1 Method And System For Multi-Object Tracking FIELD OF INVENTION
The present invention relates broadly to method and system for
multi-object tracking in a video signal, in particular a video signal captured
by a fixed camera, and to a data storage medium having stored thereon
computer code means for instructing,a computer system to execute a
method for multi-obect tracking In a video signal. BACKGROUND
Real-time tracking objects of interest in image sequences is one of the

challenging_problems in video understanding. It is an_essential part in
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analysis, human computer interface, and video compression (e.g.,
bject-base ing in MPEG-4). Many methods have been proposed for
Fﬂgﬁ e%Faﬁ&c‘ég&%&gvisual object tracking in image sequences. Generally
speaking, three components are included in the processing: target
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Inter-frame motion of target objects is predicted by using dynamic models or motion
models. The popular dynamic models are Kalman filter and particle filters. The motion of a rigid
object can be estimated by using an explicit motion model such as geometric transformation,
while motion of non-rigid objects can be computed with an implicit motion model, e.g., mean-
shift. An observation model is used to evaluate the matching between the target and its candidate
location in the coming frame. The new position of the target is determined as the mean location of
the predicted candidates (EAP: expected a posterior) if a dynamic model is employed or the
location of the maximum matching vaive (MAP: maximum a posterior) when & motion model is
used.

The MAP methods are considered as dererministic tacking since a gradient descent

algorithm, e.g., a mean-shift algorithm, is commonly used to find the maximum, and the EAP



required. Roughly speaking, stochastic tracking is more robust than
deterministic tracking since it is less likely to be trapped in local extrema,
however, it is more computational expensive. While tracking a single
object in cluttered environments has been largely successful, tracking a
varying number of non-rigid objects in crowds remains a challenging task.
Among many others, there are three major difficulties for solving this
roblem. First, when objects merge into a group, the visual features for
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crowds due to the changes of poses and scales. For example, one
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multi-camera’cooperation, and extended particle filters. A S|mple 'solution
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cameras can be very different. Over the last few years, particle filters have
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multi-camera system is the calibration and the cooperation of multiple cameras o achieve a
consistent tracking of each object since the views from different cameras can be very different.
Over the last few years, particle filters have been shown to be powerful tools for single
object tracking. Attempts have also been made 1o extend péu’ticie filters to multi-object tracking.
Hue er ol extended the state space by concatenating the state vectors of fixed M objects. The
likelihood measure is estimaied under the assumption of conditional independence. The
association for each component is assigned by a Gibbs sampler, Vermaak e al introduced a

mixture of particle filters (MPF) where each component (object) is described by a cluster of



mixture of particle filters (MPF) where each component (object) is
described by a cluster of 3 particle filters that form a part of the mixture.
The filters in the mixture interact only through the computation of the
importance weights. Okuma et al further developed a boosted particle
filter (BPF) from MPF. In BPF, the proposal distribution for each object
(hockey player) is estimated by integrating the object detection and the
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SUMMARY

Disclosed is a method of multi-object tracking in a video signal; the method comprising
the steps of receiving first and second segmented images of two consecutive frames of the
video signal respectively, at least one of the first and second segmented images including one
or more foreground regions, each foreground region corresponding to one or more objécts to be

tracked;



or more foreground regions, each foreground region corresponding to one

or more objects to be tracked; 4 generating one or more directed acyclic

graphs (DAGS) for zero or more parent nodes in the first segmented

image and zero to more child nodes in the second segmented images,

each DAG including at least one parent or child node; and for each parent

node having two or more child nodes, a) sorting the corresponding

objects of the foreground region contributing to said each parent node
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e) applying a means-shift calculation to locate the corresponding object
having the lowest depth in said each child node;

) updating the state and the visual content of the located corresponding
object based on the second image;

g) removing the updated visual content of the iocated corresponding object
from the visual data associated with said each child node; and

iterating steps €) to g) in order of increasing depth of the corresponding
objects for locating all corresponding objects in a corresponding region of said sach child
node.

Step a) may comprise calculating visible portions of the respective corresponding

objects in the first image to derive the estimated depths of the respective corresponding

objects.

Step b) may comprise assigning the corresponding object having the lowest depth to
one of the child nodes of said each parent node based on a posterior probability evaluated by

Bayes rule.



Step b) may comprise assigning the corresponding object having the

lowest depth to one of the child nodes of said each parent node based on

a posterior probability evaluated by Bayer rule. 5 A posterior probability

evaluated by Bayes rule may be based on principle colour representations

(PCRs) of the corresponding object and said one child node respectively.

Step ¢) may comprise removing the Visual content of the assigned

corresponding object from the visual data associated with said one child
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obj¢fitated status and visual content of each corresponding object for a

series of consecutive frames and detecting an event in the video signal

based on the stored tracking data. The method may further comprise the
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of for eac Ild node having no corresponding object assigned thereto,
check whether the object is disappeared, and if not, set a new
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PCRs of the located corresponding object and said each child node Tespectively.

The method may further comprise storing tracking data including the updated status
and visual content of each corresponding object for a series of comsecutive frames and

detecting an event in the video signal based on the stored tracking data,

The method may further cémprise the step of for each parent node having no child

node, deleting the corresponding object.

The method may further comprise the step of for each parent node having only one

child node, assigning all corresponding objects to said one child node.

The method may further comprise the step of for each child nede having no
corresponding object assigned thereto, check whether the object is disappeared, and if not,

set a new corresponding object to said each child node.



corresponding object from the visual data associated with said each child
node. Also disclosed is a multi-object tracking module for multi-object
tracking in a video signal; the module comprising means for receiving first
and second segmented images of two consecutive frames of the video
signal respectively, at least one of the first and second segmented
images including one or more foreground regions, each foreground region
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codadniean®r each child node having only one corresponding object assigned thereto,

updating a state and the visual content of said one object based on the second image; for each
child node having two or more corresponding objects assigned thereto,

d) sorting the corresponding objects according to estimated depth in said ech
child node in said second image;

¢) applying a means-shift calculation to locate the corresponding object having
the lowest depth in said each child node;

f) updating the state and the visual content of the located corresponding object
based on the second image;

g) removing the updated visual content of the located corresponding object

from the visual data associated with said each child node; and



for instructing a computer system to execute a method of multi-object
tracking in a video signal; the method comprising the steps of receiving
first and second segmented images of two consecutive frames of the
video signal respectively, at least one of the first and second segmented
images including one or more foreground regions, each foreground region
corresponding to one or more objects to be tracked; generating one or
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update a state-and the visual content of said one object based on the second image; for each
child node having two or more corresponding objects assigned thereto,

d) sorting the corresponding objects according to estimated depth in said each
chiid node in said second image;

e) applying a means-shift calculation to locate the corresponding object having
the fowest depth in said each child node;

) updating the state and the visual content of the located corresponding object
based on the second image,;

g) removing the updated visual content of the located corresponding object

from the visual data associated with said each child node; and



a tracked moving object has become stationary over a sequence of
frames; generating a template image of the stationary object based on at
least one of the frames of the sequence; tracking a state of the stationary
object based on a comparison of the template image with a current frame
of the video signal; and switching tgga moving object tracking algorithm
using a same object ID if the state of the stationary object is determined

as 2 startnayipgstats JoegeneIaling.aL e BIBARISIAdE MR ovects

based on image data within a bounding box in the at least one of
for ioﬁﬁm%élbﬁoeﬁ%sg%ﬁu&&bé% thewaerRP Gpfetrivhef fait kg QJT‘W’I@OQfate
may comprise the steps of determining a first difference measure

beﬂé"?@é&x’&}%@mBl@ﬁ%z‘@%%@c@@ﬁ’tﬁe‘}%E%HQOQJHM%Q}Q SRRV EREhod of

frame determlnlng a second difference measure etween resp ective
statiopary SHIRSh RS RS Gioh ¥ drorisndulbe m%’méogwal%r@eééﬁmaﬁ%mmg that
a tracketbrmining aebydsibiity roeastreacbthey stationasytobjectofrémmtize generating a
tempﬁ%rﬁ%%gqg'ﬂ% ceTialaNIs] U%%%s@&; frame.dhedragking of the éft%ﬁ@ further..,

may comprlse determining, whether another tracked moving object

ffack’efveﬂnatﬁgetﬂ“ o PrEEBRd f?é&?éﬁdur?’ﬂf‘e%ﬁ#?%‘iﬁ%a%&leﬁ?ﬁé&i%{ﬁk%%ﬂﬁ%a
currestdtenferiitre mdyocompliisedtkeisigps of deteiminivigea tradtion e seritstatesifig a

same 5 lEshARASesans Aillaranes meRsUeS AR ALION Alirstinesheld value

over a sequence of tip current frames; determining an occluded state if
the first and second difference measures each exceed a second
thréshegtaderaling ahiddhengsibility.peeasube falsdoelomwagetking winéshdidunding

box N REGQURL the SepUERGE: iR cHiTentdRmes,and anpther tracked

moving object overlaps the corresponding region in the current frame;
determining a removed state if the first and second difference measures
eathdamtelipextdabd the seepnditipreshibid vetaefidedhenitizea Seeonidference

measg}g%@t%@nmﬁésl@ﬁ%afﬁgsz%ﬁwamﬁ first taceshald valishand fhe Ysiilityame;

measure fallsgb(gﬁw the third threshold value over the sequence of tip

determB P ErrSRs, SRE RS tr RS isiIH " JISTRET S ol P Ljae regions in the
curregbfraspendimgreegiog fethe dementiramelsdelierminingearf theetatiootiorobject

from %ﬁ@%ﬁé&b%n@ﬁ% é@@x?ﬁ%@@t@@fﬁr@&lﬁ@. measures each initially exceed the
second threshold value and then the second difference measure then

falls below the first threshold value and the visibility measure is above a
foultls thredholef Vadusatany Getaraimiprgitiee skietmoviny it fnpibefirsecked

moviAdEbpeEanchdifere BeeReRRHEas X ardAns-EeMainabove the second
threshold value and the visibility measure exceeds and remains above

the fourth threshold measure over the sequence of tir current frames, and
a spetistating of the teieltaghstatiamanyponjedhe steps of determining a motionless

state if the first and second difference measures are below a first threshold value over a
sequence of T, current frames; determining an occluded state if the first and second difference
measures each exceed a second threshold value and the visibility measure falls below a third
threshold value over the sequence of 7, current frames, and another tracked moving object
overlaps the corresponding region in the current frame; determining a removed state if the first
and second difference measures each initially exceed the second threshold value and then the
second difference measure falls below the first threshold value and the visibility measure falls
below the third threshold value over the sequence of 1, current frames, and no tracked moving

object



The visibility measure may be determined based on principle colour
representation. The first and second difference measures may be
determined based on a knowledge base of human perceived semantic
meanings, an evaluation from real-world videos, or both. In accordance
with a second aspect of the present¢ invention there is provided a system
for object tracking in a video signal, the system comprising means for

overAGGEIUBING f}'o'l%% feagkad MoNIng.PRIGEL, Q@%R‘Bﬁﬂ{@ En%%%?%‘i}’of?\éﬁﬁeaxf the

