on can be done in a nunber of ways, for exanple by using one of
the techniques |isted bel ow detectign of breaks in trajectories or nodels,
ti me breakdown, or dendrogram which corresponds to a - 12 -
graphlcalrepresentatlonofahlerarchlcal classification_tree revealing the
progr essi ¢B2LHERGsi AP BT A Ufe ¢F asdE¥™ | ROt HeXSRe S6F1LRE use &%t he
dendr ogr agy-tQvet aiperhed ok agpeaﬁheﬁranﬁs wali off breeeeespgnds to a few

seconds, the se tation rlnC|pLe WAR ist i ng et her the
frames in-8 38°§5F386 "%o?? ﬁ%%p"zﬁpproac E§ u5|n§u%n a%%fop%ggte di st ance

(suited texahplpar afetdrs)orddre déndrograntsuppl i 65t st tgPipassi bl e

segmery at b@@ﬁz&g (ﬁnes@ﬁgﬁ@l@é akkenstok %&%@y@s ofohbeqdendr egram . A
nunber criteria can be used to retajn segnentation for the_rest of the
proce53|n§ het fiedsel Poh Fﬁ@sﬁ?sfﬁﬁfﬁxHéﬁMeEﬂ g%ﬁhé%?%?e%ﬁ 1h 8h

i ntra- segaest s¢onaekatbone caefiél te@nt Ther dexanpbe. oThenmethagsthen 15 uses

o NPLRLYLLIRLETCRLEd, MhLOL Gl NG - KBk ETLRARL ¢ guagsaagpibﬁg at | east

one segnenF vectors. nce suc nmenor
conventlonahtyrn3@@ tﬁ? iSSImGE el leTEtt edven Che iBREEstef of8inplicity.
20 The) setr @heduly cal cul ated segnents will be used to construct a
dictionary in which the nunber of classes No is predefined, or else
determ ned automatically based on an interclass distance criterion for
exanpl e. Thi sheorfiespdbnds tspeché,stEps 2eBsamdl2.phraffeters that

model the sgpectral envelope are often used in
combination with other more specific parameters used to
15 model temporal or spectral properties. Typical of these
ig 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 £rom noise
signals. Numercus parameters are described 1in the
literature that can be used to model one or more
characteristics of the analysed signals (harmonicity,
stationarity, spectral envelope, temporal envelope,
25 fregquency-localized energy, etc.).
The fellowing step 2.2 1is an automatic segmentation
step based on the vectors of parameters extracted
during the step 2.1. The aim of this segmentation step
30 is to group together the vecters that are close
together, for example, by using a predefined distance
criterion. The criterion will be chosen according to
the type of acoustic parameters that have been used to
sharacterize the sound or audic Dbackground. This
35 segmentation can pe done iIn a number of ways, for
example by using one of the technigues 1isted below:
detaction of breaks in trajectories or models, time

breakdown, or dendrogram which corresponds to a



Thus, during the step 2.3, the segnents are grouped together by cl asses by
i npl ementing a K-nean type algorithm or an LEG (Li nde-Buzo- G ay)

al gorithm or any other algorithmthat has the sanme or simlar 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

cl ass by using, for exanple, a Gaussian m xture node|, better known by the
acr onym GVEPTHeA Bl gor FERRFERAFAF S Ror malffy used to frRYZERBT Qinun1

| i kel i hood1 9f=1hecparamet ers ofvddei pr obiabi brsti-esapdel inci1d8ienwhen said

nodel depepds,.on non-observ e en riables,Ls ter-kn by the
abbreviat?%n Eﬂf m%?% - angglfégﬁéxﬁ%%é%ti%ﬁ-n%%%nigg io%? and will be
used for dfredsystam | eareAi ng phaseed Thel ndErssf GaagsisansvBigksed may be
pr edefd ned, pr. gdeterdi ned auf ongti,cal by-dxom a aid er segnderiviag fromthe
" MDL" (nininun]descriftion Ienﬁth% information theorem.in which the best
hypot hesi BT For 1 Yat it 5ef P& F hat “wWHFCHPFESds 1% THe wiidest " data
conpressinn. 40 €n-cabptéti ohoofombhiip”st epprichehsystyemddieref oare has a

dat abase 9,6l £OI T 85000681 O ddie-dLaLpl ngnof Jhaqsysten iqg one that

conpri ses “"the environnent to be surveilled. This database
conpr i sesdtendriprateachrgetern heF <t asd, PRESHBAE! | FRTGTSFCARECRH stri buti on

of the augi: paEanBiels disethr Wheh Cerkespandsd cidhersetan)GWD, k = 1, K

with K being the number of %Jaszgswiwgqughg ghfsséagen1é£%g§3&§del has
been used %}ﬁﬁv%E}Tﬁr%%ﬂw%ﬁ g oUt” 1t he’ unsuper vi sed® ['earni ng phase is
det ai | ed Hher eitilzel owstDepdr ogham basedsautogmat torsegheht attk ort-leppr oach C

The | ear ning Gorpus,{ald.4 he Sin@oalss e esgnt atii ve: of 4 he gound
environment to be nodell ed) |1s anal ysed. The

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 memoxy is conventionally used, it

is not repregented in the interests of simplicity.

20 The set of duly calculated segments will be used to
construct a dictionary in which the number o<f c¢lasses
Nc 1ig predefined, or else determined automatically
based on an interclass distance criterion for example.

This corresponds to the steps 2.3 and 2.4.

Thus, during the step 2.3, the segments are grouped
together Dby 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.

