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1 METHOD AND SYSTEM FOR LEARNI NG HPC FOR HUMAN
DETECTI ON I N VI DEO DATA 5 FIELD OF I NVENTI ON The
present invention relates broadly to nethods and
systens of |earning human perspective content (HPC)
for human detection in video data, and to a data
storage nedi um havi ng conputer code nmeans for
instructing a conputing device to 10 execute a

nmet hod of | earning HPC for human detection in video

SMETW@%&S*EM 'r-giﬁgt EERRNINGGRC FoRY I\qéN

al'ry no by a ronary canera froma
hi gh position DETECHONON VIBED'@ATAE! ative to a
ground plane. Objects of interest, e.g. humans and
vehi cl es, may nove on the ground surface. Perspective
projection transformation determ nes appearances of

reb BERIBNERN 1 o' (5 get obj ects on the ground plane

in a scene can not only provide hints about

positions, scales, orientation and shapes of th :

Dar i PESpatidemton, et hia 0%, g sh Sty & doarning
humarp persgedievweatent (HBE) fredsmanndriecioariol viglepsiataland to a data

ts. fo tar ' o . .

stoRBBIEAIR Heviog ooty B8 thedtly BE mEirueaEE porhBfing gevice to
exegbjest metheidenf teanning HFLE for hgmaanigtestiemin Wektedataandi ng

in video surveillance. In addition, one aimof video

surveillance is to interpret human-rel ated events 25
BAGHGREUND ties in the videos. Therefore, human

detection plays a very inportant role to achieve

such goal. G ven an input inmage |(x), detecting a ,

huntaryidgpjseeeillancgnaiserpeds usyrly mandered Py arptativpany pagera from a
higlf PBsitfh 6t 8 DBRqRSarRIATlbAld i0a BroRh® BRRE | DBj¥ctEof intthest, e.g.

h) , where h denotes a human a ILoearance nodel .. o
humgnso ABY neghiclest Meap 81Beet i 8 QIPQJ%@W%‘F?- Perspective projection
trarisforsicl dadriviies dpbearaPRAT &ng& obfecid iMihedRRed TRE knbledge of

the BPispoafg ok Pefrurotishionihe gra Pt e SPRs Siqob Sy provide
hintciabeut isitions, sediles, tohentafisrisnangstiapes oktht asrpeinobjdctd ihehe image

human at the position in.the inmage. Wthout any prior .
but o5 R5EN B S RERERe. BYE T BBSe My SSRGS Physical
measupdruerite tbr dveetargat lobjebfs. Hess, Blecpersregtne copfext biea strreds very

. heI;B@Irfglr@}jgcrt ﬁete&fbﬁ tr£(§<ing, and event understanding in video surveillance.

In addition, one aim of video surveillance is to interpret human-related events
and activities in the videos. Therefore, human detection plays a very important role to

achieve such goal. Given an input image I(x), detecting a human object standing at
position x, in the image can be expressed as evaluating a probability P(/,x, |4),

where h denoles a human appearance model. According to the perspective projection
transformation, the appearance of a human object in an image is determined by three
parameters: the tilt angle of the camera io the scene, the scale (i.e. size), and the
principal orientation of the human at the position in the image. Without any prior
knowledge of the scene, the probability should be evaluated over all the possible values

of the three parameters, that is
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2 P(lI, xf I h) =arg maxP(l, x| h(a, s, 0)) (1)
{as,a} where a, s, and o represent the tilt angle of
the camera, the scale and the orientation of the
human obj ect respectively. 5 As appreciated by a
skilled person in the art, the probability P in
Equation (1) cannot be corputed directly because a
very large search space is needed for optimsation

and _many fal se posjti be generated due to th
| acRUoXy pér Sﬁé 8% } }ngaqsfr"iﬁ nt on the specific vi egﬂ)

of the hunman Obj ect. To make the pr obl em nor e
maresas. & 289 SuRpRIeNS the 8t gl vfyihm@erq Ahassele and the

onéi’lfaltleﬁ ofdhk h@ﬁ@ﬁ%@ﬁ@ﬁ%spédwély‘a assumed 10 that the scene
I'S observed froman angle that is nearly horlzontal

whi ch neans the tilt angle of the canera with

r esmabprb@atbb%ygé SKillsl péradiein theSdiRlthe bkabmmsarp POEqation (1)
t he vari ations of

Canﬁﬁbé’sr 8?{13%&% E@e%‘?%}{ssv\ﬁ affyy égrgeat:‘pagg\ Sp@%,lsedleeded for

optﬁmiatbh %narmaemfage Pbsitivals rhaynbe gelijratet siuatethel 1aassf prrdpective -
|nthe|rraes Eé/ t he
)

corsB&af oh i reaEe LA gy iPist” Jon ek dPR e more
makadeabesSasslimpisre ars uuahdzlly mnaekpu inrregt poorsarbapprdeehed) o ie assumed
vl 1535 B BB o, D0 BB SR AASA AR o
angjmbhﬁetmrmm:th trespest Wi e rgsdundlatianEs®)smallr(betwgen B8 to 20°). In
sucﬂ ?EIS%? ﬁ%e?%ratlg&e of HOMAH r%)%ﬁl%lnc@soeé%@ﬁmﬁ vfte an es can be

anera para ters are
Ign@ed,o@ndu the amerrbatvonsh’éhm@bjeqt%ﬁral almest latbusrlgl"tbm tbarrea@s Even

theft aé 'hB%@hhMBe@(%F \4Et & %hdx%d iR sBRES iR nuitetlaldPEALARA windows

paral l el 11 nes, or measurenents of
areéﬁg@jgﬁeq;megg@m@t awhple imagene are avail able. Using
t he conventional nethods, it is possible to obtain
accurate estimates of the camera par aneters,

HovlBwRsincipley 8¢ PRIBRRALIVE REIRTIRY é§°l§r3e59?8? 1S BE‘QESB@SFT&“ by
the%&%b%n@ﬁ% it ,thrae@nm@iétoaamtsaqi world @Romeiry of theadteRe. The

Io ed caner
cornUioRE] Gobraaties b et I e B e B eakiowgy as camera
calidttionatHedonbantiendlaasthody fop osrecralmatiwrdtionagsace thatizafew special
d on t unde tandln th t i i L
calffiife 8085R s b Eng BRSS! o delbreS of SO B2 poinis n he
scenalatellagtizbeabising thacamenbosal nkdinds, i is possible to obtain accurate
estimates of the camera parameters. However, such manual techniques are not
adequate for automated systems, e.g. automated video surveillance systems with many

widely deployed cameras.

Recently, some approaches with varying degrees of automation have been
proposed based on pedestrian data and on the understanding that the vanishing points
of parallel lines in the scene can be used to calculate camera parameters. Table 1
provides a summary of some of these prior art approaches. Prior Art A uses a tracking
approach to select samples of a person walking along two different directions. Linking
the points of head and foot for a pair of human samples, two parallel lines in the scene

are obtained. From these samples, the vertical vanishing point and vanishing horizon
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30 provides a sunmary of sone of these prior art
approaches. Prior Art A uses a tracking approach to
sel ect sanples of a person wal king al ong two
different directions. Linking the points of head and
foot for a pair of human sanples, two parallel |ines
in the scene are obtained3 Fromthese sanples, the
vertiCaI vanishing point and vani shing horizon 3
. lin t ed jurn used to
ineSetchy BT WUGTorS B anErd e el fletedh? caRETy brameiggs. 1
Pridraﬂxrnﬁntwn hormohiodicemiayies aratinteducasiitot derise linga dquatians for the
quat f c . S
roo HRTh 3 o e g Rt PRl ybEaANER BoBidiE can be
obtalbedarfmedafpwnmfammes obfthe traged mrsqrheslmcﬁatraré@hqoeergm over

v SE OB RS S8y 50 3 LSRRI o

depehdingren iiadisng depeativinaed Baining seRkienges vhiehlcoptaine gingle person
walkzh?'aﬂiu'ﬂ@ |§ﬁl@%‘§@ﬁ@ Shhii&h, theNLA 6hly7"b§ b RrREES Mi-automatic
king around in the scene. Therefore, they can only
methedonsi dered as sem -automatic methods. 10 Table 1
(Prior Art Conparison) Method Learning Assunption

Angl e Estimation I\/basurerrent Trackin Robust ness
Prior ArtA sem %% JEHoEAR L opRaris real yes

elffd onq Lerphe Ao e gF L i yggt*%?wi%neé%f%fiﬂ%i o Rofiness
Pri&HAHGN ) sdRhilatto Ar tye@ p Gpﬁﬁ€$1oﬂt_irfedll |y aetionali ges weak

1 Aot + a K
seH—galbrati+on—rethod-friomdetected—hurans—n

Prigiifirich ipesdteuiop- heesd hotBRegy I"8ar i st et i nat ¥ apd strong
Prl&"uﬁrb gec osed yL@ 3%‘ féac noﬁ hféayam 3@5{! ng po'nBt alnQ’trong

vahi c- | nlg ho | zZon -Fn r\nl ihr ot 1 ok PaoN2

par ametrers 15 are obtained from a. maxi mum a
poslPlﬁfrim iC pMpBsexat junptaitomatiodelf-calidtatioasimathod from detected

hurB?R 0 \glraf:h 8%@—%%%@%19%@%%5&@295{{ e%{lrm%gdag}?]o en decomposed to

~ extidotibe @anishpng pointemdwaeidbieg hbrion feranaibratigaiT ameame- panameters

areS? {qu d#r&%rébﬂlaxu%ﬂ% af)gstgr?o? EIGIAPi réSﬁqug{IJr‘ %ﬂ?er a B?yesian
stochastic optimzation 0 Nnolsy data, bu
framework.q Metreolia osampiing yfoi rﬁnelnm Ortinyzationt iatused stobepiveatheoMAP

proBpd Hoﬂlh&érahricﬁ%bﬂﬁgs S absfl claﬁ]lqu&arQﬁbféFs 8fd sample distributions
approac escri above, camera paraneters
aregyeeded. In addition, stochastic op’umlzatlon lS robust to noisy data, but it requires not -

only intensive computations but also good initial estimates.

in the prior art approaches described above, while camera parameters are
usually used in the formal description of perspective projection, 'it is difficult to estimate
the parameters from automatically selected observations in natural scenes. In addition,
the assumptions on camera parameters for self-calibration might infroduce errors for real

cameras and scenes. Furthemmore, the ranges for the camera angle are rather limited.

Therefore, a need exists to provide a method and system that seek to address at

least one of the above problems.
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usual Iy used in the formal description of perspective
projection, it is difficult to estimate the
paranmeters fromautonmatically sel ected observations
in natural scenes. In addition, the assunptions on
canera paraneters for self-calibration m ght
i ntroduce errors for real 26 caneras and scenes.
Furthernore, the ranges for the camera angle are
SUW&%& limted. Therefore, a need exists to provide
a nmethod and systemthat seek to address at | east
one of the above problens. 30 4 SUMVARY In
acdoradeordaned with za first agpeaspidbe pigsenhimventisetitere is provided a

' meLHé}rflmed?tlé&HinatMﬁ bérsﬁé&MEQ%qfe%t (%?E)S r?ngnége@étégtﬁg in video

n perspective cohtext (HPC) "for n detection
datatheimaieod sorgaiising thesterst¥fod conprising the steps of:

Sels%@éd:tiﬂg 2 pRirAiploF ¥mplesSiEgrbiesn Rasad RiedtidRBRom the video
detectioh fromthe video data; categorizing a canera

datgj |t angle into one of two or nore categories based

0N cdidrisflges EatesAPARSe e Ond 6f eRbNdee Edt8gdis based on
fromthe sel ected sanples; wherein the sanples are

therselectadaMi@e @8n t he categorization of the canera

ti lbamitg the BIR@froinGhé ealebiet abdphediPC, a nodel
cal cul aIitgn for the I—ﬁ’ i as

Cis b donthe .

c 2t HRRIEI, 36 GRS BRI PESY PR TG Bacizate o theygamera
tilt dige pEbEGLIEAGIR] the HPG aaplods! cagulatimor the: HPT et badddngh the

foreground objects.in the video data; determ ning
Catfﬁ’cglggﬁ?'? P'?‘PS&EHP'V? g@ﬁ'@%‘?‘i ‘V\egog’ries of the foreground

objects corresponding to one of at |east two shape

fe re s @ [ espective objects as

ongﬁg S%‘%cgagéjﬁﬁqeegaq@géﬁ%&&%gw rrng%'abi lity neets 20 a-

fi ragtedtingdetegralindTiipecteindherividengatst t he probabilities

of espect j ve.r 0 f.or, 0 j ;

R D S G R R
corespendiog tnormaiat least two shape feature models; and o

selecting respective objects as one of the samples if either probability meets

a first threshold.

The determining of the probabilities of the respective ones of the foreground
objects belonging to one of the shape feature models may be based on a shape

feature vector of the foreground object.

The categorizing of the camera tilt angle may comprise determining head and
foot positions of the respective selected samples, and determining likelihoods for the
plurality of selected samples belonging into respective ones of two or more classes
of head and foot positions corresponding to the respective categories of the tilt

angle.