sequence o frames; means for generatlng a temp ate ima

first é’f&t?&ﬁ% %ﬁﬁ&??ﬁd@%ﬁ%ﬁ&?‘?@d&?‘&ﬂé Brse ‘ﬁ?&ﬁ?@%"éft (}J&éﬁéu‘jé’ﬁéé“d then
the smeansifffetrackingraustiateofilie statonarfiohdotbast dom aconparisdility

meas%eth? Jﬁ&@'@ﬁ%dﬁ?@&%gﬂﬂm FRNITERE Eeﬁ’éﬂﬁu%l;hﬁﬁ @ﬁplﬁ&ﬂ@’s@a@é’ iRE st

for switching to a moving object tracklng al OI’I'[ m usmgpa same object ID

and W%ﬂ@&ﬁ%%@%%%%f@&%&ewﬁéaeégca@ké tf’?’ﬁ%m@%“té‘l@ the
visibifitaccordancewith mdhindaspaetvoftbhfprasdmt imiéntientlkereishe sequence

of +, RIPMIler, A datas stgraaemedium having siaragihgreqn computer code

means for instructing a computer system to exécute a method of object
tracking in a video signal, the method comprising the steps of determining
thalkle: trattied meowving robjéetdsssnbecdhascd tatiomaniplo veloar seyeenceiof
frames; generating a template image of the stationary object based on at
least o e of the frames,of the sequence; tracking a st of the station
otiiz}%:et 5544 do%"’%?%%r%%%‘%‘fé‘%%% PR e i e‘i"m T@“?N Telhént i Z%g
base of thenvidmocsigradeaadiswitohirg. o a\mewqg @@}emairaf@mmg@g@ tHreth.
using a same object ID if the state of the stationary object is determined
as a start moving state. 10 BRIEF.DESCRIPTION, OF, THE DRAWINGS
Enb3HITEREE 8%9} e“%ﬂ%u Rt b O DR LIPSO A SR RagYig 2 system
for chpsarteavkinzomea ofidndisiarylskil |mt¢elm1ﬁwmlmgelf@1t@vxfmgdwmnmg that a

track@@ﬁﬁbmlﬁ&ﬂ%f M‘é@%é&%ﬁ%@%ﬁa@ﬁ%e@k@dﬁbﬁ% %H% Withnther generating a
rawn h|c f{f a ser sof i |ma gtlustratl ada tive
tempEie RYF ﬁﬁ’é bgt‘i%c?f e%’?ﬁﬁ Ff'é? S%kaé ﬁ%é"&‘r‘p g HethS Sﬁde Henee;
meansyistemchinthe examile elibodimdntst Figgdren2 showsisoflotieshtzroplate image
with W @§H@t§l%@&%@%@£&@@%t BaseshRackarewsh thBd@&BgiﬁWo%j?@PH){&(in g

background subtr ctlo e example embodiment, Figure 3 shows a
g G B LA A O N B B B e o a st

movirgptesentation (PCR) in the example embodiment. Figure 4 shows a
schematic drawing illustrating directed acyclic graphs (DAGS) for regions

in consecutive frames jn the example embodiment,
it accordance with a t;nré aspecszJl O{p tFe present mventlon there is provided a data

storage medium having stored thereon computer code means for instructing a computer system
to execute a method of object tracking in a video signal, the method comprising the steps of
determining that a tracked moving object has become stationary over a sequence of frames;
generating a template image of the stationary object based on at-least one of the frames of the
sequence; fracking a state of the stationary object based on a comparison of the template image
with a current frame of the video signal; and switching to a moving object tracking algorithm

using a same object ID if the state of the stationary object is determined as a start moving state.



Figure 5 shows a flow chart illustrating a method of multi-object tracking in
a video signal in the example embodiment. Figure 6 shows a flow chart
illustrating a method of stationary object tracking in a video signal in the
example embodiment. Figure 7 shows a schematic drawing of an event
detection system implementation using the example embodiment. Figure
8 shows a graph illustrating a finite s£ e machines (FSM) representation
for event detection in the system implementation of Figure 7. Figure 9

BRIESIEES SBHEREAN GEFHE BitdBRSeter system for implementing the
example embodiment. DETAILED DESCRIPTION The described

embodimsni RIS a0oe VAR metnod ol multiobiect tacking for,
real-fime Video surveillance, n appearance moéeci principa c%f(? ent fo one

of pefipase pkdlidh treR)irasn M@@W@&Mti@ﬁjé@ﬂ*@@@m@ﬂ%@PCR‘WMHI%

ancChatagiedzes Wieappeardnge nfandmbject or a region with a few most
S|gng|cant oﬁor‘gslgg;élé%l oodeggﬁm%e{vmgd%tac dob$e05| % "
foreground region Is derive O TRET BER LIPS R fgction using

fhe@a?&%l@‘é%ﬁ?ﬁﬂéﬁ}ﬁﬁwﬁndrﬁm%ﬁfééﬁﬁé@mﬂg @glhsﬁmratféd asa

Maxigurs A Bﬂﬁt&n@rf(MAHﬂaﬂfﬁlhl&F@tmgeé alhdhpdtiackestalingts Wikiround

up 5%‘? 1?f%o ﬁ%&rﬁ% nd er%g rovb%%gchnbﬁct%ground subtractlon the problem

ct trac g |s ecomposed Into VO suebpro%fnms assignment
and fogEfon. SPP Byl pi6itiAg Hattharfodisagmunodtiisa o bty haseour
reprigbemaNisu@dRiormptiexsthas dheddistant or occluded ones, sequential
solutions tg the subproblems hlchp ces ob tsin..a
e ELR LB e Ll e ST S SRR A
regfipficonse @t Breerhisds srmtrentadigaisignment step, each

trackeg:abjesiie assigRedde MiareghoundeNegi O Muthe sRMIPELHANE 2 video
aovhen aré}gb ect és %S%l ?‘f:i its visual information will be excluded from
gnh ]IS&?? ? e reglon the location step, multiple objects assigned to

one FEyiGreareorst atdeorbanlbreatng e raieth b eheirtdmeth obitst.tacking in 2

videyGrphase eanspifl-agaditimbased on PCR is derived for locating

objelgts W. e Oa“gls%b ect IS Ioc ted its }nsual iri der%at ion |§ygxcludegam?n Mion

matic VeI
the n posmon in the region. ?ﬁe%peraﬁlo exclusion At th
ustpaels RetEmdhBPedisigiiment and location in the example embodiment
can pigoid BHtiple ObigsisibsingiipappRddniathasame ENON QRS for

event detection in the system implementation of Figure 7.
Figure 9 shows a schematic drawing of a computer system for implementing the

example embodiment.
PETAILED DESCRIPTION

'The described embodiment provides a novel 22D method of multi-object tracking for
real-time video surveillance. An appearance model, principal color representation (PCR), is
applied to multi-object tracking. The PCR model characterizes the appearance of an object or 2
region with a few most significant colors. The likelihood of observing a tracked object in a
foreground region is derived according to their PCRs. Based on the Bayesian estimation theory,
multi-object tracking is formulated as a Maximum A Posterior (MAP) problem over alj the
tracked objects. With the foreground regions provided by background subtraction, the problem of

multi-object tracking is decomposed into two subprobiems: assignment and location,



Some portions of the description which follows are explicitly or implicitly

presented in terms of algorithms and functional or symbolic

representations of operations on data within a computer memory. These

algorithmic descriptions and functional or symbolic representations are

the means used by those skilled in thle data processing arts to convey

most effectively the substance of thei} work to others skilled in the art. An

algorithm is here, and generally, conceived to be a self-consistent

seqiened oSk pstidsdinecterd desibdekabirctT havstapacaris o rmation than
the g6t BoqehysC ahd) anipetations e Ry sical GpRbliiasy e hasal et ibilcts in
a gr”&érﬁ shic,r aptical sianals . capanleof %%é@%f%tﬁé%%&rs‘c%%iﬁ{{e  the Tikelihoods

combined, compared, and otherwise manipulated. Unless spéci |caily
estigtafscbaiepiviZel didhssuismeEh s D rRrdhae RefeNMRisch inatstamed to a foreground
regRppresiaterithatihrn gheulntbe rraseni spacification, idisenssioRsI Ul ziRgided

term ch as_"calculating”, "determining”, "excluding"”, "generating”,
ﬁoma%gi%ﬁ#@?f%%%%ﬁ%g", or the like, refer to the action and processes of a

computes Kratism sepsimilap!elevashiestievicetotae Rainp LiEidecagsg one-by-one
acciRinGfasmgid atatrepRsenta asRb sieakHtanitiaswitaladhe eompUiRFfived for
103%{5“9@ into other data_ similarly represented as physical quantities. within

ng o rﬁaas. when an ogjem S T itsvisual iofin Ged 110jl the NEW
e-computer system or other information storage, transmission or display

PosiiEide e TREPr I8 rpsraemiebtisi R ibe et ef appaitarisofolopesgrmimg and
lockfienopefationsmpftigboiathadsaSueidappaiaiusoBay beampesipty into the same

reg%%n{)%trgé:l 1%(1;11_f0r the required purposes, or may comprise a general

purpose computer or other device selectively activated or reconfigured by

a cORPRBSFISgTame stere@innmdieh fpater arnespligbhitRmiseliriiyigpreped in
teripsegeniegthaseindaiadvhanfieranbyitclateda-MoMs e ipetareo MPuier Ofthin 2

other apparatus. Various general.purpose, machines may. be used with. -
o B A e B DT R R oA s e
the capit B P firet el Peditli i Bparerersins pefdmrenecYearerfiectively the
subBiethad stepadnay bedsiaparephiate. Rheigtueidie 0ia senyestionadonceived
10 GiENeRAl putnose computer will appea from the, descrption below, 10, . uiring

a'cf‘dltlon,.t e pres nt SpQCI?IC%tIOI:I.c‘ﬂ%O |mp(i|C|ty [SC oses a pomputer )
physiesgraainpighens iphitidcse Bppdientis e sELormbkmamstce aptitahsienals
capkibe: inhvicuabsie mﬁ&h@im@mﬁa@ddaﬁﬁp&?gﬂ h&r_einbmassé bﬁ@tﬂi{_&g effect

by C&qz‘é%‘s*t?ﬂ.!e%ﬁféﬁﬂ Q:%t%?%’tﬁé‘é%é’,r%%a %fq “T‘Béﬁpt%‘nqet%e t?oﬁgdﬁ"%‘?' A be

any particular programming language and i Bemenvtatlon thereof. Tt wil
appeiagshréeiatrquenath (erietss et pratiaatiihg FaaBrikge suifgubdimgs such as
“catb@ienf maybemissed, texinplementibedagchingsohthe DISEIRSUER the like, refer

ontained herein. Moreover, the computer pregram is_not.inten to be

o e e, ST SRR TR (e
and transforms data represenied as physical quantities within the computer system into other data

similarly represented as physical guantities within the computer sysiem or other information
storage, transmission or display devices.