With the segments grouped by classes {step 2.3}, the
next  step (step 2.4) consists 1n medelling the
probability density of all the acoustic parameters of
35 each segment class by using, for example, =a Gaussian
mixture model, better known by the acronym GMM. The
algorithm that i1s normally used tc find the maximum

likelihood of the parameters of the probabilistic model



anal ysis consists in extracting paraneters fromeach frane with an overl ap.
Typically, the duration of the 30 analysis frane is a few tens of ns, and
the overlap is generally 5096. 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
anal ysis are possible (spectral, cepstral, tenporal and other such
anal yses). The analysis of a frame results in a paraneter vector, which is
stored i nwhenfi pgtdi nmofipdst SERENASy peLTrendPy CheeFerPkhowh3b§ the acr onym
- 14 - FIEQ-i1Bi 8= nBaOsy: 0t bebRg KeprtrseabRdei-natheni ameresishof clarity.
The size of thi s_tmem)r)%iJ Q:rr]fu er of vectors stored) is.equal g %he nunmber
of el emenf§3pVRcEBFs TR THE Préseit dbiTcation“Casé) “used by fhe 5
dendr ogr afvr Theecersespongdemgidyr athizore -( proportilomal of oGehessaze of the
memnor endd bhe praet of s acfeuwsbunds edama,c8¥ER: 8 f ew segqands for
hi ghl i/(‘:)s?g%?gn%rgf/ %.agfﬁgroungqnoi ses. @Thi s durat iutl)rn shoul d %eneral ly be
chosen so2as €%l isiceipor &45¢ 1 he V& | eade an '¥Hdi'o 10™eVERT  consi der ed
a priori §e:beistesentanychHonayesrma: Conpromcsenmayn betdppl i edein order to
reduce the del i ntroduced_by t r SsSLN ri.ng. e em usage
phase. Mhlﬂ?ﬁjfz-f@‘%@o?]ﬁ%sﬁinbg%ﬁ 0 %‘%c o%%gp?%vi%&%;& f‘%}?léépn}b%&ﬁ egaf:ti ve
det ect i ontpe ogedsst erila .cAaABTrHEE I@ENdrogramis in this case used to
autongtically obtain a segnentation of the audio signal. The principle
consists in grouping together, in an abovenenti oned " b,otto:fr}lag"aapproach,
the el enePEsCarPeide Phpattof SERE d SHrEm™ THI S Treto n be used to
obtai n a gegimpdat bonwitiorh akbrtrkepdntiserent thessisbenimyeld, e ot her words
fg;’;gﬁenggbef% of seguents ranging.fromthe initialsnypher ofr elgrents to a
environment to be surveilled. This database comprises,
18 for each determined class, the modelling of the
distribution of the audio parameters used, which
corresponds to the set {GMMy}, k = 1, .. K, with K being

~he number of classes, when the Gaussian mixturs 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 tc be modelled) is analysed. The
analysis consists in 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
rder to best take 1nto 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-inm,

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



25 On initialization, each elenent is the representative of its class. If N
is the nunber of elenents (vectors) at the dendrograminput, there are then
N cl asses at the | owest |evel. 30 Then, the nunber of segnents is
decrenented in order to nove to the higher |evel after grouping together
the two classes that are cl osest together according to a distance criterion
(defined according to the paraneters 35 used). There are several possible

grouping t £S5 de endi g% on the %nce t hat i%S gg m. n| m zl,?d for the
sel ecti onf bf°t hettFass&§™P67be né’r oupd-tegether S*Th&®Four"ai i gr oupi ng
met hods ateteredds aof nichmmidiyst dree @ezeweeﬁ tthng. sv ey’ ofnmrhieezcl asses, or

"single léﬂk ggtqsrrg)ébggm di; st betyeen -t hevect us of 4he-¢l asses, or

"conpl ete > average di stance between the vectors of the
cl asses, b’\f%%ﬁ’ﬁé‘?r age Fﬁﬁké@f@sentdl%ﬁ%%%a%é%%%ﬁs? heUREan Brect¥ s
(cent 50i d$dndLigr aﬁ@ntﬂ@ tcdinkageidi-kp) dhesi@p sidmsdommgedds, for

exanpl e, hased, on t |rrum di,st.ance bet en th t C ses grouped
t oget her . =¥ gtif 8°3° h&\%af S eanpl 60 Pgr Sipi %% g%:%%?d?%\é\%t oé‘%ﬁe 15 N

cl asses forndrdbt hom meaxppacoéew geveorvdy t Feal hebeihs veorrspumlithg to the

vectors, ﬂaﬂﬁc(%k%wﬂ?nhéhséé' S #epRr egghbi-Rant henbufd eﬁeﬁemny ofbet he
dendrogram onpletion of this grougl t he od provid t hen 2,
then one SRRt Fepiesent eB°BYPArAgR té’reré’ RS Fhé p| ng. The

aut onat i vaegirendad idaraetdodr sholll dof inealdysmeattaoyat ircaldvwer, sed ect a
segient atl ol sidle WAt Wil phes fonehdelad oRY TRlaec il bty @ criterion
1nbroduced. by the processing during the system usage
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  grouping = together, in  an

abovementioned "bottom-up® apprcach, 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
On initialization, each element 1is the representative
of its class. If N iz the number of elements (vectors)
at the dendrogram input, there are then N classes 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 Ctypes

depending on the distance that is to be minimized for
the gelection of the c¢lasses to be grouped togsther.