The categorizing of the camera filt angle may further comprise determining
said one category based on both the likelihoods for the plurality of selected samples

belonging into respective ones of the two or more classes of head and foot positions
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feature vector of the foreground object. 25 The
categorizing of the canera tilt angle may conprise
determ ning head and foot positions of the
respecti ve sel ected sanples, and determ ni ng
i kelihoods for the plurality of selected sanples
bel ongi ng into respective @nes of two or nore cl asses
of head and foot positions corresponding to the
spective. categories of the.tilt 30 anale, Th .
and, FREEh R fieS U ForRE T REPOL TP AR e P ggponding to
on€ oM thesleasteiversiape fegiture anatietne cat egory based on both
the likelihoods for the plurality of selected sanples
bel onging into respective ones of the two or nore
cl aEeeiltainghehitheasdmplest mpypgiommise terinadyt bee of the shape
r AN . j d
feafl Rk col e S dart e bhibo@Aton 8] wplam<ha 9=l
shape feature nodels. The filtering of the sanples

gé‘gﬁ%&éﬁcﬂald‘uﬂtigﬁ rféﬂE% *P%Pﬁ',oﬁ%y QseldtRetBERS heféd ?E@bwg%s or

COI‘I‘GSp_OI’] I Ng ( e categorl Z_atl on O . ]
scalexrepcsitionl mappiny do deperibedhel HRG (deppading enftbe cafrgoripation of

- . t,her footer head honol ogi es or
the&%ﬁﬁgiﬁ%ggggion mappi ng to descri be the HPC dependi ng

on the categorisation of the canera tilt angle. 10

Thery@pdgbg&algitl kbR N Y sl heke Uafefink f Rh®Bhentations of
[ eTenentatiéhs o# dgggri%ing t he HPC usin Fﬂthe f oot

desgripiag d theo tdP 6 geied d e fBPtn g d1eaf nbomelpgissodersnqing op the

cét&%k?ris‘éﬁ&%ﬂhéichﬁxe?é‘ﬂ{&nglr—l5 The nodel calcul ation for
the HPC, either foot cc head honol ogies or scale

posi tion mappi ng, may conpri se using a node
EStT]HEgtrhéﬁbl%célaﬂé’tithf&rnﬂwe %,D[E&ha’ﬂ ot k:B{HéladTﬂitﬁnologies or
met hod may further conprise a ying the learnt HPC .
SCRIHheRRIFPT DEPRIBEe STAYOFPTRE gﬁﬁ%eaq[]%ﬁ?r]@?ta%%'%at gata tuning
(vEle) aRpriving of the [earnt HPC may conprise
generating a scene-adaptive
The method may further comprise applying the learnt HPC in human

detection from subsequent video data.

The applying of the learnt HPC may comprise generating a scene-adaptive
grid which defines a scale and orientation of a human in a position in an image, and
limiting detection windows of a human detection algorithm based on the scene-

adaptive grid.

The human detection algorithm may be selected from two or more algorithms

based on the categorization of the camera {ilt angle.

In accordance with a second aspect of the present invention, there is
provided a system for learning human perspective context (HPC) for human
detection in video data, the system comprising:

‘means for selecting a plurality of samples based on human detection from

the video data;
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grid which defines a scale and orientation of a human
in a position in an inmage, and limting detection
wi ndows of a human detection al gorithm based on the
scene- 25 adaptive grid. The human detection
algorithm may be selected fromtwo or nore al gorithns
based on the categorizatiors of the canera tilt angle.
30 In accordance with a second aspect of the present
i nventio rovi stem § | earn ,
nurBReBe Pt 5eBepGEd 8 sRaR= fedleif it s o nERRR fsoories
based on ttie geldated, saw’rmesymtlem corrprl sing: neans for
sel f on human
der BerORefiBl el Yol s SaRER SRRRE. O, O
catwg@elnzihagnaausarfmrlaammgt thenidPe filtetesi theesahpleiased on the
' o t | S
5&39% 9he ecﬁ{rhepélitﬁc r‘r:]'?%l:]?@ Fnﬁ rﬁéfﬂ?ﬂvé usé"sng model

ans ar ni ng

caloiatiasi far thied- e ased on thee%atwmgawqreofrﬂmcameftaetﬂwgdm @r both.

sanpl e based on the 5 categorization of the canera
tilt angle prior to learning the HPC, uses a nodel
cal the BERBHIOr §electo piRle BATERSHA% he cat egori zati on

of &éiscﬁ@r@@&ﬁmbldbiec@@ﬁ'tﬁe vi@éob@iah The neans for
sel ecting t he sanpl es may et ect f or egr.ound

obj ‘&??@"'P‘?] P'f?@av'i"ﬁ%% ‘?Jf at’ %Speﬂb"ed neenich ethﬁr deragroung; gkiects

corﬂéspbﬁ&ﬁged bivEosasastiws Bﬁaﬁﬂé@@?@mdelgb&rﬁﬁt s
_, corr ondi ng-to, one of at @gst t Wo

e feat
el BpPcRaSut pLEecints T ARG SRR arets 2

firssmﬁghem if either probability neets a first

threshol d. 15 The determ ning of the probabilities of

the respective ones of the foreground objects

bel Dngdetgrrioingnef thé prdtebdifiep ef theatspartive deés ofrtig foreground
objggfg %%Io%@ilr% rc,ohg]pee of ?ﬁeagHéﬁe Ha%ﬁ}rg rmc?cIei%] n%gf i ngﬁ(yprq a shape

obj ect. “The nmeans for categori zi amera tilt
feafumg vectonyf the faregionad lebjgdt. and 20 foot posi tions of

the respective sel ected sanples, and may determ ne

i kelihoods for
The means for categorizing the camera tit angle may determine head and

foot positions of the respective selected samples, and may determine likelihoods for
the plurality of selected samples belonging into respective ones of two or more
classes of head and foot positions corresponding to the respective categories of the

tilt angle.

The means for categorizing the camera tilt angle may further determine said
one category based on both the likelihoods for the plurality of selected samples
belonging into respective ones of the two or more classes of head and foot positions
and the probabilities of respective ones of the foreground objects corresponding to

one of at the least two shape feature models.

The means for learning the HPC may filter the samples by one of the shape

feature models corresponding to the categorization of the camera iilt angle.
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the plurality of selected sanples belonging into
respective ones of two or nore classes of head and
foot positions corresponding to the respective
categories of the tilt angle. 25 The neans for
categorizing the canera tilt angle may further
determ ne said one categor?y based on both the

i kelihoods for the plurality of selected sanples

bel gnging intq res [ nes .of .

cl a e@eg'f's Eoéj%argwgetﬁ%ﬁ%posa} tti’%n%'{%gr%pvt\?:h)ggam&%dog‘es or
scajlr @hEdsitiont masping t¢ dapeibei the HFER slepéndihg ohdhe gatagodsation of
h obj eCtﬁl corresponding to one of at the |east two

e§ﬁ§ﬁ¥? £8P9fe rodels. 30 The means for |earning the

HPC may filter the sanples by one of the shape

feature nodels c spondj t I [,

t hol B PRe: 1 (SR B R A ARE GRLRE TRk Ehs of
degdf@ngatheuddP@i ubieg freotfest tzdgadohomolpoies elepending on the

0sd 1. ] 0 describe the HPC dependi ng

cat Oq{sﬁ@&céﬁtééggrinsa tﬁt)%g% " the canera tilt angle. 5

The neans for learning the HPC may use different

[ [ i Ol ~HR iqNehel :

oo theRrng g Giner Gabic Aol dplfidhel BamiaFC in
hurngredetgatinnafram stbsanyest videredalast em may furt her

conprise neans for applying the learnt HPC in 10

human detection from subsequent video data. The neans

f or Thepiegs iPrapevingatngtleaiptHRRy Mgk 9ERgELE 3 scene-adaptive grid
whith &2@nasl apidake afd igfienitiibs bf Gehbmas iR asgaditdnaindan image, and
_orientation of aq?nu n in.a{éositi n g{] %1 iﬁa&e,hand
limits detestion: tdpdwh hith o FERCHRMM&PHETR 136 the scene-
adaptig®gtidhm based on the scene- 15 adaptive grid. The

human detection algorithmmy be selected fromtwo or

nore algorithns based on the categorization of the

carieahiirhah dateglien algbrithm may bedeketedirdrh tao bhimode algorithms

aspec,

oo G e Srisg rl T e B b e “code neans for -
instructing a conputing

In accordance with a third aspect of the present invention, there is provided a
data storage medium having computer code means for instructing a computing
device to execute a method of learning human perspective context (HPC) for human
detection in video data, the method comprising the steps of:

selecti'ng a plurality of samples based on human detection from the video
data;

categdrizing a camera tilt angle into one of two or more categories based on
the selected samples; and -

learning the HPC from the selected samples;

wherein the samples are filtered based on the categorization of the camera
tilt angle prior to learning the HPC, a model calculation for the HPC is based on the

categorization of the camera {ilt angle, or both.



10

15

20

25

30

device to execute a nethod of |earning human
perspective context (HPC) for human detection in

vi deo data, the method conprising the steps of:
selecting a plurality of sanples based on human
detection fromthe video 25 data; categorizing a
canera tilt angle into onegf two or nore categories
based on the selected sanples; and | earning the HPC

R DERSR BEY o8 R DRAIINGY ot fon of the camor a

30 tilt angle prior to learning the HPC, a nodel

gglt %I’élb?ﬁﬁ IT%?'FJ tgt? 1r%v§'e_|?cnavr¥2|r ) ?&ﬁetr%dég%od and re?gllly %:)parent
to @i BFolHBCRIsKTI iDNhERTIHEN D%Wlmﬁmﬁdm mlem:rs)tioﬁ bhevay of

| ‘exango\fg %Ib{ognti\fgl égrr]] %8?&% \?vgﬁ thlénﬁgwag?,ﬁﬂlmﬂﬂﬁ]r eadi |y

inary s e art from
the followng witten description, by way of 5

e e onSos, FBUGRH ARG, B (ehisl o RS, numan

ur art [ustrating-a

perﬁmq’w@ conte fer munemdetpetionga videgdatint ext  ( HPC)
f Or B HARE ?@Fsb@cfhvé B MRS oledSin FdcB 8t VArislO¥Skitions.

perspective of human objects in a scene at various
positions. 10 Figure 3 is a schematic diagramof a

PErSeaeta iy 8 sERaRRicREPan efla berepedivé béddnedBgbroed \%rﬁ%&ﬂt angle
to O for determ.ning scale goswl on. maggqq a%cor g
cloge, t6P"eIoArgREMIBG SRR POYEOTE RBP4 EREIRY 1o an xample

emBédiagmt i ¢ di agrans of perspective of a scene as
observed from a large angle; a small angle and a
near-zero angl e respectively. Figure 5 shows shapes

- of guran m%ﬁerﬁﬁttoadl@dn‘s Iob merep!aiﬁmé of & ME$sQibserved from
varlo S sce

a G A ol g A A SerR PR B RE N Pes w t b

respect
Figure 5 shows shapes of human objecis obtained from example images of

various scenes.

Figure 6 shows membership functions for the 3 tilt angle categories with respect
fo the ratio of vertical distribution ranges of head and foot according to an example

embodiment.

Figure 7 shows a detailed flowchart of a method to categorise a camera tilt angle

for determining a perspective projection model.

Figure 8A-8B show the performance of the ME-DT algorithm on synthetic data

with various noise level according to an example embodiment.

Figure 9 is a flowchart of an implementation of a perspective-constrained human

detection method according to an example embodiment.
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to the ratio of vertical distribution ranges of head
and foot according to an exanple enbodinent. 25
Figure 7 shows a detailed flowhart of a nethod to
categorise a canera tilt angle for determning a
per spective projection nodel. Figure 8A-8B show the
performance of the ME-DT alggorithm on synthetic data
wi th various noise | evel according to an exanple
enbodi nent. 30 Figure 9 is a flowhart of an
i nHigureniDaghons ®kedesperinpged bl earban stemdsnad! thenmuresponding
detecti on nethod according to an exanpl e enbodi nent.
grigg gepprgtpddhargon RerpEding o example §mkag et vari ous
scenes and the correspondlng grlds generated thereon
accﬁ% n?1 %Roﬁy % Sf ﬁUr’ﬂQﬁ* ion é&l%g eus%r?g §h&¥‘§etﬂlonal
seri of human detection results using-
method et thenedrresgongint 6rbulis disingethe onetbey cﬁ?@@rﬁ@gr @s an texample
emH&hﬂ&ﬂthe met hod according to an exanple enbodi nent.
Figure 12 is a schematic diagram of a conputer for
|nplenent|ng the method of Figure 1 according to an

ex%r@ 18T adi-ABALtic éébr%%‘f"a'-c%@l@@@ﬁhﬁﬁe%nﬂ thg r?ethod of

exanpl e enbodi ments provide, inter alia, a met
Figyred 3eeprdingdaan ezswpefmbgs@zﬁnt ve context (HPC) for a
variety of scenes nonitored by surveillance caneras
and applying such scene-associ ated cont ext
information for e.g. efficient and accurate human
DETAILED DESCHRIPTEIMound obj ect cl assification, and
refi nement of segnentation of human objects. It is
found that two |inear nodels, i.e. foots head
horHeoghaeplaadbodinahis prodds, infemalimpsp piethgsl, foclaaming human per-

speggy n?&??ﬁ'ﬁ% P%a\}éZig& 3f% gﬁé%iﬁ&h@?gé&‘ﬂ??u@&ﬂﬁg%%h\éﬁas and
apphing sud0 stend- mOgiawsIndomﬂnefoer for heeg caﬁgeat and | accurate
rﬁ%}gh&e&%rn' ?&gér&gm Io j!'egteclié%lf&gﬁt!»rl ’anﬁt}%f érﬁ %?ls]gglﬂgﬁstlon of

ositions In e 1 mag r|n ster
hurpdre Abietias It# founs theb twe diaeari pedgls, Tiee f@@t&ﬁﬁp@d homologies and

scale < position mappings, can advantageously be used to describe human perspective
context about a scene for camera tilt angles from 0° to 50° to the ground plane. When
the camera {ilt angle varies from large to small, the vertical range of human head
positions in the image shrinks faster than that of the foot positions. The example
embodiment proposes. an approach to categorise the tilt angle from the statistics of
observed human shapes and head/foot positions in images. Human samples are then

selected based on the human shape model corresponding to the tilf angle.