The present specification also discloses apparatus for performing the operations of the
methods. Such apparatus may be specially constructed for the reguired purposes, or may
comprise a general purpose computer or other device selectively activated or reconfigured by a
computer program stored in the computer. The algorithms and disp}ays presented herein are not
inherently related to. any particular computer or other apparatus. Various general purpose
machines may be used with programs in accordance with the teachings herein. Alternatively, the

construction of more specialized apparatus to perform the required method steps may be



computer program, which can use different control flows without departing
from the spirit or scope of the invention. Furthermore, one or more of the
steps of the computer program may be performed in parallel rather than
sequentially. Such a computer program may be stored on any computer
readable medium. The computer readable medium may include storage
devices such as magnetic or optical disks, memory chips, or other
storage devices suitable for interfacing with a general purpose computer.
2PPPPRSIFEMPGtET He G abi e rARINIRINCRh 2GS i RETORS STRIUSHIYEY ARBRAU A the
desstiphioraissemplified in the Internet system, or wireless medium such as
eXG@PAHA%%é[‘ tB@?r@s%Msn%nglgﬁtg%lﬁlQ %ﬁga}ﬁtgmk;ls@sea%g{%% éze r%{;%‘%ﬁ?ﬂ? that
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despridieresimatihod pihiatnatntion crayurdseobe mplempntedragdiaidnaratended
moglules. Mor fichla I gﬁg} rgwlgr sense almoduels fu ction
0 hari waret%né?d%gl%ned Fgr%ser\r}_\iljiﬂt% ot e?%gompéﬁlgr?{ge%?l}%%é% ggn.lclggrw Al be
APRESCMFGIEDE hIEUEY RhyPEREFIIEH ATERERS My diisedite Breffoney be used to
imgleyponentachdizit sfanfatiape diotiat An-LMireielesEgnie ehiepisUsbeasy is
QA Licatigrfi%ggf{gcagl g L%te% %l‘[&&'tu A'sl ér!:“\l gr@%rp usag:[ehrevtari ts of the
HULplogcéli%giﬁtrésU exfst, Thosegs |‘Ieor in the art nv(\?iﬁ a%%reuate ﬂ%t the sys?frérsn. ‘
corpBieR RO BRI Sfitetica s BEBIMBIRE HOIPE HathowA e RN g Jraatee spirit or
scoptadibe snvEhgodlistinctive background objects (regions) in the example :
embg%'! t.are classified info two categories: Type.l CBR: a facility for ..
the pu ﬁ%ﬁ#} -lﬁie 1%cer]e;, Tope-% C S'R: a arafﬁgtmolgg Sﬁ’s%b%n?‘)f ormed in
pargdish r@iiteafiae SEATREI N S By &1 6pBBUEE gHasEteriz HSeStHiEnetiidy computer
reatifipemeanoes o CRiRsenRddayaiatiuthenlikelificedssighrendng:thesmagnetic
D erenyconext j: ckgrg nd re ion ma h ifferent.appearance
o fggtures. Some r%gn*ﬁfgss’t sig%?fi%n‘fgé%rfaﬁrgl ane%t{’g?%,r \;v??rga%%%e‘?rsl r%agfneral
PURSS e P RYSGeHEC R BT EReEsURBHYT TR alesniisiadsrhbardntiset medium such
as empitifisditieatationlIsklstogramcRepaseniaion (MR lal degserboMhgobile
Shiyetural features of a region and.Princi lor Representation (PCR
te (%) descri ee the dé{%%utfo}%lo omﬁg,n?%%%?ggf%%cﬁ%b% ﬁgﬁéﬁen%éﬁ%ﬁmse
COMREYE RSB e R N B B GO 19 practrie iy AGRS i s isfiarsebmetiod.
images biviixjonrespaniivelyinipithe-aseatiationwa ipsiars. g e zeditie, 12 the
harggg(fs%ggg%%(%@% Sk %;9@%%%@@99&%@@8 i BelS ARIASE Bmponents
or modules. %or 'example, 2 mo us.e may be implemented using discrete electronic components,
or it can form a portion of an entire electronic circuit such as an Application Specific Integrated
Circuit (ASIC). Numerous other possibilities exist. Those skilled in the art will appreciate that

the system can also be implemented as a combination of hardware and software moduies.

The distinctive background objects (regions) in the example embodiment are classified
into two categories: |

Type-1 CBR: a facility for the public in the scene;

Type-2 CBR: a large homogenous region.

Contextual descriptors are devejoped to characterize the distinctive appearances of CBRs
and evaluate the likelihoods of observing them. Different contextual background regions may
have different appearance features. Some manifest significant siructural features, while others

may have homogeneous color distributions. The example embodiment employs Orientarion



where r () is a binary function on the threshold T and &kQ is a delta

function defined as b (O( ji= 1, ific<O(x)1300 <k+1 Q, otherwise (2a) The -

OHR H'b is a simple and efficient variant of the robust local descriptor

SIFT [1] for real-time processes. It is less sensitive to illumination

changes and slight shift of object pos{%on. By scanning the region Rib , a

table of the PCR for the region can beobtained. The PCR for Rib is

defined as T' _ {Pi, {E~ F (3a) where p, is the size of R'b, ck, is the k-th
Histpgrars Rermreareian SPERRil deerphe Bstengtwidanpes alferceiqe and Principal
CobigRificaneerial (RCR )ooniputed by anriapnSChoedpds aseftarungtios. ik i-th
cefaHas [9.5yvhenthe calor ééiﬁihﬂg‘?gﬁb%% %&J%%@'Sr h; Qntgt%g]%!xlzigs of x),

threshold e; otherwise, it is olor distance used here Is 2<c,cy> llcn
respeptivelie dfithesenienfptianevelucs arg gpatdss bt piscrach prygjng B phnesisaation
hisiogten camtpanemiedls, are sorted in descendent order according to their

significance values pk, . The first N, components . which satisfy ' E oP

0.05P e T1sedas e R B the region R'b , which means the principal

colors in PCR*€bver more than 95% colors from Rib . PCR is thus efficigaf

to degcribe  |arge.regions of distinctive colors. e-| in the

exa L TR Lt O B SRl M e i Cn o

structyre,anp.cdldrs ifthedtiagl. B8oth'OHR and PCR are used to

*

characterize thé fypeBfBR. Let R’ hl be the i-th type-1 CBR in the scqng.
Its cont escriptors are H.h, and T bl. A type-I CBR has just t
Chix ?é—é#%g & &) st énLP{?e%SCF elﬁl'lcﬂﬁnt%aé;ﬁ(teqfﬁu lp % ocla?l Qescxjié)tfﬁg\f&“ [1] for

states: p or no incod ot 0 serving
reakyigee. IrEBRS ay et B Retvd IWndletugibmnesupd obiehtbifoviebicoaposition,
desgrintarmial the keaian’ R £udrosr thererespendinghRasitiobsfiRd biib pcr
for??ﬁsc ertrleglc{ggame 14x) are H, and T,. The likelihood of R' bi being
exposeé1 can be evaluated by matching R,(x) to R' bi. Based on OHR, the

matchirvg of.REX)aiell RibiLis$ defined as e
a

!, is the k-th most significant color of R, and p; is its

where p, is the size of R/, ¢

significance value. The significance vaiue is computed by

Fi= 3 8l ck)
wE i ( 43}
o(el, ¢2) is a delta function. It equals to 1 when the color distance d(¢;, ¢;) is smaller than

a small threshold ¢, otherwi_se, it 1s 0. The color distance used here is

2oy op

dipy, el =1 - W

(5a)
where <e,e> denotes the dot product {2, 3]. The principal color components E* ; are

sorted in descendent order according to their significance values p, . The first &, COmponents

which satisfy Eﬁlwﬁf = 95 gre ysed as the PCR of the region R'; , which means the
principal colors in PCR cover more than 95% colors from R, . PCR is thus efficient to describe
large regions of distinctive colors. -

A type-1 CBR in the example embodiment is associated with a facility which has a
distinctive structure and colors in the image. Both OHR and PCR are used to characterize the
type-1 CBR. LetR',; be the i-th type-1 CBR in the scene. Tts contextual descriptors are H' ;; and
7 4. A type-1 CBR has just two states: occluded (occupied) or not. The likelihood of observing a



PE(Ht~ k.!= 2<H~3,HH> IIHKI11 + IIHt 112 (6a) If R' bi and R,(x) are
similar, PL(H,IR'b 1) is close to 1, otherwise, itis close to 0. Let TT ={.
L{E PbL,.)}k " | be the PCR of Riland Tt ={Pt, {E? = (cp a p'i)},mi}the
PCR Rt(x). According to he law of the total probahikty- the likelTood of.
Zt(x) belongiing.to EL3 is N'yy P(T44Tta) _ P(Teka,w)P(H I,+ TFi) k=i
(7a) The second term in the sum is the weight of the principal color ck bi.,
in the PCR of R' bi, i.e., P(Ek bi,ZFT bi) =Pkb i,PPbl,r The first term_is the
PiiReliRBod DASEFOAHRE PARIG SFERIRMEE 6 B AR EiEER B Oft i region
R{mvihuatbd frorespheiP€ ResobR 'dfi Rind R, (%) asrfedihfrdmd (Tt)~Paiff) andnih The
ke RAsb o ERENAGAL Spbleha B8R, Thenihereds P BIAMIA onr, he
PL'i-76(ch’ite’Pe Pbi, n=i JJ (9a) P(T bi fT,) can be obtained in a similar
matghine Rttt 9 bi and R,(x) based on PCR is defined as
P(Tt I%jOa) Assuifgahat colors and the gradients are independent
and df %‘Wé"lg s gre sgd, the log likelihood of observing R'bi at time
tis L'az' log Pi (EJHHz)+(I-w,) iog PL(Tt 7bi (I la) where w,, =0.6is (62
choser gmpirgally.c thealtype G Bsiadhaexanmpleaibediment are
large grl_omo%eneousz regions. Only.the 5.
T = maoi8hy = (ChaPlisllie;} be the
BCR of By and Ty = {pe, {Ef = (e, p}' )12y | the FCR
Hy{x]. According to the lww of the total probability, the
Hikelihood of By (x ) belonging to RY, iz

o
PUTITE) =3 PO, ) P(ES, T
=t | (7a)
The second term in the sum is the weight of the principal color ¢ p1.: it the PCR of R 5.,
ie., P(Ek BT )= pkg, 1/Pp1- The first term is the likelihood based on the partition evidence of

principal color ¢ 1. Tt is evaluated from the PCRs of R' ;; and Ri(x)as

{ I

i ‘

E o . & : K e

Pl B = = min i?‘m,@az BiCEy 5 B IDY }
e .

n=1

(8a)
Then there is
1 B M,
o) = 23 i 3ok
e = =1 (9a)

P(T | T;) can be obtained in a similar way. Now the matching of R’ ,; and R(x) based on

PCR is defined as

Po{fr ) = min{ P{TITEY, PTG GG (102)
a

Assuming that colors and the gradients are independent and different weights are used,

the log likelihood of observing R at time ¢ is
L = wy o Py (H By ) +(1—w,) log PelTW[T},
(1la)

where @, = (.6 1s chosen empirically.