The four main grouping methods are:



A first criterion consists in applying a threshold Smax to the distance

bet ween t

t oget her)

he | ast two cl asses grouped together (the higher the |evel
dendrogram the 30 greater the distance between the classes to be grouped
The issue is therefore to mnimze the nunber of possible

segnents while mnimzing the grougiqg di stance concerned. 35 O her
can be used, such as for exanple 1. the nmaxi num over the segnents

criteria

of one and the sane | evel,

of the maxi mum over the vectors of one and

of the

16

- the sane ségmaminUof tHetanseandeth&deentithe VeeE®Fs andtt héh®ean vect or

of the segnent };; 22celhepaxipum - overkiher segnents of one and the sane
| evel , of t2§ aver.age over the vectors of 3§€ and 5t he sange s gﬁent
g

(distance b

m ni mum

WEEH RS vELEGATERd PREREAh Ve or VBT s

the vectors of a%@%@%@d the.sapne segent . of the @@%@&ézegfi nteL-
oe

10correlation C

segnent) ;

ci ent between the vector and the nean vector

4. t RAFASREMUAREY OVERLadRe S

of the

t he average pver cthec-veckansaf ~pae manch t hesapesegoent fofthenospal i zed

15intercorrel ation coefficient petween the vector and the mean vector of
the segnent). ge-

10

15

20

25

30

35

centroid linka
The stop criterion used is, for example, based on the

minimum distance between the last two classes grouped

together.

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

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

defined.

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

grouping distance concerned.

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 wvectors of one and

f; 3. the
over thessegnents"ofmphetandithegsane | evel, of the m ni mum over

S of one and the same | evel, of



The alternative notations that can be used are, for exanple: 1 X MAX 1 MAX
{ distance(x, ck )11 E Segnent k 2. MAX | AVERAGE{ di stance(x,ck)} I k=1IN-fX
E Segment Kk M N AfrlV {correlatia7(x,ej 1 3. k=IN j X E Se gnent k 4 . MIN
OVERAGE {correlation(x,ck)}1 jX Segrlient k in which j = level index = 0,
..., N1 (level 0O:N classes, |evel _kll_i%: 1 class) 30 in which k = segnent

i ndex (class) for the level j = 1, ] in which x is a vector of the
segnent (class) of index which ck is the nmean vector écentroi d) of
the segment 35CBEassymk &egﬂfni Itﬁc‘? hetRasés-a2nGRd PEEVYERE dFsEance
criterion should-berl g£ss ﬁﬂi@nne?aﬂ hiceshal banhiee sdgniemic2i;:ng t he number of

segnents. In the cases 3) and 4).. the corr.el atk n criter | d be
greater thar? atPfir BEHOF V\h?Y%r rﬁﬂhel n%eglmemf%e nber % Itélgég;ne éj

level, of the average over the vectors of one and
5 the same segment (distance between the vector and
the mean vector of the segment);

3. the minimum, over the segments of cne and the same
level, of the minimum over the vectors of cne 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 cone and the same
level, of the average over the vectors of cone and
the same segment {cF the normalized

15 intercorrelation ceefficient betwesen the vector

and the mean vector of the segment).

The alternative notaticns that can be used are, Ior

example:

Mi MAX {dzstance(x cﬁ)}J

1. = I
20 k=l,...N—j ‘x eSegmentk

2. MA4X iA VERAGE { distance(x,¢, ) } f

k=t N=-f x &Sepmentk

MIN i MIN { correlatian (X,ck\)}}

3. k=l N j \x eSegmentk

25
PO éﬂ{‘}{ ‘ ,if’* Eﬁ%}éﬁE { correlation(x,¢, ) } }
in which 3 = level dindex = 0, .., ©N-1 (level O:N
classes, level N-1:1 class)

30 in which k = segment index (class) for the level J = 1,
e N=J
in which % is a vector of the segment (class) of index

k
in which ¢, is the mean vector {centroid) of the segment

35 (class) k



Construction of a dictionary by grouping simlar segnents 10 The
segnent ati on described previously is applied to all the |earning base. The
duly obtai ned seynents are grouped together by class by using, for exanple,
a learning algorithmof the LEG (Line-Buzo-Gay) type or a K-nean type

al gorithm These algorithns can be_uged-15 to associate each segnment with a
class, which is in turn represented by a nean vector (centroid). A sinple
di stance criterion betmgen a sggneg% an %pe centroid qgnségt& %n

cal cul at | h3 £AE £G§FEgate WSt ance “BF (1 CEHTT of o 10 cath>6f “the vect ors
of the segeebés20ciconcernedksHhlid wanldenbxprnessed Wse folhlonws:odi st ance

(S, ek) =di sLance(y. " 20=cHLs! ance, beiweend ha \segurat _Santdhesgentrol d of
index k in iI'ch X, is a vector of the segnent S, n = 1, vectors 25 The
number of cti aeEan canoEilthePehed X e’ bt oiehdnd EDERSBRLEr nfiHetF

aut omaf i c@l hymbyi ASIvME #usdeR o keghemthased on the m ni mum di st ance

bet ween centroids (there is no need to increase the nunber of centroids if
said 30 centroids are sufficiently close according to a certain criterion).
The det er gbnatiortioh t hef t heesHokdigsadyf oyt hisrestwnar i $Er16H can be
based on al distance (possibly calculated on a non-linear scal e of
t he frequ%%@ﬁggé%f MEL or Bark type to introduce a 35 constraint associ ated

with the perception of the
10 The segmentation described previously is applied to all
the learning base. The duly obtained segments are
grouped together by class by wusing, for example, a
learning algorithm of the LBG (Line-Buzo-Gray) type or

a K-mean type algorithm. These algorithms can be used

i5 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
consists in calculating the aggregate distance of the
centroid to each of the vectors of the segment

20 concerned. Thig can be expressed as follows:

Meesiors

distance (S,¢,) = de‘srance'(x.mck): distance between the

=] segment
8 and the centroid of index k
in which X%, is a vector of the segment &, 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 centreids (there
is no need to increase the number of centroids if said
30 centroids are sufficiently close according te a certain
criterion). The determination of the threshold used for
this stop criterion can be based on a spectral distance
(possikly calculated on a non-linear scale of tThe
freguencies of MEL or Bark type to introduce a
35 constraint associated with the perception of the
sounds). This spectral distance can generally Dbe

calculated from the parameters used by calculating the



sounds). This spectral distance can generally be calculated fromthe
paraneters used by calculating the - 18 - associated spectral envel opes.
An alternative consists in determning the threshold fromthe correlation
bet ween the di stances used with the paraneters and the spectral distances.
5 1n as nuch as certain nornal events_nmay be underrepresented, a nodified
| earning version consists in using an-algorithmthat makes it possible to
position the centroids uniformy distributed in the space of the 10
paraneterass@mlewaﬁpBEEth@hcﬁnaﬁlépgér|ﬁﬁh1$%t$%%%%§@ﬁt@@nEﬁSFﬁgure 4: 1)

Cal cul atiof Of.the,ean,vector frammablathe-bgarphag datdeiation  2)
Search for the segnent tThat is nost dlsgfﬁélfron115the mean_vect or and

|nltlal|zﬁ?FBﬁe%ft?ﬁedF?F§PC%§nFF8?d“ﬁ§ e VR OrS ot he"Eegment

f ound (nbgpé@5§ar=djstéﬁcdderatlons for increnmenting the nunber of classes
(nb cl = nb class + 1):thesegnentthat 20maxim zes the aggregate distance
to th centr0|ds identified in the precedlng iteration is sought. 4) Stop
criterionineiaherughenas hear-adat | REATALNDETSBES c w5 e$Si sUR€aEhed, or when

the di stapgs-beineen the rﬁ&gm%f&d f ourdrand thersemireds 25 dentified in
shol d. .The threshold may be

the preceding iteration s.than a thre
| i nked tou%?g%eéFrﬁﬁB§I%§%8hﬁz@‘ %ﬁuéﬁ &OSEANCE. P@arnthg 30
the centroids uniformly dlstrlbuted in the space of the
10 parameters. An example of such an algorithm is
represented in Figure 4:

1) Calculation o©f the mean vector from all the
iearning data.

2) Search for the segment that is most distant from

15 the mean vector and initialization of the Zfirst
centroid ag the mean wvector 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 1s reached, or when the distance
between the segment found and the centroids

25 identified in the preceding iteration is less than
a threshold. The thresheold may be linked to =a
spectrally-weighted perceptual distance.

GMM learning

20
The EM (expectation-maximization) algorithm is used to

construct a GMM model for each segment class. A
critericon 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.



The EM (expectation-maxi m zation) algorithmis used to construct a GW
nodel for each seguant class. A criterion of mninmmdescription |ength
(MDL) type can be used to determ ne the optimum nunber of Gaussians - 19 -
Figure 5 represents an exanple of threshold positioned in the graph of the
distribution profiles of the scores qf the normal audio events and of the
abnormal audi o events. The threshold s used to provide a conpron se 5

bet ween the nunber of false alarnms and the nunber of false rejections. If

t he shade8igreass(sepripgnre) anlGxamvtated Adreahsédalrarsmtiraedcti ons. and
An, are equakp,t B@a?ﬁoé;ébthéstMiQEr&ﬁ_u@%ﬁ' testhesprebabll in-ak fal se
Principle of the detection_system g:FI gure E% The segnmentation nodule is,
pref er ent PAl 1S | etdcaf 1e6° t REETCRpl THenPed 6 THECTBAf nPHGPhase. On
each 15 segsent.dehectwrdobh21dt hies | ogadi thmerdiidd | hoadmpabmise _

"1 og-1d kel i ", of thre ISt | kel | obhtai ned (the
deci deg onkf%‘gg%?egglﬁcg%g&rﬁeé@% m%%glﬁgl ga%a%nzsul gggd 5 §3.ﬁ§g%% egkt o the

maxi mum | 6glaestrarestalsine -G nodel ) shedaBsenteadf @rsabAégriE) event .

annctated 2Za and An, are egual, the probability of
false alarms 1s equal to the probability of false
rejections.

iR
Principle of the detection system (Figure &)

The segmentation module 1is, preferentially, identical
te that implemented for the learning phase. On each
15 segment detected 4.2, the Ilogarithmic likelihood, or
"log-likelihood", of each GMM model ig calculated 4.3.
4 thresghold 4.4 1s then applied to the maximum log-
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 1t possible to estimate the
distribution of abnormal event scores and compare it to
the distribution of the scores obtained on the learning
data. The threshocld can then be chosen to have an
operating point of the system prioritizing either the
rate of false alarms or the rate of false rejections.

o8]
wn

In a practical manner, the distributions of the normal
events and of the abnormal events are obtained from
30 learning saguences, and from simulated seguences
regpectively. The simulated seguences are obtained by
superimpoging the abnormal events on the learning
sequences with different signal-to-noise (SNR) ratios.
In this case, the ncise 1s the sound environment
35 represented by the learning seguences, and the signal
is the abnormal event. The optimum threshold can then
be determined according to the desired compromise from

the duly cbtained distributions.