As the automatically selected samples may be unceriain and noisy due to the
variations of human individual heights and poses, and because of errors of foreground
segmentation and shape recognition, a model estimation - data tuning (ME-DT)
algorithm is also provided to learn human perspective context from such training data.
The ME-DT algorithm can not only estimate the model parameters from the training data
but also tunes the data to achieve a good head-foot correlation. The algorithm is
implemented for the cases of three tilt angles, where different learning strategies are
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enbodi nent proposes an approach to categorise the
tilt angle fromthe statistics of observed human
shapes and head/foot positions in imges. Human
sanples are then 25 selected based on the hunan
shape nodel corresponding to the tilt angle. As the
automatically sel ected sammbes may be uncertain and
noi sy due to the variations of human individua

' i sS_an use of errors N
s oo =SS JEINEET AR G B M UB dgHT EpRpiog of humen
perspegdtte ahtaxtiadrh the datal adtavtictmthe gorfuertiddB) lir@ar edtiguation Faifs.

is also provided to | earn human perspective context

fromsuch training data. The Me-DT al gorithm can not
onlThedsainpatHPG feethep da@lplie;nhioa memen slefection rhibetscane Ageene-

_ adaﬁﬁ\;eggr}dblét e?i«lar%?edf é{'{&ggjrﬁ ﬁ Ct Ay @%!H ﬁﬁept%!t%ﬁog Hlstogéam of -

corre gor It
Oriérded Chadients dO6Y) defteddien twindovwa A cersespapding sualefaﬂdementatlon

f r
et S e B i s Serieathat o L | ot Pindow
is requiachas B@'ﬂ@i‘i@@ﬂtb éOf@’@ﬁ’t'% hyrpayAeterdiog gethodat  wher e -
the conventional linear estination fails. The |earned
HPC is then applied for hunman detection in the s

A Jdgyre- 1 sshawam figwckart 40P dluskatnsasgetied o?fd?ﬂ@"lgoH'e"C for

hurh4e d&BGtorAh BRI &ta) §bd©ﬂﬁhg§ 08 eRarhbls tepgioaimait. At step 102,
Oiented G adi

a PR o e IR S UL PR R pggeton A

step he4,HPCaréraaimrigesiis chtegofizabin®r oretbftthatbor hess catbgme’ls%ased

on QSRR LTtk B8 D6t P 1 Ha HRAN 15 PGl samples,

whérBbivae aafripiescara fitterb@Maskd vs tthatatagorezatien bbitheamera tilt angle

, prl0£e%r Felarr] agttﬁ:eflqﬁ’c %“'Fﬁ%eﬁj taﬁ’:gl alt 8R 1’0P A%{é q‘?IQCd% gased cn the

0 an exanple e
catedarization 9f tbé casmepd mkamge,mlbeth ed fromthe vi deo data
based on human detection. At step 104, a canera tilt
angle is categorized into one of two or nore

catSuyoe i pstidrgs efd they eseriptior | wiieh dollpagp pres explicityt ap implicitly
preiﬁ'ﬁed G eteﬁlﬁg 4Sa \:gg%ﬁ‘fs Eﬁ@ rfhﬁéﬁ%neﬂeble “s&%ol‘ﬁﬁﬁ@ér@%nté{%ns of

rein t es are filtered based on
opegaitoag o datg ‘Gﬁ"”@)fa Pﬁ'@pk{tﬁﬁww | The§ﬁg?|%°”ﬂﬂff”lco‘i‘espﬁpt'°ns and

' funet%ﬁél%r@n{bﬁf?c tBfescAtaliBitiChre GRS ﬁiélaﬁé LS $3D!ho§él lel@acmltﬁe data

based on the categorization of t [
ProgeRsIng 710 BONRY MSShETSSOIaY BRSBoR R HEC b Gers skiled in

the\dtl AR algRkilHeVg HRF& aﬁlﬂ@e’n@ﬂaﬂﬁ )tob)cfel\leﬂnd) be Iatsle}f-coﬁﬁstent sequence
resen ed in ter rith d functj ona

of tp@pqegg {egt.llit Tﬁ@%geps are ose requiring physuca manlpulatlons

of phys:cai guantities, such as electrical, magnetic or optical signals capable of being

stored, transferred; combined, compared, and otherwise manipulated.

Unless specifically stated otherwise, and as apparent from the following, it wili be
appreciated that throughout the present specification, discussions utilizing terms such as
“estimating”, “calculating”, “determining’, “performing”, “generating”®, ‘“initializing”,
“outputting”, or the like, refer to the action and processes of a computer system, or
similar electronic device, that manipulates and transforms data represented as physical

quantities within the computer system into other data similarly represented as physical -
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operations on data within a conputer nenory. These

al gorithm c descriptions and functional or synbolic
representations are the neans used by those skilled
"in the data processing arts to convey nost '
effectively the substance of their work to others
skilled in the art. An algdrithmis here, and
generally, conceived to be a sel f-consistent sequence

q“agftée Wi@eqﬁ%qc(ﬁﬁ%: gst'g%?& ggﬁih%gﬂqf%ru%y o g}loggge Y f8%ission or

dispaydaveab. quantities, such as electrical, magnetic or
opti cal signals capable of being stored,
transferred, conbined, conpared, and ot herw se
manihsutresend spedificatien alpedistipess dnpartust fetlpertdimingi tse operations

“of tﬁ@%e%d@{ﬁ?%ﬁt%ﬁgarfafu% dh% {i:%'ciaﬂs)’\écﬂﬁtruétéd ¥ e RGuiredPurposes,

appreciate present
or r9pe ePMpiisst # ganeral BgnesH @m’gquen ¢n otherdaviserpslestivaly gefivated or

recorﬁ@hl‘eﬁaw %gcomp&t@} Erdcat Ngored” HEhBr S8R The algorithms and
ormeﬁgherel@ generati ng' initializing

d'sp'%t%%ecn.t rare pet iphgrantly, refatgd t@@wweﬂ&ekr §PMeier or other

appRfAGL STaFouRf géné?@l”%h%%esh‘éblﬁms Qhay DeMubsd W|th programs in
el ectroni ¢ device ulates and tran

accgglpace Wi K@é?ﬁ%‘a“géé‘elfﬂ'&é't@%\a V%Q?ﬁ?"d’?‘é‘éc ian Pﬁmﬁret $peoialized
app@fmwﬁaqjerréyﬁ tf%’fﬂelqﬁ“('em @bihed stk anayi e dpprdpyiatee The sBdteE of a

congent BN G o) B HRAH G s Pl areh Bort e ERgptS bk ©"

di spl ay devices. The present specification also

ot 61 8RR 08 P Bt TR BBl e
prog;ramsﬁrr that & avolilor bet hpparenjutd thedpeyserposies, in tior arthat the individual
step‘):soF[lp %%ﬁetﬁocggg%@g? E%Fé?ﬁ’%?a Ctgegﬁytt ififo Q#C?cgw%m 8t\é|r %Sde The

Ive ure
rrpm@grpmgramm gel intenderbtocenijsuitesrto anm earap@@rrwrpnrﬁmnanmlanguage

anddﬁﬁpﬁérﬂéérﬁaﬁgneg%{?&ﬁd N QiIEHE %ﬁec%&éd 'tﬂ&eée\ffgrﬂe 516 | #dfahming

to an partl mput er or ot her ppara

language® a@d @&mfﬁereanmwe uged i iﬁ@?mﬁaythséeawws\m thig disclosure

conBirRE RSin] Mo%v%%&ﬁ‘ﬁ&ﬂer%r@éhhh? nbEREALEY R BElifitdY to any
Al'ternatively, the construction of nore specialized

parfigyles capial flow EB?'PO@% B FHRRFYATEE!S A {hfo BOraRUiRSPRGRAM, avhich

candRB dHefdratentrol NEwSWithitl HEFareg flom SRIIYENDI Pk oBBB fivahtion.
pur pose conputer will appear fromthe description

bel ow. In addition, the present specification also

[ ﬁmdnﬁéﬂﬂlotedbﬁélldismrea of AP Witdss ofl thep cargpatsn pirdgrérhamay'be
periimd Pt RO sLenEhar IR st HntEni e Sores
on hey edomputy feedaile mediumefThe ctontiputer oepddbée roatien Mle include
storage devices such as magnetic or optiéal 'disks, memory chips, or other storage
devices suitable for interfacing with a general purpose computer. The computer readable
medium may also include a hard-wired medium such as exemplified in the Internet
system, or wireless medium such as exemplified in the GSM mobile telephone system.
The computer program when loaded and executed on such a general-purpose computer

effectively results in an apparafus that implements the steps of the preferred method.
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conmputer programis not intended to be limted to any
particul ar programm ng | anguage and inplenentation
thereof. It will be appreciated that a variety of
progranmm ng | anguages and codi ng thereof may be used
to i nplenment the teachings of the disclosure 20
cont ai ned herein. Moreover 2t he conputer programis
not intended to be limted to any particular contro

or obfie e eR e SYER ofSbe Grri e R RSP g criented on

a cmmbbteutsysﬂanarzoo nechbrraticallyeshepniin Figore $2 ofienaf be meplemented

i nyentiaon. Furthernnre 0 r St f
25 R B R oP CaT AN g R s e i e, Rpmputer
sysiteat hQDOt dahinstoetgt thaldoynpuiu clystent d2ffiltceconsiuet) thenmetingd of
thbe St % e y conputer readable nedium The
e SXamp e & ba 5 ! . ‘ .
conp fea e medium may include storage devices
such as nagnetlc or optical disks, nenory chips, or

Ot Mle %B &g% Cffo0S Hbltﬂﬁh%] faof:or’n?ﬁtgf frﬁ&dtﬂ@ ‘V?_‘Och input

enera e co r eadab

se conputer
mostdes ammas/a krbhoarh PO EnAioupa 1906 R AeIraIRy ST eMpudevices
&?%!?B.bﬁlh?%bé‘ atnhepnhfétra@m@t 30 system or wireless
medi um such as exenplified in the GSM nobil e
t el ephone system The conputer program when | oaded

andTr%@&HﬁS:ﬁQr RIRAEMCIR02 BRBAREed W RREMPURIMIEhesK 1212 via a
effective results in an appar at us that

sufehle. SPRIENGT EHEC T e s ISR FGSS 19 & §n st Aoa 2h pther
netibid Si¥tedis $Uth RXNTAl AreaMadbRDANT el Arsal NSTROHKEEVAN).
on a conputer system 1200, schematically shown in
Figure 12. It may be inplenented as software, such
as Pheebpplier ngduly da0Dean nige exampleecidcdédianptdeessor 1218, a

T

corapited imenke. 12U26alsm3rrpmces as enben df200utéutputi /€8 Ilaterfaces for

o B BR85Sty ety 12 o v

kthQamJQQﬂew ces such as a display 1208 and printer
1210 10 The conputer nodule 1202 is connected to a
uter network 1212 via a suitable transceiver )
dev escarppanenfsooleihg sorpater 8eduiey 1204 typicRlly FRBIRIREYIa an

mté?&&ﬁ’fecter(‘,iq;déolrﬁB DAL BEnSiHEh kﬁ&vﬁ-ﬁﬁtﬁe pAFRA NBEWG the relevant
rt( or Wde Area Network (WAN).
art.

The application program is typically supplied to the user of the computer
system 1200 encoded on a data storage medium such as a CD-ROM or flash
memory carrier and read utilising a corresponding data storage medium drive of a
data storage device 1230. The application program is read and controlled in its
execution by the processor 1218. Intermediaie storage of program data maybe
accomplished using RAM 1220.