The type-2 CBRs in the exampie embodiment are large homogeneous regions. Only the
PCR descriptor is used for each of them. Usually only part of a type-2 CBR is vccluded when a
foreground object overlaps it. The likeiihood of observing a type-2 CBR is evaluated loc-



PCR descriptor is used for each of them. Usually only part of a type-2
CBR is occluded when a foreground object overlaps it. The likelihood of
observing a type-2 CBR is evaluated loc 15 tally- Let T 2 ={ ba,=, Rsa,s -
(c62,i>Pb)) } be the PCR of the. i-th type-2 CBR Rb2. Suppose Rt (x) is a
small neighborhood centered at x, e,g, a 5 ae 5 tmindow. The like- |
.00dOfRt(x) belonging to142 L is defined as R(Rt(x)~Ra2) = | t(x)I
me&xyS(gt(s FR 2 ) (12a) Where ]Rx%g_) is the size of the window and
E )? "ﬁa"i‘ he 5‘(—“1 FThé! |keI|hood that the plxel X in
é_?dﬁ BHISL = log P(Rt(x)J4) (14a) The
TEBE in the example embodiment consists
of its nd PCR. F I -th 1 CBR R' bl, the appearance model
is def%}??é K}IO(R&M}) %U%r% Ef’%%g?The spatial model of R' b, is deflned
as its bounding box and the center point, i.e., M,(R'b 1) (B'b, x' bi) To (122
adaphtoeligiiting cheasigres fromimtyy tond %{Sb@'sidégmeomﬁ\fmcﬂon defined as
appearance mode No&ab 19 gﬂ &;i: bgse which contains up to K6
apped#féfeeiabde]sOf m ised™rhe models in the base are learned
incrementally. The active appearance model is the one from the model(132)
base‘hmﬁmg:m&aﬁmddslﬁnelepﬂsrﬁrmap}p}eamm&ﬂhme &BRo Fhe imodel base
of Rbs.i s MB é% ba})&=a,dia <;.Lii,. Natural lighting changes
slowlf;’?ar%? D be a time duratlon of 3 to 5 minutes, not
limiting, in the example embodiment (i.e. a long duration compared Wltf(l

the frasrereuratomadalnd iveo SighRin aexamels embedaeihepists-of its OHR_
andtml @B%edmngg@e period gr%@gﬁpmm%@%m %&Eﬁd,aﬂa{v}(ﬁ 1eE (7 ,,

T;,;§l?€£2 sgcg‘ga c%\il%lag% ?sf (}Qf?n cl'f %g QI% oun lﬁg %ox and the center point, i.e., M{R: 1)

= (B ¥ b1
To adapt to lighting changes from day o night, besides the active appearance mode}

M, (R ), a model base which contains up to K, appearance models of B ) is used. The models in
the base are learned incrementally. The active appearance model is the one from the model base
which best fits the current appearance of the CBR. The model base of
Ry, is MB(R,) = (MBS K £ Ks
Natural lighting changes slowly and smoothly. Let D bé a time duration of 3 to 5 minutes,
not limiting, in the example embodiment (i.e. 2 long duration compared with the frame
duration in the video signal). The times of observing the i-th type-1 CBR during the period are
accumulated as
ZiE =S o ALY
teD (158)
and the average of the likelihood values is
Ly = e Z Litpere, (L3)
Zy1 D {16a)
where L ) > Ty, means R 5; is visible at time ¢. If sufficient samples of &', have been
observed during the previous (last) duration {e.g., Z7 4 /D > 25%) and the average likelihood
value 1s approaching the threshold Tj; (e.g., f,i’f < 0.87%;), & new appearance of R ;; may be

observed. In the coming duration, a new appearance model M° , (R} ) = [H™ 4, T u } is



L61 = -z L3if LIf Li ) Zal teD (16a) where L" bi > TLI means R’ bi is visible

at time t. If sufficient samples of R' bi have been observed during the

previous (last) duration (e.g., 7" bi /D > 25%) and the average likelihood

value is approaching the threshold TLI (e.g., L,",' < 0.8TLi), a new

appearance of k hl may be observe 8In the coming duration, a new

appearance model M', (R'b i) ={R" bi, 7" bi } is 16 obtained from a

frame in which R,(x) Iooks mostly like R bl, i.e., t = arg minter{ L -jai_ If the
obtamecnmlwme@dwm&ue@(@r&dwﬁhmﬂxﬁm gpnéqewverﬂmtmﬂﬂae w0
ift Ct|¥eer alrg‘nccfavarlrl]lgsd el I gNOFgOS tée;[Qu nrf]ee ;%BQ earge ac ve a eArance

é v ?EEQ% IS comparec?rwn(ht e ones inthe. model base aceor ing Pgﬁ’

moflg) ifrewlects- JUfficiBhiig CRISeAtaNEsamREsk Modet (1 eis thRIBATSHIAMIE: r@e lefrefein the
moﬁéaﬁhgé'-ddc%}dihg’\w heayseartoisepiaserinecasive Moskal. @mravés@;etmﬁmmy is

acti ve m I WlII e re Iaced b e new m eanw lle, the new
oG (R LB e R TS e PEe A A0 Tt b
repbl@é%dh@n@*thﬂmeﬁeb’ia@wby th@m@vmm?@bl@ alserrdsg lneotihe Fa®RIf the model

basH@SEHRIONRN e ditshie 12 (B RFebd thenaRPearange model of R82 is

then defined as MO(R'b 2) = (z' bz) The spatial model of R' bz describes

the Fehde-drakhs Rohistanes o8 hedihiraR Rfale. mpmary Maskede of R,
is t@é(xééﬁdééeﬂ o e, Lo = WRD Zﬂhe an%b%dlhgf%a“aéé&?%@ @a@m V&S the

to be adjusted in initial ization duration when sufficient samples have been

hor B R SRR FRIG RS e HREROBE Vet AL 4ife Ridotiet Hade 8= (U n(x).
Themplayeditd dsabavitho tireadippednandiaiiasiatiohsadbthehtypeffciGB Reflenhave
beeq%xs@damfmm%@aqgﬂmﬁsoefm&g -th type-2 CBR Rib 2 is MB(R'b 2) _

Jryri,Isl: he models in the model base are learned.
.ncré‘rﬁﬁéﬁtawg)%%tz@ﬁ thEM RIS Gt FBnE il APEAiRRFtinsi e otiee type-2
CBRingsy idapgentiholise nedk perts dbh & - hdyisegeabratst 2 as MBI 2  X) =
MTL2 (k b, (x)). The overlapping ratio between the exposed parts and the
(Bl noliel Tk R [hatbide tishozmodebBseide lsaned iipmmehTaly tviend the

timaRRRS kfliﬁr%?‘é&‘?ﬂlﬂ{écite}é ﬁlﬁ@ﬁhﬁaﬁ*?ﬁ%gl@?d&@%é@%&%?ﬁg e gonerated

more parts of R' b2 are exposed and less pixels of other objects would be

55 [hyonal et oiic ot JaEI AUFETER e h%%%b?@ﬁ?ﬁ?gpﬂﬁ@ fafge spatial
mofieifbooRR; b2idkriing the period is a = Lx(4a

Vi ny,
dud
Vg U Uw

f;’m

_ (17a)
where ‘ /7’ means intersection and " means union. The larger the ratio is, the more
parts of R ;, are exposed and less pixels of other objects would be involved. At the end of each
duration, the times of observing the fargs part of R » during the period is
ZiE = pralaiy)
b (182)
and the average similarity value between the observed parts and its active model can be

computed as

Sia =

Zl@ﬂPL T ITE) - pre lain )

Z§ QFH

(19a)
where P,(T,; |T,0) is calculated according to (10a) with normalized PCRs and Ty =

75% is used. Like the operation for type-1 CBRs, if sufficient samples have been observed during



teD (18a) and the average similarity value between the observed parts
and its active model can be computed as 7 log 'L('sa 1JTz) ' I'm 4e z ten
(19a) where PL(Tb_" ;Th2) is calculated according to (1 Oa) with
normalized PCRs and TH = 75% is used. Like the operation for type-1
CBRs, if sufficient samples have been, observed during 17 the last
.duration (i.e., Z'P b2 /D > 25%) and the average similarity value is
approaching the hreshold TL2 (e.g., Sb2 < 0.8TL2), a new appearance

the JSIEFAL (R % iggéhérated ST e e i Fre2bORSGRE the

thresifmidarityvalugsare towiy hewepsansacutive-durations. jhe (artiMes from the
appearance model will be replaced. If there is a model in the base which

curient Eaigho e tBvaiee e A eaba T niou dr Abat R PS5 i vindurations, the

actistnapipaityris: imkgier mameﬁh;am)g if\didkbe waeddbinreplaae ﬁhﬁcmmswdegh to

Otherwise, the active,m il b repl ced by.the new
the B i T T i R RTEE R Tt e

repigee|tesa aisfigl mefel oRibeoite feetiaetveepiieb by merqudw@detﬂm_ewmdel

Meghlvhie mer@@%mﬂ &SEeNSlabely BifoaIRORRTIIrAEenhEX) 8¢ B lRaky full, the
ed at X in a@r the posterior probability of R,(x)

old s%%ne 18 thé X?e LB ?ﬁ
1 elonging g ¥2 s P ~~F4txj = P( (XA'0OP(Rilx) P(Reta I) (20a)
Thebﬁl‘flé?’ fpfobabﬁi’tyhp FBRe) Wb alvecarféviar eevennpikarin &iinrdgelotiepgion

,(ﬂj@ﬂagedmstﬁnq&pm@ﬁmu%pﬁr&éx}zi@ﬁmﬂga&%ﬁg%ta@gm% frame
1,(x) is defined as Qs(RI, (X)) = logP(A(X)IRL) +logP(.3 ,Ix.) (21 @) The
positiofrgftype:! HBr e IR AR Hetermined by its spatial model. The
prior probablllty P(R'b If)(% For the position and 0 otherW|se Then, timma)
10 BRSISHRHESRARIY R SIUAICORID e 400 el pd SLiNE PASIOR 1oc
)

for R' bi. A rat tlmes over

DOS?%&%W&%& deRGH Rrseg @§R“i§1&f‘s‘éﬂmlﬁb?¢%‘5 ”ihié @afé@qéeéomputed
35 Q(Ry(x)) = log P(Ry(x)RE) + log P(R{[x)

(2ia)
The position of a type-1 CBR is already determined by its spatial model. The prior
probability P(R’; [x) is 1 for the position and 0 otherwise. Then, the log posterior probability is
equivalent to the log likelihood at the position, L.e., 0" 5; = L' pi(R(x" 1 )) = L"' 4, for R’ ;. A rate
of occluded times over recent frames for each type-1 CBR is used. For R, |, the rate is compuied

as

it = Frbt T+ (L B — e, (G5 (222)

where /5 is a smooth factor and £ = 0.5 is chosen. A high rate value (close to 1) indicates
that ®';; has been occluded in recent frames.
From the spatial model U’ j(x) of the i-th type-2 CBR R's,, the prior probability of a pixel

x belonging to the region R’y , can be defined as

. 1 o
P(Hglx) = A i y jfiﬁmfm
T Rl

(23a)
Combining (21a), (14a), and (23a}, the log posterior probability of that x is an exposed
point of R'y, is '