20 The system s detection threshold can be determ ned di stribution of
abnormal event scores and conpare it to the distribution of the scores
obtained on the learning 25 data. The threshold can then be chosen to have
an operating point of the systemprioritizing either the rate of false
alarnms or the rate of false rejectiong. -In a practical manner, the

di stributions of the normal events and of the abnormal events are obtained
from 30 | earni ng sequences, and from si nul at ed sequences respectively. The
si nmul at ed sequences are obtained by superinposing the abnormal events on

t he | ear nMngesequerces wieh diEffer epensilghalused noise SHR) H¥MEos. In this

case, the nokse.ig: e, sQud environnent 35 represented by the |earning
sequences, and the signal is the abnornmal event. The optinmumthreshold can

then be determ ned according to the desired conpronm se fromthe duly
obt ai ned dhst MebUbi/0B$pe mo2R1s, or HMMs, can be used to take

into account the time trend of the sound event over the
period of one segment. The learning algorithms are
krnown, notably 1in the  voice recognition field.
Automatic sgegmentation can be used to initialize the
10 learning o©f the HMM models, said models being used
thereafter for the on-line segmentation using a Viterbil
algorithm. A standard HMM topology can be used: Bakis
model (leftwright. model) . However, it is possible to

retain the automatic segmentation and restrict the

15 upstream segmentation.

With the system now having a database representative of
the medium in which operating audioc anomalieg are to be
detected, the description will now detail the steps
20 implemented in normal operation of the system for

detecting audioc anomalies.

The gystem can run continuously, which means that it
continuously picks up the sounds or audic 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

o 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



Model s other than GWs can be used, such as HWbs (hidden Markov nodels). 5
The Markov-type nodels, or HWs, can be used to take into account the tine
trend of the sound event over the period of one segnent. The | earning

al gorithnms are known, notably in the voice recognition field. Autonatic
segnentation can be used to initiall the 10 | earning of the HW nodel s,
sai d nodel s being used thereafter for the on-line segnentation using a
Viterbi algorithm A standard HW t opol ogy can be used: Baki s nodel

(I ef t-ri gRESHEEERT1oRoREFEr 2 - Pt WP4CPBossi FFECUGSFetiai FPEhE286t ¥RAt i C
segnent at @ntandseggtpigt the 15 upstream segnentation. Wth the system now
havi ng a dat abase representative of the nmediumin which operating audio
anonalies are to be detected, the description will now detail the steps 20
i mpl ement éd | rchor nakxoperstgror (6f, t hehsystsamtfaor detect issgrandeo

anomal 4 es. cﬂQ?a%éE?E} Eé‘é‘ [N GANt LRUOUS| 3b - CBeHE@”%ntali%el:ﬂ}

contlnuously I cks up the sounds or audi o screans Eresent in the area to
be nonit oféd thEEE ép§é1§ﬁ Gperidtar teas corit ol Cide Oie at F8H 6F2the system
over timetperigdsipnevidoust yeseh hymanswoperstpral Thedel ghbchandapart of

Figure 2 re resegts t he ste scép,Jfgtége Hs%ggnfq§§e hgggpggg first step

3.1 wll 8“ to extract the acous araneters ron1 e an yse audi o
stream Obtaih@dnéuﬁéﬂgdégﬁ#|$ﬁﬁpf%ﬁZthétsﬂéb pogsgfla heo| aaPAYng 35 phase

r emai s vgkbeedi ssaﬁgrsegwa{aqtﬂzqezgﬁetﬂ@ 31%@5@1@@@& edptect-be sequence
of acoustic par ter from - 21 - mentation step 3.2 which is executed

in the sapgk g %ﬂ%ﬁF% 50 dete cr not detect an audio
anomaly. Calculatlon of the likelihoods 1is applied for

each class K and a score or likelihood Ay ig assigned to
a segment. This wvalue is coﬁpared te a previously set
18  threszhold walue. An abnormal event assumption is
generated 1if none of the GMM models producés a score
above a threshold. This nondetection (of normal event)
threshold c¢an ke determined automatically £rom the
learning data. The detection of =z nrormal event can be
20 taken over the periocd 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 ZIfor the modelling It is
25 in fact fairly relevant to perform the DE&MEuuatjgj
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 Dby

gimulating abnormal conditions.

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

stage.



In the next step 3.3,the system has segnents 5 (characteristics of the
audi o stream being analysed). It then applies a likelihood step, that is to
say that the likelihood of each GW stati stical nodel obtained during

| earning is cal cul ated on each of the segments obtained during the step
2.2. It is possible to apply 10 praocedures for normalizing the |ikelihoods
before taking the decision to detect or not detect an audi o anonaly.

Cal cul ation of the likelihoods is applied for each class K and a score or

|i kel i hooB1EKSrsRassFHARE (1 aPSEFRERETSThFE vaPiie YT onpar efi™fo a

previ ousl wesett1bnt hires hol €k asad iuen t /Am abnopmele revent massuhps i @hei s

ted if f__the GW . hol d
Toi's. nondEYEELROR (G Al ovan )= LR SoRord 2ok B0 dererH nadl

aut omat i cabhpriipénmevhetEearni ng data. The detection of a normal event can
be 20 4 aken over the period of the segnent concerned or over the period of
a nunber of consecutive segnents, The acoustic paraneters used for the
segnent at F6R nayPRPEFTEErent Ftom 1S UsEd f oFPPREZMOGEI 1i 7™ It is 25
in fact fabrhycsekeuaht dewppendor mitdeusegment ati on according to a
spectral criterion (cepstral paraneters) and to add, for the nodelling,
addi tional specific paraneters to provide for a finer nodelling. 30 The

deci si on Theesksras cad péeprEdéiich et FFORPE | BTk HoW Sty e"EoneRr ni ng t he

signals, ekmbereAediby i nataidmg abnor sabeconshd i eNsasirVastoss types of
classificat-on|nndu|§s can.be used in.35 pqg llel, 1o enhance_performance
through aSHEFGing st &ge. —179529D) f fdient E%H% of *HrAiret er §

can be used
for the deteetidicantox| assikhevatictn venedr derlyt ovhreaxian zabhhensy st end s

capacity Lo &f%gfsgﬁéﬁsdb%ﬂ@e@e@@é%n and abaorgpl - gvent s; ndhe
unsupervi sed and supervi sed approaches can advant ageously Tonpl ement one
anot her . FHeoWyist efP8nd SPHES e ERIY TRETERThe P Her eFHRITOVE Sray" e 10 conbi ned