In a typical scene, humans usually stand and walk on the ground surface. Let h,
represent the human appearance observed from a tilt angle a to the scene. Equation (1)

can be written as
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15 The conputer nodule 1202 in the exanple includes a
processor 1218, a Random Access Menory (RAM 1220
.and a Read Only Menory (ROM 1222. The conputer
nodul e 1202 al so i ncludes a nunber of [ nput/Qutput
(1/O interfaces, for exanple I/Ointerface 1224 to
the display 1208, and I/ O imgterface 1226 to the
keyboard 1204. 20 The conponents of the conputer
nodul e 1202 typically communi cate via-an
I nterconnected bus 1228 and in-a manner known to the

perpgnxsw,)lzlﬁgmaﬁﬁ(hgme(lg@ﬁant art. 25 The (2)

appllc I on prdg’r}amls ‘fypl cally supplied to the user

of AdMioha H&%rrdlngc'ﬁ)% £Rkidn ) encoded on a data

storage medrum suth as a CD-ROMor flash nenory
carrier and read utilising a corresponding data

sto ge device 12303
Thepgg%{ﬁﬁg%gghg @%g |sfreagsand ?ontrolled in |§g
execution by the processor 1218. Internedi ate storage
of r ram dat g 30 ac lishe S
o ABrcathe Ghimgia & Aok s RET A OIS PR Ty S dren firne scene
can\llq\@é het@ﬂmhé‘tﬁ Tgkwdloﬁmdamca}d drizintdtian Iol’ apnn&aarﬁb}etchm an image
n. appear,ance opserve rom
areg%@rg!neggﬂﬂheé% ﬁ? f%ngﬁ ol eegr\%,lnci’1 ?lgﬁ: a%i%dlﬁg,?q {h% N %Fctlve
projertion. ajegx,nm(tl‘%( foot po:titidraof(s,hum)ayl obxt inf an dhage. The scale and

onq/é\dq%oa ﬂ}f( grésa Sy dl ng? £apyoe aycfe?%;?rﬂhel(dga\{éo?wipcj St 33\cc0rdmg to
d
hum?%W§§r|8§ ﬁ’ﬁ? ﬂ%npefr%?eci %exgrgi?g{rl]ogetr&%*:o?‘rﬂgt%n f}ﬂ? thi's %rc?fa tﬂﬂ%ﬁ] it can

be psxsimeddingt scal e and orientation of a human obJect in
an imge are determ ned by where he stands on the
ground surface according to the perspective 10
projection. Let XJ], bﬂ?xt:hf foot position of a human
obj €6t #"xﬂoxérhxy)ma wgs cale and orientation of tHK&
person in the i gb can e determ ned as oxfand sxf
according to '

Combining Equations (1) and (4), the probability of observing a human standing

at x;in an image becomes
P(,x, | K)o P(I{ B, (s, ,05 )% ) ®)

Figure 2 shows perspective of human objects 202 in a scene 200 at various
positions. It can be seen that, at any given tilt angle, the size ahd orientation of the
human objects 202 change depending on the respective positions in the scene. From
Equation 5, once the perspective of human objects 202 in the scene 200 is obtained, it
may be possible to detect human object at each position in the image with a human
appearance model of known scale and orientation for a specific camera tilt angle to the

scene.

The perspective of human objects in a scene (i.e. Equation (4)) also provides a

spatial constraint of human objects in the scene. It provides a way to transform the
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human netrics and the perspective projection

transformation for the scene. Then, it can be

assumed that 15 P(ha(sx,o0.)Ixf)=r1, ifx=xf (4) i10,

ot herw se Conbi ni ng Equations (1) and (4), the :

probability of observing a human standing at xr in

an i mage becones 20 P(I,xf 14 h) oc P(I

ha(sx,,ox,),xf) (5) Figure 2 shows perspective of

human obj ec at _various
IMage SaEs YR e“{ o ac%ﬁe%‘é‘”?e@ﬁcﬁ?a{f s Phypieal TS HGRIe T Mt respect to
hun@drg refricsh ¢len e eit asad pmwemtvatw onpwfant kkentekiuimfonmetigre bt srerify

202 han nd| pQS n
forg g CaRE el st reg SR RE b, AR dBar -
relatdd dutivities iobheesese 202 in the scene 200 is obtained, it

may. be possible to detect human object at each

position . in the irrage vvith a human appearance nodel

of )

1 1 Sy o (IR PR e Bl P A lon of
hurodm |e<messdene An sheeas}err(ole mbdﬁquatt; tmno Afdsppctilesuojpetioninthesls are

pati al constraint ofﬁg]kman ecttsskn tEe scene. d

PfOV‘Pe%rBKV? &@&PS%PWC{% SOTHE hGe 152NS Gigken from a word
codTBARRE 5RTBR o @fe ithab8 CESEREIRMNrPRd. €&ing! HonidgenddilédobRiinates, let
.. measurenment with respect to human netrics. -Hence, it

X =bh. Io7dVi de @epgini ipod tigAk woslt eerdinateo syemonl heo projection
rif for seg L Y,
b, BB P, st

obtaigéd ¥é ki-€8/4andt e jSeene. 5 Human perspective context
(HPC) is the know edge of perspective proj ection of

human in cen t men t WO

or dh i XY ek Bie ofuifb SuTEsat bs 5T GUHIRILS 4 &SN can be
derfb?éoSQ@%t 'NH@( A eShbLY Aot eldTBRESIGNE® it Homa) BeMBRloPEY. The

froma WorTd "coordi nate systemto the i mage

oS0 g P L 0 AP IRIERLS PO gy e <
plara% Fré?ls’é@%g\\y%dg% {ti%] plaké]qt%b% %ﬁﬁ%é (Waaéi Sth%li Isi‘f“: |r 'o}? % where

both H; and H, are 3 x 3 matrices. It should be noted that for a standing person, the foot

location on the ground plane corresponds to exactly one location in the head plane such

that X = ih. The transformation can be expressed as

X, =H,X, and X, = H,X, (6)
where H,, =H,H,; and H,= H,H,' are 3 x 3 mafrices and

HyH,=H,H, =I.

As will be appreciated by a person skilled in the art, the linear mapping of H,, or

H , is called the homology between two parallel planes in real world. The homology can

also be derived from e.g. the plane vanishing horizon, the vertical vanishing point and

the physical distance between the two planes in the scene.
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obt ai ned as x=x/zand y=y/z. Let the XY plane be the
ground surface. The foot position of a person can be
15 denoted as Xf = [X Y,QT . Since Z =0, the 3rd
colum in H may be renpved. The perspective
projection beconmes xf =H% with if =[X VY, 1]T.
Simlarly, if the XY planesis translated upwards to
the plane Ievel with the head, then xh = HhXh where
both Hf and H' are 3 x 3 matrices. It should be noted
that .for a standing person, the foot | ocati on on the

? Lg:lfz%ggrg !t Squ]lgpégé{ge te%gmt {Qgtg ach @ls%g:(%{ except \M’]Ql’] the

hithatf thamdad fol
carﬁerrglrkc'f)@ﬁg?% wher e H%&X;gr ﬁ%a%%dqganr%hﬁch = I-tIPHh aarp ane s

projgcted 3ntnethe varishinghboriz2p ardfidbasemesisiaplar. &ingg path tﬂ‘éf and Hp,

FRELECHRL DA AT L S St 8 pgnc

sysiéﬂ’is\/\/ﬁ%ncém&a pakiabh flay Pedintiediby dediay. mwaddtion, 'ﬁh@chleve a large
honol ogy can also be derived fro

depiin Ap\SHindRy tROFFERIR, MEhEe \}%%‘%'ﬁeéaﬂ'meg]rﬂ°§%‘?rﬁﬂ'ypb$ 1P gnate e

: c[o{e&otzg% HYRh %Qeesd ihatrastes hB&d H@ﬁélo@@@mb%ﬁotﬂie@“uﬂ%lé n

scene. Further, it will be appreciated that
foots " head honol ogi es exi st except when t he canera
ARt BeIHBE iASarlitiel 6BstaR) BB sBHE Phappin
tha “ﬂ%&gwghegp'gﬁe S 6r@Jected Into the vgﬁls |ngpp 9
is ub@i for @mamﬂld ah{;lesb eeaheen & Figuled, when ﬂmecaumrmhlt-mmg close to
i nvol veHnh, the foot <i

0" (i BPW S0P 00 ed G MLBTsFs 2DF PR TR LR AL e Hge0e plane.

Let ggﬂ@{k% AR I'oeé'{loﬂ%YthtéQra'nisﬁhb Beridin i &iel imBge, dnfl s, and s, be the

dition, to achieve a arge depth coverage, the .
helgm:’.mf a paayorb etandmt; aat| @@ltlahm @neori @o’fht? dmpge respectivelye The

n close to zero;: I)n SH S
cortegBATSineh B5e8 RERT Bor Bs P Mot D80 STP o rofO Ty or smier
tna%mhz%; %J’f‘aﬁ@l Aﬁfefﬂy é'd’tﬁﬁbiﬁlehbﬂﬂﬁn Ijl;d:e?l s 0fy, sendreas is the
posi t 10"i's used for small tilt angl es.

scams (rmhm amh yFneg mee correspRBding rertieantorh pesifiqn ahgﬂee'm@e The
| ose to 100), the upright
sca mgﬂfﬁgﬁgggggfﬁégﬁggggpéf to the i mage pl ane.

Let yo be the vertical |ocation of the vani shing

hor i zgp ynaﬁ@?,kﬁg § and s, and s2 be the heights(?)
of a pé?s%n st andi g at positions yf and y2 in the
I mage respectively. The

where § =[s,1]° end' ¥, =l 1.

In the example embodiment, the two models, i.e. foot<> head homologies as
defined in Equation '(6) and scale<> position mapping as defined in Equation (7), are
used to describe human perspective context for tilt angles varying from 0° to 50° in

surveillance.

Figure 4 shows schematic diagrams of perspective of a scene as observed from
(a) a large angle, (b) a small angle and (c) a near-zero angle respectively. It can be seen

that when observed from a 'Iarge tilt angle (Figure 4a), the vertical ranges of both head
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correspondi ng head positions are yh and y''

According to the relations for simlar 15 triangles
Ayy'fy'' and Ayyfy;" it is possible to obtain yf
=kss+yo, where s is the scale (height) and yf is the
correspondi ng vertical foot position in the imge.
The scal ea position nmappi Rgs can be expressed as

s= n]fyf and yf=nf,s (7) 20 where s=[s,1]' and y f

J 1'. In the e lLe e 3 nment, the two m)?els(jI ¢
anch o3 Poppisof 1 BTG P A7 T =10R drthe, gE1eP MRy BRITP ose o
far péultiond th tﬁé%b@t’rb MUPSaver, aRe B&lypcbrhagtaﬁensjleéarmlmjleﬁrand right edges
or e Sl e s St ot b g GRS B MR o g e grte
is nefr 1efo (Figur elic), Itraxmmlcdﬂr@meeafmea& oms’clcmshelliw im@ge is much less
o yAILE Do BRr ARG bRl AT AA=OR SREY SFerhitR aue to
the neffett o perspadive beesme cinangiial:. H¢Itcec #nhdse beerefecogoisethdy the
when ny [
g0 P BRI ot aRy s ot aRafe6e0 B idtebing HPC
differestititiangies.of a person in the inmge are large if the
person noves fromclose to far positions in the

~scene. Moreover, the body orientations near the |eft
andBased n they g@ggnmn imibeiexamgele @noedimegt dhg ¢amexa tilt angles are

class fllfeﬁ Glto Q'Treepé’d'tééb‘?l%% li\eClardd) sﬁnBﬁ3 Pt Mehr-ARs Gngl&@ Gl'lhetri}@es of the
ngl IS near zero ure4 %Jvertlgei hould
angﬂ%ﬁg@thefcaﬂ?eardﬁwguabpl&r?é r a%dﬁ) ERPCHely- di shou
be bpBciktBatnffa auh@reﬁpﬁ&rﬁmwdlm@' éaaégonagaha iofflegeritlangle ranges
variations in body orientation due to the effect of

maybe §9j8eed-ve becone marginal. Hence, it has been
recognlsed by the inventors that different nodels

st-‘f ‘%ﬁ‘aﬂt%gf % ﬁiﬁsqqg[ ¥ adéf? %;gta rﬁ%b’ %agee 4 org ﬁ ﬁrﬁln%lﬂcj:sng g HE’ %ouettes
Q. er ﬁﬁap;gﬁ)l $fi Himani saniphes ancavptical distiibdiionsndf, heati @nd dodd riwsitions of

are classified into three categories,
hurparésampg%dg e'Fr}:?PF and near-zero angles. The ranges

of the angl es for the cat egori es are about 25 - 50,

appr hén a{;b%r%d c?n Hﬁ%&f}?éérﬁéﬁjtamguwglé hRY gﬂjnougﬁes of a standing or
walkiag epposdre sreadifferdint, f eapeeigllva ifg pg)qchﬁ@:% %gheb@ther hand when

obscéﬁjeﬂcﬁ'&q a fixed camera ftilt angle, the human silhouettes may vary due to
variations of view angles to the body (e.g. the front view or the side view). To estimate
the camera ti!t.angle from the silhouettes of observed human samples, the shape feature
is preferably able to distinguish the human shape variations caused by the change of the
camera tilt angle“from those caused by the variations of human poses and view angles
to the bodies.