Qi () = LiZ ) + log P(Ry, )
(24a)



a =%r'i-;+(1-j3)i(1-u2a:.( m ,.l) (22a) where /3 is a smooth factor and /3 =

0.5 is chosen. A high rate value (close to I) indicates that R'b, has been

occluded in recent frames. From the spatial model Ub2(x) of the i-th

type-2 CBR R'b2, the prior probability of a pixel x belonging to the region

R'b 2 can be defined as P(I zIxi= 17 QgZ(x) IRt(x)I pe r (23a) Combining

(2la), (14a), and (23a), the log posterior probability of that x is an exposed

point of R'D2 is Qyz(x) :La(x)+logPé~.(§Pfix) (24a) 18 A rate of occluded.

time’s Bied et Ses XreSepRanTd Aesl RiE-DCBR RsgebBEiisused.
Firdo toebeobbistitoneise and effecbObbouiaderies, artiodefudizd pikel wpa2 CBR is

con%%ﬂzogﬁglb%a%fggm%&nﬁ,m IQ&@II %@'9@%@59%@&@&){&?5&&%&@% :1%{'},2 in

proportion of pixels belonging to R'b2 in the neighborhood region,i.e., r
the ﬁ&%%bﬂﬁfgﬁi (283} id r2 be the proportion of exposed pixels of R'b2 in

R,(x) according t e, P %terior estimates, i.e., r7=() E ,~r (Q (s) ) (26a)

where T i8-chiosen @éﬁ Tightly lower than 2TL2. Then, an occluded pixel

of R'b2 is confirmed if the majority of the pixels within its neighborhood?>2)

are gfdR-pB-and jessonidhemeaiescohsesesk IR the: qurrentdeadng. dawe haterior
esmr&%e is‘g.omputed asr(x) _-1(x)+(t -i~)[u2H (r.)i2'x (t-T'W): (27a) where TH

25759578 chosen in the example embodiment. According to the result a
contextual interprgtation, ,rf?%learning rates can be applied at each pixel
for differert.sttu %s“ﬁ?t & éxample embodiment;

e

_ (26a)
where Tj; is chosen as slightly lower than 27},. Then, an occluded pixel of Ry is
confirmed if the majority of the pixels within its neighborhood are of By, and less of them are

observed in the current frame. Now the rate is computed as

rid{x) = @ TN - B g fr ) pr (17 )
(272)

where Ty = 75% is chosen in the example embodiment.

According to the resuit a contextual interpretation, three learning rates can be applied at
each pixel for different sinlationé in the example embodiment;

Normal learning rate to exposed background pixels with small variations;

Low learning rate to occluded background pixels;

High learning rate to exposed background pixels with significant changes.

An image of control code C(x) is used, where the value of C(x) 15 0, 1, 2, or 3 where the
low, normal, or high learning rate is applied respectively at the pixel (here 0 is for normal
learning rate for non-context pixels used for display). First, for the pixels not associated with any
contextual background region, C(x) = G is set. The rest of C{x} is determined according to the
results of contextual interpretation. For a pixel x within the i-th type-1 CBR Ry, if r ¥4 2 0.7
that means the CBR is being blocked by a foreground object, C(x) =1 is set. Otherwise, if I(x) is
detecied as a backgrodnd point by background subtraction, C{x) = 2 is set since the CBR is
exposed and no significant appearance change is found, but if /{x) is detected as a foreground
point by background subtraction, a high rate should be applied since it is detected as an exposed
CBR point with significant appearance change, i.e., C{x} = 2. For a pixel of the i-th type-2 CBR
Ry, if '3 (%) 2 0.7 that means the patch of the CBR is being occluded by a foreground object,
Cx) = 1 is set. Otherwise, if I(x) is detected as a background point by background subtraction,



Normal learning rate to exposed background pixels with small variations;
Low learning rate to occluded background pixels; High learning rate to
exposed background pixels with significant changes. An image of control
code C,(x) is used, where the value of C,(x) is 0, 1, 2, or 3 where the low,
normal, or high learning rate is appligg respectively at the pixel (here 0O is
for normal learning rate for non-context pixels used for display). First, for
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corresponding controf image 128. In the control images 120, 128, the black regions e.g 130 do not

he images in

belong to any CBR, the gray regions e.g. 132 are exposed parts of the CBRs with no significant
appearance changes, and the white regions e.g. 134 are occluded parts of the CBRs.

According to the example embodiment, for pixels in the regions of exposed parts of the
CBRs with no significant appearance chanQes, the normal learning rate is applied, for pixels in
regions of occluded parts of the CBRs, the low leaming rate is used. For pixels in regions of
exposed parts of CBRs with significant changes (not applicable in the scene shown in Figure 1},
the high learning rate would be used as described above. The scene in the image 102 is a meeting

room with four marked tvpe-2 CBRs for the table surface, the ground surface, wall surfaces, and



used for the existing methods of ABS. The high learning rate was set to
the double of the normal learning rate and the low learning rate was set to
zero. In Figure 1, the leftmost image 102 is a snapshot with manually
cropped out contextual background regions e.g. 104, which are type-2
CBRs in this example. In the snapshgg image 102, the type-2 CBRs are
surrounded by polygon boundaries e.g. 106 of different colors. The
second column 108 s a_sample frame from the sequence 110 and
the 8 B SBOTAIREF Buni b TS 7 ol G PSTRES The TS of g crowcs.
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HEFRShe BRPEARIS RS B1ARIE S & B TRy Vo iy complex
forqmrsahs:uisinigar bonsparraésienifigaralte in the unmodified ABS methods,
some appearance features of the persons were learned into the
background models, and then the ba P%’Eeoind subtraction failed to extract
the complete figures of the persons in’ coming frames (see images
116, 124). One example frame, Frame #102810, is displayed in Fig. 1. By

usirg context-cortrofied bagkground FaiRgAANCE Offhie eXample prg
embodiment ::mnlmrl toithe ABS methods. the e ¢ flcf.qr*mF,L(sge_@age
s 11 RE98Ft A‘ﬁ{é?g%s]....%Zég%me=n.,8§f3..§,.,.:.,~ A HantitativeS08?
evaluation on 12 frames sampled from the sequence every 200 frames

starteg.frome Jﬁ%ﬁ%@ 10451914 (}éig%mﬁo%%%ﬁ? SHiRReRISAIRIAd Mormation,

Table 1, where the metric value is defined as the ratio between the
Such @IPSRLITEATRAPR Mk Y (R HiolHA B SHE FReReRAligREyposition, especially

along boundary regions of objects. However, if fed with correct samples continuously, the pixel-

leve! statistical models can be tuned to characterize the background appearance accurately at each
pixel. Then the pixel-ievel background modeis can be used io preferably achieve a precise
segmentation of foreground objects.

The example embodiment exploits contextual interpretation to control the pixel-level
background maintenance for adaptive background subtraction. Experimental results show that the
example embodiment can improve the performance of adaptive background subtraction for at

least situations of high foreground complexities.



regions. According to [2], the performance is good if the metric value is

larger than 0.5 and nearly perfect if the metric value is larger than O.S.

From Table 1, it can be seen that, by using the context-controlled

background maintenance of the example embodiment applied to the

existing ABS methods, the performaﬂce of adaptive background

subtraction on situations of complex foreground activities can be

imprgved significantly. Table 1 MoG CC _MoG PFER CC_PFR Frequent
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each hinkenamde égioad aptitep P46k groumehs il agc i NthE xpernie nbal v@sultsgnal is
recSROY Hadithe, examplg.embodiment can imprave the.Resformance0fns of me

Ri. b DLUEJ A.‘.rlt(.qﬁ EACE ERIRELIWARL ¥V EMWrLER BN S AR

adaptive background subtraction for at_least \éﬁlthvaﬁgﬁs of high foreground
C“%Hﬁlégﬁt?@%t}g@ TIGEFROBURBINLTS MBREREPE 280 b ctrRre defhrfsRps: At
stefpatkgddiment pdating faeadapterddrabkgrbpiidesulsiractiod mulareidieo for pixels
thaSHINAL AR HRGIP RS SARMPIS SRRRAiITaRRt: AL, step 202, one or more

contextual background representation types are defined. At step 204, an

imadd'8f §s08MaE TR eIl 5RgHERE'S PO AT A SRR P g textuat
bachgrokgtougidnyegionsapibstiemRtieemehtimokgrd back gagioh dsjclassifigdiias for
arRAD GG O0EP LR AN EY AL R ARk d e R RSRAIALAN, URES AL

step 208, an orientation histogram representation (OHR), a principle

colour representation (PCR), or both, are determined of each background

regionthAbstepl? thbadouerentrintggecoithescenatnneCHY empiiipd fos efficient
applBGGINEL At S8R 3 ibisidgtetMr nadWhaRLIESRERY & RXEISINIMaRS, be
regions of the current image spatially corresponding to the background
ap?ii?ﬁi@rﬁs%?@%%%ﬂi&&%”&?‘&%ﬁ&%%ed.gﬁ\‘ﬂeﬁéfj_% CHRITShTREITIAY rafsiggese:
cacketforcthel adagtiverpackground subtractiosvioedifcedgraimat esggooecludbet, each
regRACLITBRRISMAL 2S£ %BREEA FESPRSINER Y NVRil6- D e AeScr RS, S¥ AT G hen

“embodiment started from manuali cropped out contextual o
objects overlap from the camera view pomt}./ The example embodiment uses the principal color

representation (PCR) for modeling and characterizing the appearance of target objects as well as
the segmented regions. For an image sequence captured from a natural public site, each image
may contain one or several objects. These objects in the image may overlap on some occasions.
Further, the poses, scales, and motion modes of objects can change significantly during the
overlap. It has been recognized by the inventors that these issues make the shape-based object
tracking a rather challenging task. However, the inventors have recognized that it is much less
likely that a a target object change colors in a sequence from a surveillance camera. Hence, using
global color features of an individual object can provide a relatively stable and constant way for
~ object appearance description. This can also iead to a better discrimination of multiple target
objects in the scene.