Wi thia cogpventdonadosspessd sed classification solution by limting the
false alarns. The classification is then activated only when an abnornma
event is detected. The detection is nade by taking into account the sound
envi ronneit ahd tdmwrefor eof shirysigiearer Fmbustatassis Feowhelndnt ext of

surveil | ance appliGations Lequiri Rgathe:denl-oynent ofxa transmssion
network, It is possible, wthout departing fromthe framewgrk of the 20
i nvent i orPootleki sH§ERAEI SEPPEGERE ar W t BRE uFEAREYRTHr 6dessitg
oper abi onsneential i zed envassesver dndprocessingoperatirensyitenotel y sited
as close as possible t e iQ r. (the 0cess| eratd ons may be:
reduci ng Qlﬁ%cp(?sfsallnn i 52 “%}rl&h:tﬁciah rate, I ocajlz(eégfot?{lct%ll oniT 1 6s a?%dr
react i vatpreresitintd onabesensots: ToRQeslyi destedt cap. close as
possible to the audio sensor (the processing coperations
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 audic events. The audio sensors are associated
with a wvideo camera Vi. The wvides camera and audio
sensor assembly can possibly incorporate a
preprocegsing module. The duly formed assembly is
35 linked, for example, to a computer Pi that includes a
module for recognizing abnormal events, and a database
¢ containing the models used tc recognize the abnormal

events. Each computer Pi is 1linked to a central



Figure 7 diagrammatically represents an exanple of an architecture
conprising a nunber of devices for 30 recording sounds such as audio
sensors G, notably abnornmal audio events. The audi o sensors are associ at ed
with a video canera Vi. The video canera and audi 0 sensor assenbly can
possi bly incorporate a preprocessing-aodule. The duly fornmed assenbly is 35
| i nked, for exanple, to a conputer Pi that includes a nodule for
recogni zi ng abnormal events, _and a dat abase 9 containing the nodels used to

recogni ze “B5é Lafortal SEVEtS AR EEC H WPt T B 1S | FRke8*EBPAScentral -

23 - facil i unersuiei shaneel loanaecospreshng, Ehor exanpkentralnunber of
survei | | ange, goreens EL;. Jhe gentralafacilidy Jiogel ves.the audip and video
streans. coon]ses a nodul e Fr Tor hiefarchically organizing the 5 video

streans obvairméderr envrielealer 88T abésrairagiceliiePFgrnpadiranede The |inks

used to transbersdatad roponedevieg thanebheraar e cdfigeanpbe, wred
links or wireless 10 |inks, of Bluetooth type, or else the system nay be

part of atWfrél éEB°r6eaf area network, or WAN. Calcul ation of the
| i kel i hoods can be used to arrange the associated video streanms in order to

brovide help 15 fio. the aperat o [Lo-progice anAutouatig.sekection of the

priority streamto the main screen, o facilitate a manual selection by
t he oper akBPthbased2®n, t hePTor FeP8® G spMayeef therAonPEorYhEEsTF®ens. The
priorigy strrans & esihossothatybaye d:heel ovestin20={skehi hegdshd t he hi ghest
probabilit% gf gavingﬂag abnorngj audio event)). T del s obt ai ned during
the | ear nPRg-phasé €ah®bve tomsifenéntdd Wit =ovhér I's obtained during a
25 subsequent | earni ng phase. The system can then sinply use the two sets

of model ScafoA1Le shenge OoF tngnNaalcsound, epyi Laneent, Of-dse a set of
nodel s resulting froma nore sophisticated grouping process. It is possible
to synt hei9e2fERABEERs VB SasiShg €T sttaneedsD EPI FEAVARehetSden Gaussi ans

(such.ms, téornexam .t drhe Batgaehaty yan destanee i corsctlre tKahl kack- Lei bl er

di vergence neasur.enent). _Anot her _appr.oach consists_in_applying the initial
cIassificg??onpgﬁg%én¥tosFﬁgaﬁemF%eaH%?%g @%%%, Fﬁr%%?’repain?ﬁb, fromthe
new dat a, facilitate a manual selection by the operator based on

the ordered display of the wmonitoring screens. The
priocrity streams are those that have the lowest
20 likelihoods (the highest probakbility of having an

abnormal audioc event)).

The models obtained during the learning phase can be
complemented with other models obtained during a
25 subseguent learning phase. The sgystem can then simply
usge 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 1is
possible to synthesize new models by using a distance
30 criterion between Gaussians {(such asg, for example, the
Battacharyvya distance, or the Kullback-Leiblex
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.



35 those that obtain a score below a predefined threshold in order to |l earn
new nodel s. These new nodels are then added to the previous ones. - 24 -
Since the inventive solution is not supervised, the systemand the nethod
notably offer the advantage of being able to be used in different
environments without a priori any ggg rmal events to be detected. The
system 5 | earning phase is autonate romthe automati c segnentation of the
speech or audio picked up in the |earning of the nodels used in the system
Thi s aut oFatiEen @issolRuRBELTE FESSTEICE t 6% eP s adePRt VoF&fat i e node with
regul ar OgyEEBhLI BUEUS HIDdALEBod 100ARBI heromrmantage d@siltsigeg 42 om t he

aut omation of the igr ocessi ng %ubsy%tgméesné hgn %Csjirlgégtsr, e‘iﬂn&%ﬂ i zation of
the syst eRFWRE hPRINEW stenaffd bF & new ehvi ronnent. —and 1ts capacity for
change and adaptation dverridhesverllP -t@5e @pgwBed. 1Theves e or