In the example embodiment, three shape features are employed on the
silhouettes of human samples obtained from e.g. background subtraction. Firstly, a
moment-based shape descriptor captures the shape features of different poses of stand-
ing and walking persons. A head - shoulder width ratio can then be used to distinguish

side view from front view. In a front view, the head - shoulder width ratio is smali (=1/3),



10

15

20

25

- hunagryghapeesan. reflest dhg cameTd fityangie §Mé'?t39r€‘ ing t

15 The canera tilt angle can be estimted based on
visual clues e.g. silhouettes (i.e. shapes) of hunman
sanpl es and vertical distributions of head and f oot
positions of human sanples in the imge. 20 Wen
observed fromdifferent canmera tilt angles, the
sil houettes of a standing a7 wal king person are
~different, especially in aspect ratios. On the other
hand, when observed froma fixed -canera tilt angle,
buttifiSeddthdB Narg I(F et & @Rl inaargﬁ darﬁlyl 8 aspeut iratioi qsmam uﬂfserved
view angles to the body S e front ¥%eM/or
r@p@ctfrﬁ%head -
shoﬁ.lrc'i%r WD ST 4rfRBm8 eﬁ’l@?r% ‘é%‘ﬂaﬂéif@ﬂlré auB! Sl E@ﬁdlﬁ@ 8PRalking
eature 25 1s preferably able to distingulsh
perbensain thhapeney aani beiresrgnseadised thy Coﬂﬁ@amabﬂj\@eejf theh@mera tilt

| le f h by th
e T G SRR SR KRy BSOS nd bodi ee. i Che

exanpl e enbodi nent, three shape features are enpl oyed
on tHee2ndBOrdet Inhmn@ﬂs eshioh dneinmaristnol Ea"lsﬂinbaiarrﬂdsdahmn are

el RESASERLTE SHILE 3 B hh YRR ten

sﬂhguétfeeﬁ?&ﬁ”an@%%[% 9f bk B %xel Mtha elaye kit @f BeHtSP Afomehts are
- shoulder Width.ratio can then be used to

com;ht&daﬁgwsh side view fromfront view. In a front
Vi ew, sh wdth ratio is small
(- 14”3)‘2(75 @@yli’)g@ﬁé’ s large (=1) for a side vi&\
i mage. 4 stIy a aspect ratio of an observed human

shapere g%, JEf kefe bhRitf aRla df the afgpee. Udly equatlon (8) the
integrating the aspect ratio, head - shoul der width

normatised, 2"aordeneaniyat momants age Céﬂilaﬁéaiﬁ eature clue, single

standi ng or wal king persons in the scene can be
recognlsed and the correl ati on between the canera

tilt gle an Sﬁ observ unan shapes can be

chaﬁae , 26 moments, which are (9)
i nvaria totr Iat|on| nd scaling, are enployed

to \gl%ﬁ'grﬂ?k??thte@?ze ﬂ%e&a i sol at ed standi ng and

ersons. ven a silhouette R(x) and
X= [x y] bei ng a pi xel |n the i mage, a set of central

rFﬂ‘&t aspl ter An& RN §RuRSr Fidith ratic afXobtaired fiof the horizontal
and \\Qart!ca(l prOJectlons of the human silhouette. From the projection of R on the
horizontal axis, the left and right ends x; and X, can be obtained, and from the prolectlon
on the vertical axis, the top and bottom ends y; and y;, can be obtained. Preferably, the
tails on both sides of a histogram of x or y values are cut at 10% of the peak height to be
robust to noise and shape details. The aspect ratio of the fwo-dimensional (2D) shape is
computed as r, = (x, - x;} / (v: - y»). For a standing person, the neck position can be
assumed to be at 81% of the height from the foot. The average widths of head and
shoulder (w;, and wy) can be computed from the sithouette parts over and below the neck

position. The head-shoulder width ratio is obtained as r,s = wy, / ws. The feature vector

from an individual shape is defined as v=[r,,7, .0.6,.0;]
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(x,Y) where. [Y,y]T is the gravity centre of the

shape. Using equation (8) the nornalised 2nd-order

central nmonments are defined as A - , P20 Fio2 15 A =

IRl 02 = IR , 03 =1R (9) where IRSis the size of

the shape. The aspect ratio and head - shoul der wi dth

rati o are obtained fromthgghorizontal and vertical

proj ections of the human sil houette. Fromthe

projection of Ron the 20 horizontal axis, the left

andt fastdendautil by, thamtlektor<that the shbpeafeattks amdirikofor human

the projection on the vertical ,axis, the top and .
sarmples, ShrebigTof caimia fb 2BdlRs BEMGSERI cad ReakpBion frtgories due

i } i 2% F nunfdh Bodies. The

to @“Eﬁbeé"‘i'?él et %ﬂ%leg%fhﬁ%gfﬁop?%%a%%aﬁi E%ir ght to be
measiersénts dronotheelarpe’ eHiegaey. deaveves arg sgnifisprdlyt differento Hence,
Sl SRk L ERS00 i 8B ELRRC oo OB St gl s
(ind\RKly RRSI-24roN BRTRrdilt2 2nges udRded Oababaiit 85%inf tHeh@xample

hei ght fromthe foot. The average w dths of head, and
emiegimeite Howgvera f avilg arpinaciaied st piere Basses P fig used in different

L . L _

emirREHE IhBRBTS e CRh (R el B M ERE RBlerd B IO Betogorics
or minged. We mufiiveridte dtauseian ds teprployed can the nodil fprdeadh class. The

ha is define s. v=[ra, G, ... P -1 It S
mufaRie GRHEFBY PERES, (N Gr Stk L T B8 S Paeglel from
offiRE Qrafiinyg SAhpléD wHEHTENisSABThEH WletR anad fig @i® cvaBdrte matrix.

tilt angles of the "small" and "near-zero" categorjes

Onegthe modaly bayrheery obipigRe. thRyRe BsedaMiBe i@ divek el estimate the
, [ [ h
carpity S D Coos B RRE ipielEor TRASM SRELLE, | FiRsonted
by tHafuie vensr. v, Henitelihdodhud Walvei sd alpresveslrfeont atcegera titeglenefdhe
two cl asses corresponding to |large and smal |
claggificl udi ng near-zero) camera tilt angles divided at
about 25 in the exanple enbodi nent. However, it wll
be apprecilat ed tqat nore classes can be used in
difp tle dinentsyyHpglygdiing one cl ass for eaclf10)
of %E@%? _é%/élsﬁjf Qarwne?z) tzi' I@f ggjl e categories or.
ranges. A'nultivariate Gaussian is enployed as the
nodel for each class. The 10 nultivariate Gaussian
nodels (i.e. N (v'E),i=1,2) can be obtained
sepag@ked ¥hbwoBhapes of human objects obtained from example images of

various scenes. The top row shows images captured by the camera while the bottom
row shows sithouettes of human objects obtained after a background subtraction of the
respective scenes. The camera tilt angles progressively decrease from the left-most
image to the right-most image. As can be seen from Figure 5, both the top and bottom

positions of the sithouettes are widely distributed at large tilt angles, e.g. in image 502,

“but the top positions of the silhouettes become increasingly level as the filt angle

decreases, e.g. in image 504. A comparison between vertical extents of head and foot
positions in the image recorded from a large number of observed humans may thus

provide a global-level clue about the camera tiit angle.
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of fline training sanples, where v, is the nmean vector
and E, is the covariance matrix. Once the nodels
have been obtained, they are used online (i.e. live)
to estimate the canera tilt angle from observed
human sanpl es. For a human sil houette R represented
by feature vector v, the |ifgelihood of R being
. observed froma canera tilt angle of the P* 15 cl ass
is P(v)cc 112 exp[-Z(v-v,) E (v-V,)] (10) E 20 .
- Fi drrige exahgvenbbaipest, afnelrmmaﬁsmiaj o) histdraing @f véntiosh head

. exanpl e i mages of various scenes,- The top row s
and feages iennpiaeaeIBiech fee Baifar BRSO ENSUBRITE /O Agtais of

theW(E%aﬁg b E%Hﬁltstlcfe% Phe :Q@e@ ot e ‘P@E@bﬁ‘@ﬂ)o@ﬁ&ﬁfon@ can be

round subtraction o respective scenes. The
obteiag® na o, iahd dan@pestwpwgtde@m vferdh ddcis salsulatedo fyrtigs, a linear

fozggmRpeHiPeD SPRYS 1 BtRba e 4 Behern s osk e Ve of

obtBREH! Figie ©fshbhe nSérhlﬁé?'bfﬁ;B tf@&tl&isﬁfthH@Bytllﬂ madgle i datdgedes with
at large tilt angles, i mage 502, . but the to

respedte fheraticef verlisaLdistHonfionr 8o b BFAS KPR PRl where j =
1, ?O}e a?or Ig%’i’ i dan2Rg Geadifs qu%le Ralgolidd ?é%ggge[y. The

son between vertical extents of
palamétefrs)t’mt I+ [@bas ghoonsn Figuten@mayrag deteadivediedpificalish a
| ar ge nunber of observed humans may thus provide a
gIobaI-IeveI cl ue about the canmera tilt angle. 30 19
t exa I
h| s'lnhtg? ?E{I‘erﬁu ca Eahag%dﬁérﬁr%ﬁ g‘deg;b? tolb%r%tgqnd head/foot

poﬂﬁﬂ@ ro’ﬂaﬁﬂhrgér hemeat af eayiplbe ar@fcbmbdednyBy Iuslng ahé rmynengshape
10%tails of the histograns on baoth s

mogelr s3raries phingjated @nd Myalkines BYMaNsCaN & °b6%§?°f .%h?@%&%*@e jth
for%%lﬁ'lldqg%c?ﬁetgct fjt irfid t ar'ide§ %%'sﬁ@éé/feétﬂﬂa Vetdr af # &f recognized

I'S ca Furt her, linear 5 fuzzy
as nmtmmqbrpwialtmg marswlefor poe @étthsgtm @@sepﬁ alegeiibed aboye.tie. 37,

ngl rom he e
PG Ter Wi T e e Brobehly gt yiien 1, 84 fufiat BB, A
larg¥ thReshbBSTES Beouddagorget igood bargles siaed ablirglani umtplenmay be
ranges of head and foot in which Q where j = 1, 2,
avadlablfe for |arge, small and near-zero tilt angle
categories respectively. The paraneters for rf

rati os shown in Figure 6 may be determn ned
enphftércalslifficient number M (e.g. at least 100) of human samples have been

collected, the likelihood for the jth category of camera tilt angles from visual clue of
human shapés is calculated as L, = (I/M)ZmP_,. (v,), where j=1,2, 3 and Ps() = Px().
The likelihood for the fth category of camera tilt angles from visual clue of headfoot
positions of the M samples can be obtained as Q. The category of the camera tilt angle
is estimaied as

a= argmax{L +Q} (11)

J=h.2.3]

With the estimated category of the camera it angle, the sample set of M

observed humans is further filtered by the corresponding human shape model
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10 In the exanpl e enbodi ment, visual clues from
shapes of objects and headffoot positions of a |large
nunber of sanples are conbi ned. By using the human
shape nodel, sanples of isolated and wal ki ng humans
can be obtained. Let R (x) be the jth foreground
object detected at tinet apd vj be its shape feature
vector. If it is recognized 15 as a standing or
wal ki ng person for one of the two cl asses descri bed
N,BPO¥8), Thelschicted Nidaviples (WhereWel® sdisijing R, (pr-eEhavedused to
r‘obability, it is selected as one human sanple. A
detérmingethe hueshebupagive apntd of edcere-get good sanpl es
si nce abundant sanples nay be available. 20 After a
sufficient nunber M (e.g. at least 100) of human
sarmé@g 7ENRs RERaile8 FoWBRAre w0 bhemetticaItd Batedorisera tdiRera tilt
jth Category of canera tilt angles fromvisual clue
angtd for Heteaninish ap@megtl\@a:r@aq:t@né@pd&b Such a n(eif}qvp Bayhg Gafjied out
R I
ontpg A1 et v iPe SIS F¥fiea TR AL gt 20 Bdearoune
subtriastioal is dppkedio hteadzﬁgjeotlbm the scénco ifd stﬁp T07e hvireargaimetes are

i p SR ace e G he farget ol Ui AR .
hurharﬂagjélﬁ # |¥VaHBec§ Ii@aee?a'hﬁﬂ@tsétd A¢ atepOTogy aftbr b RRffeRABh@Mber of

'e, the sanple set of M 30 observed humans
humaﬂ éammle@arefoblta‘lmﬂbd gy sarhile selr hesiaaen Hyandaigrratagapeed into

E
BBy Mg el S LAy
‘carRetTBI=RESIEPFEL | e perpLeive mwhjedtion nswiehis. esﬁimglled drom the human

shows a detailed flowchart 700 Ofef met hod t
sargrRlee grSteRe’ ¥ g’ﬁrﬁ_ﬂ’%?e@i"fetproiﬁc“é’i’?d?‘éj ﬁrdetfé'f‘@feﬂ‘n ning a
perspective projection nodel. Such a nethod may be
carried out online (i.e. live) when the surveillance
systemis started up. At step 702, background
subtraction is applied to an image fromthe scene. At
step 704, human sanples are detected fromthe
foreground regions (he, silhouett es). { .St 06, ,if. .
t heDatn |REERionas ARPisd IHiRAR REfFESE © "?OF_eriA%S“a‘ag@thr Slefprmining
theSIRITUrepSShecti®® cSAtBR JfORe sBbAL stdd $Hi).f Thd @pprofsHTRe4n Mdrative

process which contains two general steps in each iteration: model estimation (ME) and

data tuning (DT). The first step generates a linear model of the perspective for humans

| from the updated sample data by using the least-square estimation, while the second

step predicts and updates the sample data according to the obtained model. When the
iterative process converges, the HPC model is obtained from predicted ideal sample
data. |

Let (u,v) be a pair of observed data from a person. For foot< head homologies,
the pair of data is the observed foot and head positions of a person in the image, i.e.
(u,v)= ('xf,x,,), and for scale < position mappings, the pair of data is the observed
vertical foot position and the height of the person in the image, i.e. (u,v)=(y;. k).