In video surveillance, an object of interest (e.g., a person, vehicle, luggage, etc.) may

render & few dominant colors which only span a small portion of the entire color space. Let the



background regions in a snapshot, image segmentation and background
object recognition for automatic initialization of contextual models may be
performed in different embodiments. In the example embodiment,
principal color representation (PCR) is applied for efficient
appearance-based multi-object trackjng. In a video surveillance system,
object tracking may be applied to a sequence of segmented images
enerated by backgroppd subtraction. In such g, case, each s ented
i SR R RS AR e B Sy AT F ARS8 B i are R ERes e
posigiauie! pagjiishiniby resingiSiheh Srneenrgpemijecriecigal solvalkimespartionjRsmy can
be QEQKP Lf target objects (when objects overlap from the camera view
point). The example embodiment uses the principal color representation
(PCR¥aF Medehing &idshidsatterizing the appearance of target objects,
as well as the segmented regions. For an image sequence captured from
a n3thFE ivﬁfbﬂ@ §1¥@,°§3’€H’ﬁﬁ‘%g(€f Fh%?%ﬁ?ﬁ’fﬁeéﬁé%’r @é@éﬁfﬂ%ﬁj@&?gmﬂl €
= (hgse’ ohjasterin RIS imbge oiayeoiiertamorigodfomocchsiander Fgrtharntheoior
res RS S°21881.900 MUANAAHAS BlPPICETS AN RARME SHONHEAR egion. The

uring the overlap. It has been récognized by the inventors that these
COMBANREE nkalk® T S e BALEd bR ARG & Tarher Eanifetsmgaiek of the
prirkipaeviess thet ihventans have s€ogpgnized thabek isemuohtlesshéikipiyifibatca of ith
wint&ggﬁ%@&jgﬁ ghanpge calors in a sequence from a surveillance camera.
Hence, using global color features of an individual object can provide a
relativeély-stable@neenstant way for object appearance description. This
_ can also lea@rto a better discrimination of multiple target objects in the 2'}
scene. In video, surveillance, an object of interest (e.g., a person, vehicﬁe,
lug g ES) Maf Perider WERFdBlitant tdfors WHitH BRPRpdh Hissgimele
emipditiontobthe-ehtisecomior Bpagdatb@bthe2r ntigifore froemdbregpgran object in a
gmﬁiﬂs&tmég% Hefranmeiatimet e Rier (o HORER fofs Gm¥Bd HENQEHNSsian

position of a pixel in the region. Then the corres]pondin principal color
ker?@ﬁ?e%@ﬁf&ﬁcﬁﬁs(%ﬁ?f(?&ﬁd ARIRHSPLIRRHR Fer R SRl Whgp ¢ =
othdomBe@n)zdiml 0. HYwrherd shds:tirepsizenbbdnecre giorofalitiaectotalsadimitielr is not

sen@fi10& RINEISMANIENR:ERGORYS, _ (M g b ")T is the RGB values of the
ith most significant color under the original color resolution (i.e., 256

levels #af gach thﬁgﬁf—%&% s' " is the significance of c', for the region.
e SOt

The components ed in descending order according to the (3)

signjficance.values. of, (06, PURCIGL GRIOFf. LTINS GUILENE TFaME QLINBY:eq 1o
color images be [,(x), then the significance of ith principal color can be
con@@ﬁf@ a function in {2} as

. 1, idie, )<
&{Cﬁ;l‘ E?ig:l = 0 & )
. otherwise

(4)

¢ =0.005 is chosen in the example embodiment.

The PCR 77, contains the first N significant colors and their statistics for the region R”,
(x). Since a region of one or a few objects manifests orﬂy a few dominant coiors, it is possible to

find a small number N to approximate the color features of the region, i.e.,
I
S sh = ys, with ¢ = 90%
d=1 c
(5)
In the example embodiments, using N = 50 in (5) lead to satisfactory results for almost ail

the regions containing one or a group of objects.



Si. ='(WIt(x), c1) Xl (2) where w(x) is a weight function and E(, ) is a

delta function. In the example embodiment, co(x) = 1 is chosen for

isolated objects or regions. When locating an object in a group, co(x) may

not be equal to 1. If necessary, other weight functions can be used, e.g.

Gaussian kernel to suppress the n0|§ around the object's boundary [5].

S(cl, c2) equals to 1 when Cl = C2, otherwise it is equal 0. However, in

the example embodiment a color distance is used which is not sensitive

to nbi8e AT MERafSrefaneSFit, YhrLeSPanvimae <Y (esias tha digtated
indpiddaietnthecddslomdistaiemi{Byis thar applisastos COmpdRsthe delfareground
regtBIRCHRMdNetZL A% S ga)u;lmﬁfg%@tmgséc%‘% an&ﬁe%%&e(égo@n iDORiD grams

chosen In the example embodiment. The PC contains the first N
3% %ﬁ&%ﬁf@éﬁ%@&ﬁ&% rectRREHg for B PaToHIR oiBR ASifbd s aitraress
e.g.0f0gne06 e veoivjeetsimari (3 s30 0 he pdaweliormin antoatars, iit Taipossible

to find a small number N to approximate the color features of the region,

i.e., s',>-Is. with --y = 901X (5) In the example embodiments, using N= 50

in (5) lead to satisfactory results 6 Bifost all the regions containing one

or a group dfﬁl}@ﬁ@%ﬂ@omm&@mﬁlﬁgmwmre one

T TTegE- 308 COTH s W IS ot egh Vit s anstanotier dmage 302 7
contains a grou fof 5 persons. The PERs fof the ?orggroun reglons a
gerRSFERBY MRS agh scanning the respective regions, and are shown in the

2bn<>1mmmso el2-3l4seprechively Detalls, gt)tBE)allomB;am far fNe 1 Goto 4;

reetoud rnrﬂnn R" __(v) {cna white nrnnc e g-304.-306-in fhn

3%" eg %ﬁf@%ﬁ?&éﬁs%sf” 31(5‘%§886t|%|§7) St Ltminiatized in Table 2.

4T ABbE: TEIR ALGOR | -4 cEaR it RAIIPE R hORRIa@NRE, s

54| After finishing the scanning, select the first N elements to form the PCR of B, (x)

The aim of object tracking is to allocate a tracked object in the coming frame according

to its previous appearance. To achieve this, the likelihood, or the conditional probability of

observing the tracked object in & region of the current frame, has to be evaluated. In the

| foliowing, the likelihoods are first defined based on the original and normalized PCRs of the
tracked object and a region. This is the extended io the scale-invariant likelihood.

Let O ., be the mth tracked object described by its PCR

fg’fﬁ = {Sm {Ex - 151 ¥ L}

isolated object, and R" , be the nth foreground region detected at time ¢. According to the law of

obtained previously when the forched object was an

the total probability, the likelihood of the object O” .., in the region R", can be defined as

hi
PELIOT.) = PRI ELYP(E|OT )
=1 (6)

where each P(R", |E,, ) is the likelihood of that the object O™ ,. ; appearing in the region
R" , based on the partition evidence E',, , and P(E',, |O" ,. ;) is the conditional probability of the
evidence £, given the object O™ ;. Using the PCR T"’ 1 of the object O7 ,_ |, the conditional
probability P(E,, |O" ,_;) can be defined as the weight of the principal color ¢ ,, for its

appearance,



I'V1 .r 0. n tile. yzx__elS withtdin iiitthro _ bOGi,duinwg box iNr ol the \ If ¢
Dn (x) i J. Scan tile to , of the rcr'aord R, (X~. iin n, fin, perform steps
2-4; 2) From i = 0 to M- 1: compute d(l,(x), c', ). If d(I,(x), ¢',)< e, then s'n i-
s'n + 1. Go to 4; 3) Otherwise, set En,, with cM =1,(x) and sMn 1. Set M
M+ 1; 4) Sorting {S,, } .Z in I", in desegnding order according to the
significance value s'n ; 5) After finishing the scanning, select the first N
elements to form the, PCR of R", (X) The aim of object tracking is to
aIIocat@mM@M%ct in the coming frame according to its previous
appearance. To achigve thls the likelihood, or the conditional probability)

of qbser ng, ked na on qof e.cu rent fra has
evacltl?a?gé Eﬁ? l6Wing ﬁ10 Iﬁke o%lds gre ﬂrscircfh fined b ngéd%nﬁ%g%wd
P(oghial and @,@rmﬁﬁg&%%‘cﬁiﬁcﬁmh@ tiackedqhisatandigetegiote TS color

the extended to the scale-invariant likelihood. Let O',_ 1 be the min
COMPRBRES vbject described by its PCR TtTt={a, {E = ( 4 t}~s 1 obtained

previously when th torghed object was an isola ct, and R" ybe
the ﬁ‘ﬁlﬁd)fégmmzegwﬁét&cled’éﬁt}n Ehx;g oih&lla@ﬁf}the
total probability, the likélihead of the o ectSCF’ in the region R", can be (8)
defined as dW (6) where each P(R", E™,) is the likelihood of that the

obje%lbé‘mgﬁgé ﬁ?& @t’ﬁ‘éor(é HIR" | based on the partition evidence E, ,

and P E' " 10" ) is the ditio al %b_ab@lllty_of e evidence E. given the
object 8% 1@ Wi "1, the conditional

probablllty P(E',n O™ I‘)"can défihed as the elght of the principal (¢ ©
color e " for its appearance, 24 E (FAO i) v (7) Usm%the PCRs

, o't @ VB eE g 91k SP‘EH%(PégﬁﬁﬁaﬁﬂTﬂﬁ‘é*ﬁﬁﬁl bEUBPRHYE e E}ée
varxaomplﬁthd @faied ungﬂbﬂb@mrgrﬁ ificaneehalges bfghtsdkmBhooloraliue will be

affe%@é’a‘ H%@%%r@ aRkelfhdEn o TiIRoda BARACEG ﬂ%on%anz%a PR uslf RET) N
(8) Substituting (7) and (8) into (6) yields

example emb imeént. Let

T = 1, { B = {c},, & ¢ 13, be the normalized PCR of the object O, where 8¢ =& /s,
and T = {1, {EL = (¢!, &1, 1 be the normalized PCR of the region R with 5 = & /s,
The licelthood based on the nommalized PCRs becomes

L3 N
P(R?|Op,) = Y min {é‘;,z (et ci)ﬁfg}
= #=i (10}
If the region R” , only contains a single object, the likelihood based on the normalized
PCRs is more accurate than that based on the original PCRs. However, if O7,_, is one of the
objects in the group R”, , the likelihood on original PCRs is better. Hence, the scale-invariant
likeiihood of observing a given object 0" . | in the region R”, is defined as,
PHEREMOT, ) = max{P{R7|O7, ), P(RP|O)} an
Heuristically, if the region R is a single object, the likelihood computed from

normalized PCRs appears more reliable. However, if O, is one of the objects in a group R,

the likelihood from un-normalized PCRs appears better since the object is smalier than the group.

Equ (11) can provide a suitable measurement for these two cases in the example embodiment.