det ec_t% ngl@QPRIﬁ%l %Hglsg event s ;LR A-gk¥en eavirongrnt , chakacteri zed in
that it conprisées 5 at least: an autonated ‘Ste;?' for learning . the nodelling
of said eReEFORFEROHUPE nGfhi BIFSE WababadeiCo)P1e et edPed by the

extracti ons9fnagousdi C Haf anmidsls (Aidhd asisoci ahed wdtemudiThist reans

pi cked up over 10 a fjxed ti.ne perio . u per.v.i ut tic
segment at F8hOTRt ofajssacfd G Eans - f Cfag(;%e%i]ebynggst%%%% éralouag)}li’r‘ﬁg t he
segnent s optoatlassesiq AiPh aedvadagt 8F SPREANUAYGePPA§S6F t he segnent
classgs (2.4), 15 a usage phase which conprises the analysis of an audio
stream wth the extraction of the acoustic. parameters %3']15)“116‘ step of

aut omat i cAEeERERt 2ETYH-TIE 2YeBE SHIT ahaly58E SHEIRT @entcdi™ o that used
during therbesssimy phesesasd assteps dpoissgbl20 whicht t4eidstdeld hood (3. 3)
of each st t'%sti cal. mdel rgogt@%wescg |nthe database (), isdeterm ned on
each of tH %@gn%ﬁ <of tHe ana yse audi 0 stream said step of o
det er m ni agd | ikeldamwodsyr €991 hagrnandsagapitRELPRoBHEYaF i8S A whi ch
corresponds to the nost probable nodel, the maxi mum of the |ikelihoods,
which is conpared to a threshold value in order to initiate or not a signal
i ndi cating the presence or absence of audio anomalies in the anal ysed



30audi o stream 2. Method according to Claim1, characterized in that the
nodel ling step is a statistical nodelling of the segnent classes whi ch

consists in nodelling the 35 probability density of al

of

paranmeters of each segnent class using a Gaussian m xture
26 - 3. Method according to Claim1l, %@a[acterized in that the nodelling
e

step is a statistical nodelling of t

oustic

gd%r”“ or GW

segnent cl asses which consists in

nodel I'ing the probability density of all the acoustic parameters of 5 each
segnent class using a hi dden Mark&F2id¥el or HW 4. Met hod according to

Claim1, characterized in that the learning step involves using an
in the space 10

al gorithm.whic ositi.ons entr0|ds uniformy di trlbute
of the paranet ?gh%% 5?50 THy tHE f SPFOWIRG s c% gF

di'at Fon of the

mean vect givénomnal-otthent e arafayg cdats, zc2) seatﬁﬁﬂ(ﬂtthemsegﬂEﬁt nmost

dlstan§ f&gn%%%gtnean

centroid as

vector and initialization of the first
el ng the nean vector of the segnent found (nb_ clgss = 1)

i terations Pora$n€ﬁeﬁﬁﬁFPﬁg 95 nofbert GETEHEsele modelling of

saild environment during which a databasge

{3)

iz

created by the extraction of acoustic parameters

{2.1) associated with audic streams picked up over

16,

15

20

J
ut

30

35

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 amnalysis of an
audic 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 likelihood (3.3) of each statistical
model contained in the database (9) i1s determined
on each of the segments of the analysed audio
gtream,

e said step of determining likelihoods resulting in
a likelihood value A which corresponds Lo the most
probable wmodel, the maximum of the likelihoods,
which is compared to a threshold value in order to
initiate or not a signal indicating the presence

or absence of audic 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 c¢lasses which consists in modelling the
probability density of all of the acousgtic parameters

of each segment class using a Gaussian mixture medel or

GMM .

3)



(nb_class = nb class + 1): the segnent which maxi m zes the
cunul ative distance to the centroids 20identified in the preceding
iteration is sought, 4) stop criterion: either when the predefined nunber
of classes is reached, or when the distance between the segnenhtSiotund and
the centroids identified in the precedging iteration is below a 25t hreshol d.
5. Met hod according to Claiml, characterized in that the automatic

segnent ati on steghuses t he_dendr ogram princi thod according to

le. 30 6. _acc
Caimb5, éharatifePPZedcrarthad the“ant nﬁtiEgéﬁéﬁEﬁFéF? nt8t &f38el ect s a
segnment at tag |lev@lliiyqusimep one ef thetistliowi ngockltenia:of appkyi ng a

threshol d_Snax_to t %Sggétaqﬁ%iggtmg§ﬂ5§§tghejhpstméaghﬁﬁﬁgseﬁhgrouped
g e

together,s?ﬁanls to say mnimizZin € nunber “of possi segnents while
m ni mi zi ngreheabgl bupi Agnai sy amde abhcEhRedcid/icy PaESIePErs 22L.  the

maxi men  ayer, thgnsegneNd & Qfsone and ddwe samde¥Rlae10fo:t hepmaxi num over
the vectors of ohe and the sane segnent (of the distance between the vector

and the nean vector of the segnent) and/or 5 t he maxi num over the
segnments of oneeanddtdecsand evel Claimt he akeragesovesdt he vkstors of one
and the s %g;’g.m di nce - he n the vegt or ;and  the nean_yector of

t he segneﬁ5§.an orHﬁ% gé%g %?he ninlnﬁhﬁ gver tﬁ%égééhents o?cone and the
same 10| enefitoPng heeRE AP hifn BUFCrReYv E¢£6rd befegné tand ¢ heP&&afe segment

(of tshe ngenehi zgeghrdRd©drs GOF rBlatitde aefd itiientvibet weepst:he vector and
the 1} calculation of the mean vector from all the
learning data,
2) search for the segment most distant from the mean
vector and initialization of the firgt centroid as
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
maximizeg the cumulative distance to the centroids
20 identified in the preceding iteration is sought,
stop criteriomn: either when the predefined number

>

of c¢lasses 1g 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 te Claim 1, characterized in that

the automatic segmentation step uses the dendrogram

principle.