Further, let the pair of the mappings between the observed data be H, and H,, ie.
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10 human sanples are obtained in the sanple set; the
canera tilt angle is categorised into one of |arge,
smal | or near-zero categories. At step 710, further

“sanple filtering is carried out. At step 712, the
perspective projection nodel is estimted fromthe
human sanples. At step 714, the perspective
projection nodel is determined. 15 Data correction is
applied into the process of nodel estinmation for

v =d@LL6R Ni P,y t F6r uidrheparpetigiese B el £xdndofl, £HF¢ ,, and for
scene éstep 712) The approach is an iterative :

jonATaeRings et Bsr 80 Byen@ral steps in each

|terat|on nodel estimation (ME) and 20 data tuning
(DT). The first step generates a |inear nodel of the
persReRitididsidnOlet iTBAEset UeOfp LieY upiea} ed ? é”ﬂieef rékaitaRation),
by using the [ east-square estinmafion,

ands@weight wstoepnipyl th datatuaing. updat es t he sanpl e data
according to the obtained nodel. Wien the iterative
process converges, the HPC nodel is obtained from
pr eﬁjelb @ qgrﬂ!ateé | a P& 17 ik t('ariéfo‘ﬁ)naﬁ%ﬁm FadRlel are

observed dat ma pérson. For footer
gedmtedi trgmeuae datalset {aam }ﬁfusdm faeuieast he-!aa@eehrm%t@nfm@hod From

the(rﬂo 1( Er?c? %‘ of' iﬁg{rar&f Jh% &é%ﬁcft%ég%%gap%ﬂengaiculated as

v/ L paddg pf qufﬁ»a cemb|hmgaﬁ>@eﬁseacéd angirdrédieted tiatal the ideal data
p03|t| on and t'he hei ght of the person in the image,
can hegestimgtedgs aweighted 3Yﬂr399 sychitb¥er, 1 et the pair of
t he mappi ngs between the observed data be H and H2,
i.e. 21 v = Hp and u = Hv. For foot<::> head
hongl/tgt @s-m, b;l;ﬂ;a)bﬂqof and H2 = Hlh, and for scal eds>
posHLon mappji;ngs, (H, =mf and H2 =nf=. For
|n|t JalF ¢ %at’”b@m'*%et the dataset be {,11,v/}f1 with j
O (i.e. the first iteration), 5 and a weight wo to
control the data tuning. Iteratively, estimates H'

qerertion B DRE e (BIBNRGPLL ) T VSkF B8 ok to provent

the'c%@é?noﬁﬂ? aAbE 7 Siviafioirothe repiginabposkion whehHise tranﬁd)rmdtilbns have
and HZ of the transformation, the predicte

notc hgcoen stalilea sThep difergnee lpetw%qldthe & timategb\;la% o? the %Lo Iatest
|ter§fRfFE'thr6gd LhsdoRserved and predi ct ed data, the ideal

can be estimated as a \NEI ghted average such
t hat
sl o -og-l)z] (19)
N - ] I

The iteration is terminated once a predetermined condition, e.g. Dis12 D (i.e. the
difference has reached a minimum as a result of convergence), or j > 5, is satisfied. If
the difference does not reach a minimum, the weight is adjusted as w;, =y w;.1 where y
<1 (e.g. v =0.7), and j is set as j+1 for the next iteration. When the algorithm terminates,
the refined samples are close to the virtual ideal positions. The linear transformation
matrices obtained from the virtual ideal data become the perspective models for humans

in the scene.



10

15

20

25

30

15 P, +1=(1-w,)A, +wj'UO0 (12) v +1 = (1- w)D,"' +
O)w,. In Equation (12), the original observation
(,,v,) is used as a dock to prevent the data noving
too far away fromthe original position when the:
transformati ons have 20 not becone stable. The

di fference between the estiopated data of the two

| atest iterations can be defined as D.=Ntla'_F2;
11+(0 1 j -yl1j-1)21 (13) 25 The iteration is

term nated once a predeterm ned condition, e.g. D;+1
> D; (i.e. the difference has reached a m ni num as
a ridgurk t8ASIB sloow éhegpertoenanasr ofj the ME-DT salgpsithing fon eginthgfic data

it U5 L RERRC288 8] 14 3AChgrgl Bghl A0 on. o
nor@alfded &rét bf the S&timalien] (¥drtiEAraxidpas Notted it it .noise level
Wien the algorithmterm nates, the refined sanmples
(hosgastat |ayise Lies B2 (with paints; eeal S5 iApf G0, (Wit ePaNis diy circles)
[ S . . VA v .
oo R LT Sppil s S L8 it o, o
equivalenh® the dirse step 2f ME-DTiratgoBikng Bng inp verndrngy €% oritifenscaescording

o e SoBGPPRED W S P

highdr e Bdels t AEcontlRFEEH, 1 e B0BT repres@iiting tBe @Frbis®érh Ale ME-DT
(vertical axis) is plotted agalnst the noise |level 5
alggritlmi is aeletielyalevel) eveni alexerg HN( Wit eeiEnte th] method is robust

agaﬂsglrr]])ac 4.804 (wWith points in circles) represent
errors"tromthe conventional approaches of standard

| eaggurs YeRsidwsi 4 b6, of ipidis corPshibivdh@the resulishe 5 itdrative steps
step of ME-DT algorithm and b%/ removing 10% outliers
¢

using: ther MErT algerithmeoff ihe saxample praPdIRCH o Shrd E6HtpEsd, PoiRigdenote

: noi%%jo%ﬁ"lel%g%r 1 8R4 é}_ﬁrlgesrslai@i Q‘Idy?hnr%'bge%%ﬁtr&ti%ted%%gs while

I'se Tevel's.” I'n conparison, Tine representing
linet 816 repressrts fheoralt rhedaVAEehOroal GiguretSiinthesscatidrad poistsyquickly
| eve] even at very hjgh noise |evels,.i. t he hod
for 3 196 s P ol HAERUEDr S0%8 Bt 21 MGt 2 R berome
incr_?eﬁéih@? cobe R Rt RicBPIHeESBOI] IOVEITST dlgsithh Sa®Eorfverge to the real
iterative steps wusing the ME-DT al gorjthmof the

model aiRiskly ceprbwhemi istappiigrborsdaie pbyayhigBnaiee leyelsot e
noi sy synthetic training data. Lines 812 and 814
represent esti.mated nappi ngs while

For a scene observed from a large camera tilt angie, the head and foot positions
of human samples can be directly used to estimate the foot<> head homologies. Let
x, =(x,,¥,) and X, =(x,,y,) be the head and-foot points of a sample located along
the principal axis of the silhouette, and Hps = [amn]as be the foot - head homology. Since
H,; is a mapping between homogeneous coordinates, it can be assumed that as; = 1.

The left equation in (6) can be rewritten as

x, y, 10 0 0 —xx, -y, a:[x”] (14)
6 0 0 x, ¥, 1 —x3 -~y n
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15 line 816 represents the real nodel. As seen from

Figure 813, the scattered points quickly forma

| inear pattern as the iteration goes on, and |lines

812 and 814 becone increasingly close to the idea

line 816, i.e. the ME-DT algorithm can converge to

the real nodel quickly eves when it is applied on

data of very high noise levels. 20 For a scene '

observed froma large canera tilt angle, the head and

f OQ&hdﬂé)%l:t[hIQB cha‘ﬂ &gyﬁﬁ besthe asst bithe iere*Br(Etnlts/oflﬂ-s,e Using

to estimate th ahea onol ogies. Let xh = &xh,
Equatipn &héy the feast S(qiéﬁfe %Ptlmt'%Hmm?%%Pt%éH%d B §RdPht samples

S | 5C [

(o froa e J06 S i Zheah s gRe s Ry ki fthow ==
deshiivenl abgye. Since HMis a mappi ng between honpbgeneous

coordi nates, it can be assuned that a33 = 1- 25 The

Ieft equation in (6) can be rewitten as xf Yf 1 00

N

horﬂﬁdg:@s’SRre]sTil ased tmhdesllcﬂset thefhuhize ]:@Ir&melmescoofexHﬂt tHes? ag two
Equation (14), the | east squar H C e
poight & H@@regﬁp%mﬂaﬂseeﬂmwﬁmﬁnféq sﬁé{fﬁﬂa %9(}" m to € tne

: hon(?g Cufﬁérﬁparb@%o QR foH ﬁﬁyeb&r&l?é it iAdie. Fhays %S%Hamn of the

ations follow as ™ descri bed above. '5 For a
cemm’weseolb‘grdmﬂeﬂleffo@mnd thanbead, banet & T ki fThiarg becauspéor a small

filt f’"i@ t %&ﬁ%ﬁg?l saﬁ‘ n?lJ gr(i%ht rh%{ﬂ% n&wft’l‘%gﬁ% tag |H’1%§8 é%l%se to a

verfiddl ihe 1Ok Hset oF @l’féCﬁ‘—pbsﬁtldrhe)f ithep hextearidafobbto thé ch‘EteDEomt are
aggorithm_tq estimate the honolo | es conpare
causg@ by thsy varqagqr@eofd)gﬁgq ang §epgtme‘;5tﬂjx|og rmers gpg;ﬁoﬂqrh%ause failure in

5 Ldd f ‘ en | FL/higt fA&d from
AL e ik Sy U S R S
thesaspiel data psing the tggsksquareegiimatien.pal axi s of an upri ght

human anywhere in an inmage is close to a vertical
l'ine. The biases of the x-positions of the head and

foofg &gnﬁdﬁgd %Srni Elin P gir%kftloﬁ”tﬁe hS S I#l%otlcgbg s a.lin Ilnear mapping

variations o ses’ and segnmentation erro
frorafat reroearasge foaé wweeange lthroayobeodifficals to odain arstakdn rryapplhg from

noéyoggd |nacr2:3raa(tje Qa(l)m e dglya ?Ee hgaa efoop %om |§quggg’£tl‘nq§tgg b{f [:glgt].llating

the inverse of the foot — head homology, i.e. H }',, =(H hf)‘1 :

In the case of zero camera tilt angle, the scale < position mappings in Equation
(7) are used to describe the human perspective context. The sample data is a pair of
foot position and the height of the bédy, Le. (4,.v,)=(y,h). Through steps similar to

those described above, least-square estimate is used to estimate ﬁlj}s and ﬁ‘]{vf

Figure 9 is a flowchart 900 of an implementation of a perspective-constrained
human detection method according to an example embodiment. At step 902, the camera
tilt angle is categorised and the human perspective context,is determined as described

above, based on traihihg samples of observed human objects. At step 804, once the
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15 the sanple data using the | east-square estinmation.
As nentioned earlier, in y-direction, the head - foot
honol ogy is a linear mapping froma narrow range to
a wde range. It may be difficult to obtain a stable
mappi ng from noi sy and inaccurate sanple data. The

head - foot honology is estiymated by cal culating 20
the inverse of the foot - head honology, i.e. HJ, =

(H,f) " . In the case of zero canera tilt angle, the

can?é;)rélgﬁ aﬁér;le @Qéét&é&&eﬁ@@éﬁ&‘éohdhgﬁ%ﬁéd Sppeatahke AicRlelis &dlected

escti be the human perspective context. The sanple

for Harhan detectiopait step 906, cfter ihediRG isrieipanineea ﬁ@alg-ﬁfjanjwe grid for

he b . e. =(vy . -
sl o oot sl aera b AR S BB Erahhaines
hurbgEdbiéioR & dafideoutrba aard ihput imdgegintaind fran thefdaoeehad

900 of an inplenmentation of -a perspective-constrained
human det ection nethod according to an exanpl e

O e S S0, G B8 T

| detQ&éﬁE %hﬁbﬁ)? ed STARFR! dfeatiRaRRaN&iond as REmanS ih rsamelsngqes the

| es of observed hunan obLects At step 904, on
deteﬁ@nmndomalﬁ@mdqdl into 4ax §1cells Wherg theyeee gleige cglls varies from 4 x 4
oI B2 SRR sHTih ERRRRAFTARIPES 17 SRERRIS fom 6% 5210
80 deb@ pixeleck, additiss,adaeh aléuaptlmn/wmgow dorisiats oh3irdrblaif éurnsd by 2
on theéground plane is generated. At step 908, a
0@ [38BiR8t r ai ned human detection is carried
out on a new i nput inmage obtained fromthe canera
910. 5 In the exanpl e enbodi nent, a Hi stogram of
O | ggh§RafdeadiFen ta cBkERdpINB Grid dlethecgrﬁundl pﬂarﬁmﬂﬁlﬂymiermmes

To adapt to great scale variations of humans in so

thegsalp@ed ofiprtationeal @dhungan iniaresiien © the qugcpalnrppcgeger)gteg Figure
10 gl%w @%H%rs%é o%%al‘?tfustsl&&wé‘se(hbﬁer\f@w)' & thé Qﬂﬂré’spﬁn&ng grids

s resulting in detecti
genaratd@ﬂ&rem‘n (lowves a:ew)e hieng foaot fric peints 1003 2nd éilead)gm)p%n’fs 1004.