1 n T'( TIUiLr) = E min fc m :=r {s$ccc)s} 5-r (9) It is noted that the above
likelihood (9) is evaluated under the assumption that the size variation of
the object is small. However, if the size change is large the likelihood
value will be affected. Therefore, a definition of likelihood based on the
normalized PCRs is used in the exaggple embodiment. Let2={1{E" (¢’
s‘ )} ~r } be the normalized PCR of the object, O" where a'Is,,,, and -
I(:%b be the ormallz d PCR of %he region with s = S Is
IlkeI o alsf’en of V%%Or?cu)lf‘ﬁ@fa 2ed PCRs %%oh%‘é‘% bLiGGH e)‘gnﬁ"mé)"f‘ (id) for
eacl (etagoliest emé)prﬁwﬁelge@@m@dﬁpmtmam@ & dhegieeshjRbentaritiple target
obj émﬁmmt?ﬁe@@mT@wawm%ﬁ@%&&ﬁﬂpﬁaﬁ@%&eﬁ@m@ Hﬂ@tindmdual
nteorl al PCRs. How O™ 1.is one qf the objects
O T T B RGBT PCH e & @ slobal
Ma@@a@ mﬁaﬁamr {Mélmd@@bbfrbﬁ@selﬁ\ihﬁ‘gracgwmj obfed(ith te iemwﬁe‘gﬁwwnd
regicns |§r5‘ﬁ@ébe @}a%a&épo{ﬁﬁlsﬁbﬂéaﬁﬁﬁ) (i @) Eediple Mol hinHeurigkeal wiar
bfl the region R, is asn le ob ectdth ikeliho o&com uted from I
PropleThSAT R FBERD AT o, ears more re %’B Liﬂ?é‘\’mé‘*\‘}lesr, PiEHe SFhe™ Usine
the pijescpelincdoy n@w@}@tiﬂﬁdﬁ%ﬁ Hod difeorpreniaiserializedt FOREcappeapsample
miRRHLLBIRNGE heohieciissmalianiban theigroviemdauitlcandrovide a
suitable measurement for these two cases in the example embodiment.

35t Bbjettifracking iR ARRE S RRIRSTRELI RS MR BIIE Ftfidue (3 2né
oidentifirratidin{it) fibe eaclf tangebobjectsaha-phordding jisstive-degendent. The

=00811Q0s e seene When. mulliple farast oRieets BEAUE IR MBFIG: frame
and separate from one another i ublic site, tracking one in V|plual
Bion Bhjpd e

Iﬁ@ﬂ;e’é’ﬁs‘%‘%"l&%‘é’?’%ﬁ?ﬁ?&%ﬁ%ﬁﬁ B8 Rt NG AT =
thfokmuiated aSergioh @i ARARHIIIRCA ﬁoét@ﬂeﬁe(mytpﬁd@rem for all the
tracked objects. With the segmented foreground regions provided by
Opacigrapnd Qibeadion: ifthe example embodiment the global MAP
problem can be approximately decomposed as two subproblems:
wassighmeRbRoE 0eatiobuUsHIgk:, they cannot be tracked as independent objects. With

foregrouad remons Ry = {Rf}; . provided by background subtraction, {17} can be simplified

(12}

as
&) = argmax P{S|R,, 1. 1)
=5 (13)

where the tracked objects {Q7 |} are in the regions {Rf_; }?ﬁi{’ from the previous frame. If
2 region {e.g.. F_,) only contsins one object {e.g., OF,) it is an isolated object, otherwise the
region 15 & groap. Objects belenmng to different remons m the previous frame may merge mio
3 new group region (e.g.. R¥) in the current frame. Also, the objects in a group region {e.g.,
RI_}) in the previous frame may separats fo several regions in the current frame. For real-time
processing with moderate or agh frame rate of image acquesttion. the inter-frame movements of
target objects are nsuaily small Thes mmphes that there 15 always an overlap between the regions
of the same obiect in the consecutive frames. Explostmy such a relation, the problem {13} can

be further decomposed by using directed acyclic graphs (DAGs).



the principal color representation (PCR) and the associated likelihood
function, the example embodiments : ses sequential solutions to these
two suubproblemc as detailed below. Let Ot-1 = (O,"-I} be the set of
tracked target objects in the previous frame It_, (x), and t-1. = {Ot"1} be
the set of state parameters describingtheir positions at time t - 1. The
task of multi-object tracking is to estimate the states Ge of tracked objects
in the current frame It (x) given their previous appearance models Og_1
Abveldeterted asrqhT erirpeeariibACHO imtharedians diteciibinifuransergstdror] M-
an@9lisopsie &é&uﬂi&e&lt&t%@%m@% R838, Lét ﬁag;m@asa%&@ tﬂé(}x@k{m Qlsd k@ten:
12). When several ohjects rlap one another, they cannot be fra
&Bé%esl)nbée%gelnagént toglbjec%- t% ao%grgﬁﬁzﬂreglo&hsg % OV|(5(%%1'((%%“”ﬁr
Ths seRgtolarr Semstrictiorpde Zyesars e pirgees a{sﬁeﬂ}#arglz&ﬁ P(f@ws‘szﬁtm
I Oibely, @13 il 3)ild there-theidradied o lajeets {Qt idare iNANETegioRSurent frame
{14-1}j=1" from the preV|ous frame. If aregion (e-g-, ftt'_1) only contains
L{sheSBrRett (@.g, MO 1R fasaiifisorel meeet, %t&@rﬁﬁ%‘éw%gm% fgpmes,
resgiketROBeCE: hplanging m{ﬂﬁﬁfeﬂt {@@Iﬁh&éﬁ theigrevans frame may
merge into a new / group region (e.g-, R) in the current frame. Also. the
ghjekts it &Fgnduprredfion (e.g., P'_1) in the previous frame may separate
fos veratiregiens in the current frame- For real-time processing with (14)
moderate or high frame rate of image acquisition, the inter-frame
Thpy dppime ritatoherarget dbleeondsy ardegstal s rreaiont Hisvhspiesciirsith drafscisd
acAaMSANONEslaprhelwesn thesegians: ofithe samehiesttthe one or more
ggsnisﬂe&utlve frarggs EXQ|0|I|5% zh a,r Iatlogé the %Iem} n be s
urther 5ecomgés§d“by using irected acydlic grgmhs
- foyrescresserrieiEageph lnend g&ﬁ‘éﬁ% re&éﬁ@%@%ﬁéﬂtﬁﬁ {PaGs are d&‘ﬁﬂ&ﬁ
as GOMSEC Wby enbr amn @subtri 46 w&d&@@rﬁ&eﬂﬁm@eqﬂmﬁg feliewingnvay:
t the regions from th i C mes not Mhe
milrg(%S anedg be laid in tw%rg ars: tﬁe@%{e%rtg er anc |és Igﬁ ‘?"H_f&ehm
eapiapaft |ﬁyeﬁeaeﬁe1§t§%f e&FeMesBntidg r%@ﬁ?{“fﬁl fhraoted as
G.preNiafis, frame* 51 HEpO) Tiendbjke m@mmgmmm detiprifa...
1 e regions {RIKLR gm&ggggm{w& 1Q0: noeg;] GHULELA b

l;he jth and kth regions in previous and current framesé re cgectlve Y,
%.theh Wt YirkTHBRER e fromrp, 11 OPESR Beadiifdlpds™ - ™

generated. olyects or objects tracked from #s parent nodes, are denoted as {c}t }mg_1 After

may be ﬂe‘wh

pracesung all graphs, the objects m the cluld nodes are reordered as {OF }M‘ They are the sat

of tracked targei objects 1 the cument frame.

Stace thers 15 no link between differemt DAGs, the objects m the parent nodes of ons graph
can be tracked independantly of the other gx:apﬁze- Let €%_; represent the set of objects in the
parent nodes of graph G, e, O, = {{opf }ﬁ:j_l }N‘“ Then the probabidity of the states for
all the tracked objects in image Lix) becomes

Le
@%!'R«t Oty B4y ﬁp(@‘ Gy O 1, 9y)

Fa=]

(15)

where ©, = (@], @L@} and Lo 15 the number of DAGs. According to (15}, {13} can be
" decomposed as finding a {9%)* for each graph such that :

iaﬁ* = arg mggfx P(@ilai" @:...1 s @;»1) (16)



1, iftR_li1RK)r O, otherwise (14) This implies that there is a link only when
the two regions have some overlap. A directed acyclic graph (DAG) is
farmed by a set of nodes in which every node connects to one or more
nodes in the same group. A set of DAGs (graphs) can be generated. An
example of graphs for two consecut%e frames is illustrated in Figure4.
The notations for the DAGs are defined as follows. For the ith graph, the
parent nodes are denoted as {rs@} "1 where each node rod represents
one%i“i‘?f’é PEGTOIRECREST EMUCHE BRI oAES RPe T8 TOMURIET], 799 fpresent
growhefeé)eacshlh@denrtmzémesmeﬁmeemmpe reghotiséRtilep is TheepittRA&Gn two
seqﬁ@ﬂlﬁhgéﬂgeﬁggp%%% fidd '?ﬂe@?@b@?&eﬁtﬁé&ﬂ]ﬁ&@@taﬁﬁrg%ﬁétéEzeas two sub-
denoted as a _to = (i. t; }p.ol, {i}=11, { g4}). p b" {a,' pj a~=1' AT AT i
ProRJeTRS' F I %ﬁ%@fﬁ&ﬁ’é S o BT R OBTRRAS ﬁaea%?gafb ffparent
noctt 8t cobjelcts. ik obfecthil§ e iSreriecafitherobjects§ihilibh, tik-nBhestates of the
Objggi%g?@&&gg@ nede qaf's, which may be newly objects or objects
tracked from its parent nodes, are denoted as r} n." After generated {0"""'q
proceSiP i graphs, the objects in the child nodes are reordered as
{QAGi. dheyatadhe sgbcafliit askedtaigatdahjestsdi-the aurrant f#aBAcased on
aincethere is no lg#{%ﬁetwee:ﬂ dlffege nt DAGs,. the.objects in theA __erlt s

gcs; ORIEEE0T T & A

nodes of one gra can be tracked iRdepe égﬁufy of th%mbt e[(g s Cet

+raced, ahFS - 1nS St BIOBRIES iir'the pare ROHEHRIPEHEPEH T e psermpent
f¢osrpih Thenstihe pyetadbility of the states for =t t =n tCt all the tracked
objects in image It(&() becomes P(@t(12t,C?e-1 es-t) = P(8}(C.:-n, _t)

Pk &1% where tgs%@wi Maepl_@kang kG is the number of DAGs.

According Yo (15 bt dedomp6sed as finding a (et)* for each
graph such that (e r=args F(~}t G;, mss- _:-i) (16) 27 Ifthere are  {17)

wiggele, Va0 An0 CLI 0% 1 B QIPRADS0 e RIS,

are the child nodes of ni”_ The parameter vectoris & = (80,... , &7

). The best assignment
for the tracked objects | a:mf‘}g:‘; _y in 6P is chosen such that it results in the best observation

af the objects m the corresponding child nodes, that is

(BiF) = argmax PEFATD, 0, 6%,
aip
(18)
Here é?" can be conswdered as the coarse wackne parameters indicating in which child nodes
{regions) the ohyects are observed without concerming the exact new pesittons of the tracked

obyects 1o the child regions,
Location:

In this step, the new states of the tracked objects assioned io each chiid node (e.g.. region

R¥ are determined. Let O9F = -{af*’“‘}“ﬁ'r”" be the objects assigned to the child node nt?