30
6. Methed according to Claim 5, characterized in that
the automatic segmentation step selects a segmentation
level by using one of the following criteria:
¢ 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



mean vector of the segnent) and/or the m ninum over the seynents
of one and the sane 15l evel, of the average over the vectors of one and the
sanme sey ent (of the normalized inter-correlation coeffici ent bet ween t he
vector and the nean vector of the segnent). 20 7. Method aéeordr ng to Caim
1, characterized in that, during the Jearning phase, said nethod uses a
K-mean al gorithmor an LEG algorithmfor the step of grouping the segnents
into classes or a version derived fromthe K-nean algorjthm 25 8. Method
accor di ng t o® CtdIEm™AX18HEr aBVEFi £88 PRTREES e °§’iezgm§f te Sidel i s
determ ned aut gqmmiziGaldry Hne wsi:nigrnan séop- cthiereonobased @Jlihet kenam ni num

di b he_| h hod
5L ance el gt Pk ESLy ot 29365 SLEURAdLafeL e A S

according to d7aim I, char e acous par ameters used
are chosen fromechezf shiowhagrésst vegpett ¢al the eﬁ%@m%ﬂl* brals@é@f ral -t enpor al

paranef ers asseglatediWuhh theraddbosstheans 3% oiQ. a8pstem famedet ecting
audi o anomalies in_a %I ven environnent, characterijzed IE t hat conpri ses
di®

1t
at |east the foEF&w ngleltdfedsrads /et ‘"é Brchre g es@ﬁjéiors (2, 10)
suitabl e for dehectdang audinenst r(e?ajm;ancm prepreocesshagveodole af6) adapt ed

for executing %ﬂﬁa%g égtgggggngﬁ% %ngp i@&pé,@tl C paraneters

extracted fro e audio streamto a module (7) adapted for
creating a dat abas&ipgpureppe8entati \?é%f—‘n ReCRo@8r 8RCt ReSeR@ Fonment to

be suryeilled, 1sakd, database rhel: hgrC sy UiLdvhy-exd raet bﬁ@ efgacoustic
paraneters (2. lé fromthe audio S|g If Q%‘u ing_a Iixe n% period and a
non super vi sed -3t ofd1% SEGHER: atl st ep'( 2. lﬁr%? AT aﬁﬁll *si gnal ,

foll onwed by a sbepe@@tﬁ@nfmegfmlmmg bhewseygnehesvbytorassdstand a step

(2.4) of nodel in@gntbé’c%?b@? Mé yS ty Hiapll the acoustic paraneters of
each segnent class a nodul e (15 or cal culating likelihood that takes as

i nput the audi BEADBERIBEN eV eat EBRSESTDFRICE henF e8Uft CBE ERBS i kel i hood

cal culsation exesube( en ancanakysge andiro Sid eadhtors eHubtef andconparing

the ||kellhOOdtgglu%a%%tau§§§%égél1 %a%hr%§Qp|QHg§%§fﬁzed 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 Ilearning phase, said method uses a
K-mean algorithm or an LBG algorithm for the step of
grouping the segments into classes or a version derived

from the K-mean algorithm.

%]
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B. Method according to Claim 7, characterized in that
the gize 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 or spectral-temporal
parameters associated with the audio stream.
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10. System for detecting audio anomalieg 1in a given
environment, characterized in that it comprises at

least the following elements:



11. System according to Caim10, characterized in that it conprises a
first preprocessing nodule (6) and a first nodule (7) for creating nodels
stored in the database (9) for the systemlearning phase and in that it
conprises a second preprocessing nodule (14) and a second nodu$ie.{ 15) for
calculating the likelihood val ue, saiglgsecond nodule (15) receiving as

i nput i nformationont henodel sobt ai nedfront he database (9). 12. System
according to either of Clains 10 and 11, characterized in that it conprises
a central statt oA"E30)F OROBHIr PEPLLant @ FBBM elqui ppBY itiHab bfunber of

moni toring screenst&tiagnpddle $erer@directing V|deo streans a main

screen Ep, several assenb les Zi e c cong sthn ne_or re. audi o
sensors assoct at2dPWFPACYE abngaﬁgrééeﬁ%i b.a 3 %3 ﬁfe%ngy 19@) bei ng
keFf'fiood® EPEE , said

linked with a no#ful e 3 ¥ for® gﬁ
li kel i hood val ue¥*5d"bef Yy E¥aRdATE éftoaﬂt c@HiﬂFal s &Eon=°

analysed,

¢ a module (7)) adapted for creating a datzbase (9)
representative of the model o¢f the envircnment to
be surveilled, said database being constructed by
extraction of acoustic parameters (2.1) £from the
audio signal, by using a fixed time period and a
non supervised automatic segmentation step (2.2}
of said audio signal, followed by a step (2.3)
for grouping the segments by classes and a step
(2.4y of modeling the probability density of all
the acoustic parameiers of each segment class,

s 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,

¢ a module for comparing the likelihood wvalue
obtained with a threshold value.

11. System according to Claim 10, characterized 1in
that it comprises a first preprocessing module {6) and
a first medule (7) feor 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 likelihood
value, said second module (15) receiving as input
information on the models chtained 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
monitering screens Ei, a module for redirecting video
streams, a main screen Ep, several assembliles Z1 each
consisting of cne 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, said likelihood wvalues Al Dbeing

transmitted to the central station.