16Q pixels.. In additio et e 0
o g P Ml o okl B HaflSh 5 A Pl i e gosest
pos?t‘dn‘:{b Rk Eaadth O thbgdled | RN ERe tﬂE’@nc@ bsmee:eaajda@tt Igvie points
on the %round pl ane which determ nes the s

is mmfera@lv houbbalbef @t averagmByman wigth Jdiervegical distergs 'Pff%{@@ two
adjgt?é?'nt Po%v&g%%f Al R %nafhey i€ ol verkl %@&'}’é‘i 0’1‘ h%%h%lgﬂfs in the two

vari ous scenes (upper row)

' rowsoelgespc&ﬁeh ng grids

The generation of grid points may be ferminated when the human height
calculated for the next row is less than the minimum height of human objects which can
be detected in the image, or when the position of head at a row reaches the upper
boundary of the image. In some embodiments, the vertical vanishing point may be
determined from the samples. As the grid density is determined by the camera tilt angle
and sizes of human object in the scene, the number of grid points, hence the number of

detection windows, is not much related to the image resolution.
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generated thereon (Il ower row), having foot grid
poi nts 1002 and head grid points 1004. The grid is
generated row by row fromthe bottom of the inage
which is the closest position to the canmera on the
ground pl ane. The di stance between adjacent grid
points is preferably aboubghal f of an average human
wi dt h. The vertical distance between two 20 adj acent
rows is set such that there is (3% vertical overlap
of B RicGing iBgd, NRuntaMdete@0R is Bebrmed on8a%eonEh& each
generation of gfid points may be term nated whén the _
grldmmﬂnf_die!l gJlet poind dledbeé &rogosition efirepersible usvan ebiedsnd denoted
m hei
as Yyl 1 o eribopion TERe Brdtinghga” R heRBlREkg sl Eaftea Hec.
Théﬂ%ﬁ@hta@r tAe pOYLilie hahas dbha%t B chiouladd ray !‘Df— llxhex,, |, which is
i mage. - I n sonme enbodi nents, the vertical vani's

quaﬁ@ﬁqqitlntﬁ@ye whthedldt lgysls ﬁ%geqclngqeﬁ atppéleslgamzpe@e Sie qqﬂée detection
wind aflE0akbaikey. HRE BHAPARA Phelifudapgera 111t angl e

and si zes human object in the scene, the nunber of

grid points, hence the nunber of detection w ndows,

is not nu Q L@Ijted to the inmage resolution. 30 25

For = tav ng i mage, human detection is

per f or mred\ ¥ne-by- one at each grid point. Let a grid

poi nt be the foot position of a possible human obj ect :

i r Wiehs trRQkdctiom window

wnt@%g%%‘g[bothggerggeﬁg?%loﬁaﬁégrgﬁgéIﬁé%?ﬁ-géq‘ﬂ'l rned HPC. The
is rhtetegrtb the upright ppsitien bk tHeun@s f@bqu@:veqtmrfrobethe window can be

RETHRE A E ( eTI

cladsiiRafidrZ ¥hé butpli€is AR pebaslity dWlMQWEQBﬁtldﬂe(Sﬂeﬂtﬁé wipativalue is
The orientation of the wwndowis r X] B=t an' x

greater thap aprepnaldSpadersop s frteded a tE%B“%R?'%* of t he
i mage. The sub-region within the detection wi ndow 15
is rotated to the upright position and the HOG
f eatty GuMaRt ®ltedibR MRS VAdRERIMC &N the ex@dbRl BRBodihaat may

feature vector is then fed to a support vector
sigmificainthn eedus/tje rgnber of detectlon windows for each scene. Convenhona%ly,

with no knowledge of perspective constraints on human appearance in the scene, it is
necessary fo saan the image with tha detection windows of multiple scales. Normally, for
an image of 320 x 240 pixels, over 200,000 windows of 5 scales are used to adapt to the
scale variations of human objects in a natural scene. Using the method of the example
embodiment, with 'the perspective constraints about human objects in a scene, there is
no need to detect human obje_éts at positions which may be too high over the ground
plane. In addition, even in scenes where the grids cover almost all the image, the use of

detection windows of multiple scales for each position can be avoided.

The number of detection windows and the reduction rates for a number of
different scenes using the method of the example embodiment are shown in Table 2. On
average, the detection windows generated according to the human perspective context

is less than 1% of those used by dense scanning for small resolution images and is
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cl assification.
in Equation (5).
a threshold Th,

The out put

If the output value is
a person is detected at the grid
20 The human detection nethod according to the
significantly reduce the

poi nt .
exanpl e enbodi nent may
nunber of detection w ndowsgf or

Conventional ly,

each scene.

with no know edge of perspective
constraints on human appearance in the scene,

It

Is the probability defined
greater than

S

abdie QER% oY |drfe S‘@é\ﬂuttohelrmd@lemst Imehrlisi‘trtéehmtﬁddom the example

wi ndows of mul ti

pl e scal es.

an i nm

emisdierg crn datgctdiunans up & 490 Yroes f@é‘@" W?ﬂ SB‘WV?“%?”aBm%‘&P%S

are used to adapt to the

qr‘prégl

aI e variations of human

obj écts in nat ur al ng the method of the
- exaimgbéhe ¢ mﬂ)o@kbg@stze \Md, bf w.heomae fsemcmommte OFils Angile t s
abowt—huran ects—i—a—scene,—there 10 need—{ o
det gct Rummr 38)%6e4% |at pd8Pti ons \Mfl)roéﬁﬁ’nay b&SP00
hi gh over the pl a I n addigtd veg.j.n
scel]_e_s_%her b %ﬁgégr#jre rn@gﬁr al npst Oq d}th |%gi1?p,
t he USe3of dedoectd®on W ngaps of rruIOtOBB%e stalzem f pr
eacli—post+tion—can—beravotrded—307 The nunberof
det ¢cti dn wi|ntiéis14thd t he 9%F8duct { on +3d%s f pr Sgal
nunter of scen usi ng t hod he
exa Iegerrb( d{[ﬁfﬂ re qh%\/\n in I'nhrﬁ -};@ %SL# e,
t he|det gct i qn178 pms genasat ed accob.e9%g tp sinal
hun‘fu perspective corntext _Ts tess tiEgn 1% of those
used by7denged3@bad8f g f ot mall jre 3 on| i SRS
and[is 46 aboait ?81%for 18R ge eS(déébly rrqaég .
Thi ¢ medns ithe" He of the exapple % n
det @ct lumans1s4x t44 400 t i51BS fasteroman large
conyentionatr-ethods. T Tabi_g_2—Scene No._tmaye, S ze
No. |of 18 nddwd’Redttttli on H3ge Tillt AhHFE 1]3%59% 240
363[0. 053% Ze g x 2 11 0. 07% er o 0| x
SO Y I v i PP .y Pl b AN L
176 [x 144 8281921744 dmal | 708 176 |x 10097%89 (. 69ge
| ]

ST s | 1e2x 144 774 1.092% large

14 176 x 144 356 0.502% large

Furthermore, anocther advantage of applying the perspective context to human

detection in the example embodiments is the reduction of the chances to falsely detect

human-like objects in the scenes. The dominant features of standing and walking

persons include the boundary lines on both sides.

In natural scenes, many cbjects,

such as pillars, tree trunks, windows, and doors, can look like standing human objects

and thus result in a false positive in conventional detection systems. Using the human

perspective context of the scene in the example embodiments, such objects are,

however, often either too high or too short with respect to human metric. Thus, at the

corresponding positions in the image, false positive detection as human objects can be

avoided. Some examples of such situations are shown in Figure 11. The first row shows

the human detection resuits by using a conventional dense scanning methodology. It is
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7 360 x 288 1564 0.228%large 8 384 x 288 1826
0.266% |l arge 9 184 x 144 513 0.723% |l arge 10 176 X
144 732 1.03% |l arge 11 320 x 240 1285 0.187% | arge
12 192 x 144 707 0.997% |l arge 13 192 x 144 774
1.092% | arge 14 176 x 1444 356 0.502% | arge 5

Furt hernore, another advantygge of applying the
perspective context to human detection in the
exanpl e enbodi ments is the reduction of the chances

nott® th&lis etder Beéigpressibdraan fH Edjtees, Salredy H@eydigesireshold
The doni nant features of standlngéand wal ki ng

wap bsasidn dhe qripuiziel @ REMsistastpirif- T fidd on both sides. In
natural scenes, many objects, such as pillars, tree
t runks, mﬁndoms, and doors, can |ook |ike standing
hureie sdzped tev $Roventhet r’eslﬂtsrcésml'apehtweatohafatmdom.ﬂhmri detection

in_conventional detection
acqeécﬂ%@can iR eabpdiEent Rad g’ﬁ%rf’esrf’ﬂ ekﬁhﬁm 43”4 can be
gsﬁrgﬁ HRUGH &Q’ﬂr&ﬁ_‘tt?e éHn%nhoh&Vi'ﬁé‘tﬁBd s@f &Pt hilfber of
too hi gh or too s ort Wth respect to human netric. -
falsBhiesectiats 1102 which mg;bemk‘y ripep o plllaren©nitie other hamlg the results
fal se posjtive detecti as human objects, can . .
o Jbs QeI S SXAM TR HORrE b ar PG P fhisst m the
scén@ Vith@ L %lsleldeté—a%n{; | THls, ftQenShOWBsehredt thet BoUdPd) false positives
detection results by u5|ng a conventional dense
detgdacrh by rgngra chokoliong) dense scgniing metiodelogy Wilinot aprsagwhen the

o FEBRLGER 530 Yl 858 BESART B B BHREIL cvn

thotgt &fwef thréshBid iduséd. 1. 1 The second row shows the
results of perspective constrai ned human detection 5
according to an exanpl e enbodi nent, and with a snal
t hr@s g @then hang, svalmwnamnb‘efi ew*emefqomnaratlg@rs@qqqmes also

shotmléﬂ tﬁaﬁS\H;'tﬂ 5 d%g)%@télp Sirfilp iR o%ﬁ*i@é 2iRh had pal %ljne (e.q. 2y FPPF)

containh a nu tectlons 11
as petaigalfe forr eaayentionp Methpds, t@ld@fﬁ@tloatrﬁt@rofrfmwn qhirets using the
exafrﬁpwéﬁqﬁod.%éﬁgb&m Se MRirBR iRfm bihsut ¥R LBoR T2 ment

correctly show all human objects in the scene o
wi tihailt b slppescidéace by iropgrsommisiilied jnt theagrt Hat swsereusdvariations

andiShoSEAEEA nlad! RENRAE ith V€ Bresent invention as shown in the specific
embodiments without departing from the spirit or scope of the invention as broadly
described. The present embodiments are, therefore, to be considered in all respects to

be illustrative and not restrictive.
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10 detected by using a conventional dense scanning
nmet hodol ogy wi I | not appear when the human
per spective contexts of the scenes are applied in
exanpl e enbodi nents, even though a |ower threshold
Is used. On the other hand, evaluations on 15 exanple
conparative sequences al so2815 showed that, with a
deliberately simlar false positive alarmrate
CLg@%-frane (e.g. 2 FPPF) as obtainable for
Nenti onal met hods, the detection rate of human
obj ects using the exanpl e enbodi nents can be :
i mpy ove %
appteci gbt’ ?Eéearrggﬁ ﬁl.ﬁn%f’ gngpgétv%egoﬁt%xtvaC) q‘gr human
detectiverio u'sletz@lataaltha)methoamﬁmﬂsmdhé steps obns may be made
to ' i 0 i
§ CtIR% Bml"?lit‘?g\éf @éhg%rstat?an%a f%rr}]h@ﬁg rk%é?d?i?ﬁ den"F thé Qideo
dmspope of the invention as broadly described. The
or&rﬁg%meﬁastn@é e {ME bRE OF fvo Bpmee s&@@reer&@ed on
|n a respects to [ustrative and
theselectadegamydes; 28d CLAI MS 1. A met hod of Iearnlng human

perlé@r‘ﬁﬁg‘ tHe HFQf‘FrSPﬁtthé E@Qteﬁ%bﬂb‘!é@a detection i n
i deo data, the nethod ngr|3|n t he stePs of :

seI \@I@Qrpwgthg sFMples pieyf Ite(eq5 AR tiRserieder zation, /f the camera

tilt Q@g?l@@)hb% IE&@Rgt the PPclepmodal ealculaiondor ingi HIRC @& S&ERIéh the
t angle into ong of two or nore categories based

Cat%QP“ZPH%n 9@@8?@8’%3\'%”@% -Or0 | earning the HPC from

the sel ected sanpl es 10 wherein the sanples are

I: : e ed]’ base o eﬁf ﬁgrc:!eﬁlgt Hg%h%geiiog%fs%rle%tmg of the
smﬁﬁbsubmbnﬁn;for the HPC is based on the
cat eqor.i zatiap thec angl e, or both. 2.
The(?%%?th‘ggorfgmqnd Orree(f tSl ﬁr{@% e‘d%b ftat wherein the
sel dateninmigingf ptdabiliiés s;zinmsescm@m@nesegf ter doregrayind  objects

corlte%r gﬂ%ﬂg‘&?o%’bﬁ Y Sadt Bwd Bfa ese.réﬂ@g;aeﬁdsrgoerm ni ng

I'es of respectl e ones or egr ound
ob j esdedting respective objects as one of the samples if either probability meets

a first threshold.

3. The method as claimed in claim 2, wherein the determining of the

probabilities of the respective ones of the foregfound objects belonging to one of the

'shape feature models is based on a shape feature vector of the foreground object.

4. The method as claimed in claims 2 or 3, wherein the categorizing of

the camera tilt angle comprises determining head and foot positions of the

respective selected samples, and determining likelihoods for the plurality of sele(_:ted
samples belonging into respective ones of two or more classes of head and foot

positions corresponding to the respective categories of the tilt angle.

5. The method as claimed in claim 4, wherein the categorizing of the
camera tilt angle further comprises determining said one category based on both the

likelihoods for the plurality of selected samples belonging into respective ones of the
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corresponding to one of at |east two shape feature
nodel s; and sel ecting respective objects as one of
the sanples if either probability nmeets 20 a first
threshold. 3. The nmethod as clainmed in claim 2,
wherein the determining of the probabilities of the
respective ones of the foreground objects bel ongi ng
to one of the shape feature nodels is based on a

sha ature vector ore
i Aot ot e o Spalits 9 setaBilss of fbectve
onesabfeg@r farégrgurad objelts camespentiingttoaoi ef abripe ilsed two shape
feaﬁl:éter EI ng head and foot positions of the

%B@ Pve sel ected sanples, and deterni ni ng
i kelihoods for the plurality of selected sanples

bel o001 Al RECIRSRINLE BN Bhe WURSDIE £19358R te

ead and correspondi ng t
ﬂtaneg rxﬁcﬂwemrmd@seqompe@e%ff ltetieg by | eneapfyithe ssaperlﬁeature models

cortt aEJQr%:’n@ﬁz #b %b@ghiého‘ﬁl GRiiB éamé‘\‘a%t%inplet he

egorizing o canera tilt angle further
conpri ses determ ning said one category based on both

t he7 | kiglel HOPES ab VaihBE iPAMY Shd bbclfims el Wrein the model
npl es bel onging into reaﬁectlve one of the 29

Ca"éﬂatl%'r or dpadifs Usesnaithgr det <pdised Hl?é“ PHTS °5r?&a{eh? position

maBﬁlﬁé’Qg'dekéﬂltfeStrféf HPESBESLridiRy ofNRS cafegbheatbar &iohe Wthera tilt
bjects corresponding to one of at the |east two

a”%%ape feature nodels. 5 6. The method as clained in
any one of clains 2 to 5, wherein the filtering of

t he sa es conprises fil terln y qne .of  the
fedt-ure HMSIEE g‘ dga? r‘i@ BEAdN n‘aa'gbk} Wg‘eé%{?etB‘Br 93%] gﬁcula’“on
furthér Ldes diﬂa’éhalniplérheaﬂagd)ms of7desErbingehd 6P Caasing alerfobt £nhead
- a one o 2 to 6, whergin the el .10
nordbadP Gepanfndn Mecaipecrale aibR e PPl Sioig cag
honol ogi es or scale <* position napping to describe
t he HPC ependi ng.on, th t ri.s r
13 angibeiiotnd B G 1B A 8 brBlodlf oEHHE frner
comprisired ap;:tlmeg thedearnt BPELIN dwimam delectrbu friohresubgeggent video data.
different inplenentations of describing the HPC using

the foot<> head . _ _ _
10. The method as claimed in claim 9, wherein the applying of the learnt

HPC comprises generating a scene-adaptive grid which defines a scale and
orientation of a human in a position in an image, and limiting detection windows of a

human detection algorithm based on the scene-adaptive grid.

1. The method as claimed in claim 10, wherein the human detection
algorithm is selected from two or more algorithms based on the categorization of the

camera tilt angle.

12. The method as claimed in claims 7 or 8, wherein the model calculation
for the HPC, either foot <> head homologies or scale < position mapping, comprises

using a model estimation - data tuning (ME-DT) algorithm.
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honol ogi es dependi ng on the categorisation of the
canera tilt angle. 9. The nethod as clained in any
one of the preceding clains, further conprising
applying the learnt HPC i n hunman detection from
subsequent video data. 20 10. The nethod as cl ai ned
in claim9, wherein the appbying of the learnt HPC
conpri ses generating a scene-adaptive grid whi ch
deflnes a s%ale and orientation

of.. _
pOS|3t i o' BYPIER fo%%aénlngrmjmq%{)?rs%ctldgt FHX(BAHBC?:J r human
detedtion in Wdeadatietiecdyistem abrgprisitdim based on the

o TP St byt s P AR o Ryt B o
the seleedteed from two or nore al gorithns based on the

Catrﬁ@agwr '%9&%1"818 dnqt BeamERRf %19‘1% l“@? Bﬁﬁ bftwo3d rﬁére n%g%ories

n clalns ereint
basedlocuhaséloctedfsempladseamMPC, ei t her f oot <* head

ho 'méaﬂ%' I@ac’rgﬁ'[g th& @-|FQ3 frorHQﬁé Eélg&eﬁﬁrﬁbﬁg co rrpr i ses

usi n estimation - data tuning (Me-D
al gmeirelnrihesoearﬁsfor/t@@y@geth?ffﬂm|f@a'feﬁu thg %ﬂﬁ?fﬁ% based on the
@g‘ﬂ’rﬁﬁ‘ﬁﬁ{ b¥ ¢he RAMRK it Hiffgle bRGr W@%lﬁ@t’tﬁ@tHF@m idks a model
deo data, the system conpri Si n%
Cal@éﬂt@etfpfﬁgeé*"& B?%ﬁcl ?fy’fhﬁfcaé%?ﬂi'ﬁ%@ b’éé‘éf‘dc%ﬁerﬁd'ﬁﬁﬁ‘g‘e or both.
detection from the VI deo data 5 neans for
cat egorl zing a cama nt o gne of t
o o ane e apaeiu bR SR LS et s P sglheting of
the@aﬁiﬁfesl earni ng the HPC from the sel ected sanpl es;
he means, fo rning, the HPCflIteredthe
H{ﬂ?‘“e&%gﬁ%%rc’ﬂﬂd P%C{Sd%ﬁl? e?cg%qt?on of the canera
t | | det@rfrghes n:rrolmbﬂit@sl eﬁrmsps&g:t[v@eorhdﬁc of ubes faregmdetl objects

al.cul ation
Cm@&f’%@%??%a? o%f qe&f ttgﬁ%amg %ﬁﬁi &Bdélp andor bot h. 14.
Thesedacsd exspastivel chjests as ongladitha a_&mplem draither probabitiimests a

frsl BheshBleCt 1 NG of the sampl es

15. The system as claimed in claim 14, wherein the determining of the
probabilities of the respective ones of the foreground objects belonging to one of the
shape feature models is based on a shape feature vector of the foreground object.

16. The system as claimed in claims 14 or 15, wherein the means for
categorizing the camera tilt angle determines head and foot positions of the
respective selected samples, and determines likelihoods for the plurality of selected -
samples belonging into respective ones of two or more classes of head and foot

positions corresponding to the respective categories of the tilt angle.

17. The system as claimed in claim 16, wherein the means for
categorizing the camera tilt angle further determines said one category based on
both the likelihood of the likelihoods for the plurality of selected samples belonging

into respective ones of the two or more classes of head and foot positions and the
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detects foreground objects in the video data; 15
determ nes probabilities of respective ones of the
foreground objects corresponding to one of at |east
two shape feature nodels; and sel ects respective
obj ects as one of the sanples if either probability
neets a first threshold. 29 15. The system as
claimed in claim14, wherein the deternining of the
Erobabllltles of the respective ones, of
probaRikiigs i fgsRssIIR: PReH| tBR dRTRGrAUBY GRIECHY C"tr'i‘?ép%cﬂ%? one of at
the i@t teshEpdabstutesmbasied on a shape feature vector of
the foreground object. 16. The systemas clained in
clainms 14 or 15, wherein the neans for 25
catggor iiengystdre sadrifded inl 4nyaogé of akties Midntes1heslerein the

I

corefspsading teetthe catayplizstidnedf dmgycargerartitaangispect i ve ones
of two or nore classes of head and foot positions
corresponding to the respective categories of the
tilt9. angTr@ sy3@enl as cliiroed yrs aeynrag ot tlaimeett fn1g | vdiereingneans

for Yg;%r Plu < ﬁ eégeégfﬂér ol I'%%H%gﬁdlgdt&gort é&lé:éﬂ@ﬁfsﬁioh%éppmg to

angl' e term nes sal d one category based on
desm:ubé] thenldPCidependiivg @ndific caiegorisadipi ﬁf)’tbﬂsmff@lf a tilhangle.
. plurality of selected sanples belonging into
- respective ones of the two or nore classes of head

anc?@. oot Thsoeystémrms eainachiy daim ARowhsiein thee@egps for learning

the” $RECH4NE d?ﬁ@rénpflmblé%lén%t%%memddéﬁ@hﬁﬁéSthe HPC using the
corresponding to one of at the | east two

sha
foot @chieaR SomRiRgIes dqr@ndm@rstpgtcérﬁgagsa‘ﬂoaloﬁ&f W%{ﬁy'taﬁa'e
of claims 14 to 17, wherein the 5 means for |earning
the HPC filters the sanpl es by one of t e

shape
f eadir e TARUSYSIEME @Br 6'§|5'6ﬁfh|”i‘1 Wo PR’ %Iz)é‘f jafh further

corBbridiMEeaR® kit doplyingpheligarnd QIPCTiﬂGhLﬁsry&‘t @éfbc&&mdl‘cﬁh Bebsequent
in any one of clains 14 to 18, wherein neans for

vide gt ng HPC uses eitherfootc head honol ogi es or
scal er position mapping to 10 describe the HPC

angre. 20 TR B SRTR B GPALaT] wherur BBty ko geping
thet Fearife {PC fgenetatas m rsgpeng-la@abﬂ@ gsiddwdichf defenes a scale and
oriénqgtko%ngfnatt %ll'ngmn %fpo%ﬂi%%ri'h annlgnatgla?aFE ?mHé 'd@%c{i&?windows of a

human detection algorithm based on the scene-adaptive grid.

23. The system as claimed in claim 22, wherein the human detection
algorithm is selected from two or more algorithms based on the categorization of the

camera tilt angle.

24. A data storage medium having computer code means for instructing a
computing device to execute a method of learning human perspective context (HPC)
for human detection in video data, the method comprising the steps of:

selecting a plurality of samples based on human detection from the video

data;



foot <* head honol ogi es dependi ng on the

categorisation of the canera tilt angle. 15 21. The

systemas clained in any one of clains 13 to 20,

further ~conprising neans for applying the | earnt HPC

in human detection from subsequent video data. 20

22. The systemas clained igp claim21, wherein the

nmeans for applying the learnt HPC generates a

scene-adaptive grid which defines a scale and .

or i BIRAVIZIHA 2oFaraeTRUINANGISHINED B‘B%P‘f"i‘”&rf’fi RO FaTRRyES Pared on
the lskbiEctcdl B@iphst bd Wi ndows of a human detection

algorithmb d on .the scene-adaptive grid. 25 23.

Th ge§"\?§‘lgéﬁ? g‘%&:ﬁr%ﬁ’ HegiSeIRCES 5?’??10%%’, wher ei n the hunan

detvasdreipnhe 3hg@lds &@ filereebaxedesh theoratéguizetiomof the camera

algorith based, on e categorizati : r
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categqutizati@asithé eamerstilt argdlé, g bath. 30 conputing device to

execute a nmethod of | earning human perspective
context (HPC) for human detection in video data, the
nmet hod conprising the steps of: selecting a plurality
of sanpl es based on human detection fromthe video
data; 32 categorizing a canera tilt angle into one
of two or nore categories based on the selected
sanpl es; and learning the HPC fromthe sel ected ,
sanpl es; wherein the sanples are filtered based on
the categorization of the camera 5 tilt angle prior
to learning the HPC, a nodel calculation for the HPC
is based on the categorization of the canera tilt
angl e, or both.