Fy gl
from its parent nodes. That is, O} is a subset of O according to the assignment parameters
(B = (B . (@iﬁn”}*ﬁ_ Afver the assipnment, objects in each child node can be wacked
independently of objects in the oiher child nodes. Hence, the posterior probebility of the new

states for the tracked objects 1 the graph &) can be evaluated as

p{@z"@i,gyi_ha’z“ H'P e‘fkqi g 01«:}" @f }

g=1

(19)



groups, (16) is still a nontrivial problem. The example embodiment solves
the problem in two sequential steps from coarse to fine. The problem is
decomposed approximately as two sub- problems: assignment and
location. The coarse assignment process assigns each object in a parent
node to one of its child nodes while thg fine location process determines
the new states of the objects assigned to each child node. Assignment:

In this st é} the tragked objects in each parent node is assigned to its child
“HigEs BAEed on The | r@%%?pogfe%ﬁﬁr%faasﬁw BE STHRStS ParRifidtdr:”

in wiEtBrodeeGibimgttietassigrmenthofhi tretket! ebjeptss@y 2t to the child
nodes {n'1'-"}N'". The posterior probability of the assignment for graph G;
ﬁé&{ﬁﬁ@@ﬁﬁl&@ﬁk,ﬁ@Qa& l:et-1) =P(e="P(c)t'-Pt) r~l (17) where
é 7tf = {0744 }mln 1 are the tracked objects in node n~,'1', and A 1. P) (20)
nig.: Iv~ = [}g=i are the child nodes of nb.__ The parameter vector is 0
(e R R St RN 17 EROF G0 Ui T8 Cbp te
exampldveingodinenta Fuithehsrseensalctvithiminit ferdU s amdttid bestdbs@CRtizmnsed and
desthe.qagts in the corresponding child nodes, that is (9F)- * =ri (F) a, hP

gag may P(8.uPjl P Ea vl (18) Here el™ can be considered as the coarse
iﬁ%{mmﬁ?{@gﬁ‘f%iﬂ@ﬂ‘ﬁlﬁoﬁ%ﬁ@eﬁhﬁ@)‘th@%ﬁ@c@“s
demt&cbbs&imed vitith GhiC GUBe reia hthebaxaat ﬂe{/ﬂ"ﬂ@@&tlm of:thes trackedser of

4 QhIg éﬂcﬂg&Eﬁﬂﬂ%ﬁﬂﬁ% HQGAHOR: 1R %%%&L% ARV SIRIGT R NG 1t
tracked objects assigned to each c"hlld no ;1% region P) are

thefote AN AT PRED 4 - Sarh A e a8 Ak Srnghebet
Ctigattiséromlitsparenthodesii Bh amaa sca:wbsm Bi0$HT) ast (W)irfytodtieny

mBSTIORaNT: 9%@@%&%@3@%})@@@%&5 thre mbrr 2beE 145 LARSEIIE determined

a55|gnment objects in each child node can be tracked independently of

°3 SBja RS TR P BREPLER SHE R & Ve p&t%’i‘f‘i%f‘ SprHaBiitBret The
stapeiacistdte sefobrtedae ke d-dBjects Withdhraph Giedndimededuidiad msspatial

posiédd(and @!}1&) helidi SR aisschbl)z its depth position in the group.
Tracking Isolated Objects
If the ith graph consists of only one chuld mode Ge, Gy = {azi’ﬁ&, 2 new object appears and
is nmialized a5 of in (% with 2 new id number. Suppose the node ny" reprasents the repion BF,
then the PCR and bonnding box of ¢} are set as T,' = T and b} = BY. Since o} is an isolated
object, it is not oceluded by any other objects. The depth state is set as 1 = P{RFo}1 = 1. It's

23D state parameter vector is 8, = (B, o).

If the ith graph contains one parent node and one chuld node, and the parent node 15 associated
with one object, the graph represents the simple case of tsolated object trackyng. Let the graph
be Gy = {n},ni.[})}. the object i the parent node be O, and the child node n! represent
the region R, then the object O, is updated as ¢! in n Ge., O, and o have the same
id number). Its state becomes & = (b7, 2}} with B} = BF and v} = 1 In addition, its PCR is
updated as 7, = T¥ to follow the gradual variation of the object.

If the ith grapk only contams one parent node which has no child nodes. then the previous
abgects m the parent node are assumed to have disappeared m the current frame. Tracking is

termunated for these objects,



g=1(19) 28 where h)i=(8f 7, ..., 8x' x '), and G ?i is the set of previous
state parameters for objects Clt in njq. From (19), locating the objects in
the child node ni'q is expressed as ( E,q)* = arg max.(Bf4l,44, O}>q e!) o;
,q (20) Multi-object tracking thus becomes finding the solutions for Egs.
(18) and (20) in the example embodjgment. Further sequential solutions for
(18) and (20) based on PCR are used and described below. Assuming

re d r%glons and {Bt'}k_i are their bounding boxes

at {
ngfg?ér&a §8f t?)n’/éct“gfﬁé’ngfﬁ@lr PCRs can be obtained as {T,~IN'1. Let {Gi}ro
be tHetlzeitbfedpe dredoatyadicnglaphasAGdpfor thillfbragesuiid wgierens of

Mﬁ%&ﬁ%mw frawnes 1f tﬁ@%ﬁdﬁ:@@ ke QRS RRIBEIHD BEaRR @t one

theo ject will be racked as an |solate ject t erwise,
e 8‘81% {f 8%‘%%1@‘1’%;|?‘6’é’66 r‘%%?m%‘ Cal‘i’:’%:br&mg BRI GE BB,
For fresgdanmguinultiple objects in a group, the posterlor probablllty of the
&%W@tﬁé%fﬁéﬁé%&hﬁﬁklwﬁlwed ﬁ{bEO}Wﬁp@élaJepe%@ee@eggepmd
@Jatl @ghg e(?;;e 2 D e IS, us % or eac o ct The tate re?n?c[ for
an objet & s UmL Z (fs’nshgf%w Sre b TP E b3 oun 55 R QP RREG e
the pawﬂpmsmﬁ@ﬁ;m%mwmm%bﬁ Falisy é‘E@FFb’Fﬁthél depthposiion of
sindhegreur. sbacking lsplated-abiects-Hhthe ith-graph consisis-af onlyene.
png jld node fie G a;&?%ﬁ%% 5 Fﬁ%ang o dndialized a5 Of 0. Q. With,

new |cfr?1umﬁ3er uppose t t represents the region then the
apERbRPIEEinding box of of are set as i =Tt and bt = Bt B. Since ox is an

'30'%%&9@1% , EISARE %Q'HQ‘?QCQMMVGB}&%‘J %@%Jb&%ﬂﬂ%ﬁ%@m
set as u: _t\%(JﬁﬁJOI =1.It's 2aD stateparameter vector is Bi = (f t,,

e PRI 6°GPAER EORTS 1 B M BRI DBRER e R it e of
the 38§ anf aetd:it astRatrletk wilbraRe:eBict! stie-d BpirEe e SRAMSHN os: visible

one n%% CQ%QS% egser?i!za bj@%cécttsa kin MLet tga%fga?e%{]ﬁja %%be gréfeﬂ adrording

7 the 0 jectin t e pa fent dd Be'a tail represent
to ‘iﬁé’ TS R B R OITE wsa@aea%ﬂét% PGt eE-018 Gand 6f Which
assfiaverthacsamehiigl iidg et fnits stat®*heenimns Sk {hﬂe%)%lfay&tm@ﬂzﬁf@mﬂ
vt = 1. In addition. its PCR is updated as Ti = Ti to follow the gradual
Riyanisticheahtreiohjedebiihethsgraphrorty contaids orre iphrenlnsoenic 25
has no child nodes; then the previous '

PEIND o H P (9’“ = gl EEm{m ~ 1), 0 ,, 6 '1)

(2D
where Bf™(m — 1) = B — YT 58 = g.,)ol_, represents the region after excluding the
. objects previously assipned to it before of° ;. Mote that the assipnments of the cahjems {off,} are
not mndependent. The assigoment of one obgect 15 affected by the previous objects with higher
ranks. This means the assignment of each object can be performed one-by-one sequenttally from
the most fo the lesst wisibie ones. For each obiect, the postenzor probabihity of assignment can
be evaluated using Baves role, |

PO = gulBrion 1) o, B2 ) = P (B = Dol 87 = gu) PO = qulé)



objects in the parent node are assumed to have disappeared in the
current frame. Tracking is terminated for these objects. 29 Tracking
Multiple Objects in a Graph If the ith graph G, contains multiple parent
nodes or child nodes, the operations of assignment and location will be
performed. In the following descripti%of the operations for one graph, for
the sake of notational convenience the index i for the graph G, is omitted
below. Assignment: Let n4 be a parent node in the graph C, Ca-1 = {o i}
Therfg: ot dasoehthed siieets2and halielioed e obpsepee 194 BeeitsEhite the
feemldRSﬂ EM%%@%M@W%@Q&&%&R”QJ&M@ JheraSSieNe @  brior

|ects A, is determl S) ,L;lowever with varying n mbe s of
Em‘b 36 an%gg; id: ’ﬁoH‘ él)m’% &ﬁ Frvia o pro SBaRs ot ?9 Rl on

PM@@W&@W Erehﬁﬁa#@mé ﬁrégfgrﬁ%ﬁ%lﬁlﬁmu%ﬁaqf %"I@ﬁéﬁ"’“ be the
pcREOpOREARaged eptheikil @Bﬁgmﬁi the ﬁ@ﬁthiﬁ@@{;%bﬁt REORGANES the objects
ects. In.each grou d ngn-occluded objects,.have richer
to ’vgﬁfé |nfr(}5bﬁn%tlo%t trfwéB’rgl %fg |stan%§6r 8%8[11 edge*‘dmfgje ﬂ%%lis mearrglf};s,n%hm thest
depghy éeTUed object less affects the tracking of the objects occluding it
Hence, the assignment can be solved sequentially from the most visible
one td&hy h%ﬁmblmeﬁ‘tﬁﬁhe obTeGIE ot JETPT snthfe, parent node n4
be ordered according 9§ their visible sizes. Assuming that the correct (23)
a55|gnment of the object o' 1 is Bx' = gn; which assﬁgns oe i to the child

BRBIR it (9~Mo= W= T} (3l thecRildnbde iA%epAdentSaiePEisn® & of

Ahen-the @(ﬂter@f;q?dtﬁbdlﬁwm assignment for objects Ol = {or1}? | is
-computed as hf~ P(9e~h 4§> .e? i+ i}_ P(et~=g-J-k-(M-1),0s_t,c1) (21)
WHeTEIRRRroitpe 1RES () ¥500 Eaqifd) 1 Faprussts T es taiSiishfthy objecs

{agxyﬁrqimgﬁh@zabjm pfexiouahd assigeeddadidlyaioteiowsiNoerthatd hemtive

pz&%%%‘ menis.ef g abiedls fo0ate %%éﬂgaﬁ?%%? éh;l@%%&éﬁ@{%}% fhe

oneo {?hct Is affected by the previous objects with highér ranks.

bR PR SSIBI HEHE GrRER BufRetLdhereibrrsivhat BHEg.y- ém% Once an
obgetuentigihd fronriihenndast to theried stonsilsl doned ik oehehdbiedt, dthbded

RO SICHeRRIORRRIIN %S@&&ﬁs@;e%&mﬁmwted using Bayes rule, P(t
- =q"] (x- 1)}10 1.i~=P Rk (m 1}la i, =9 ~P{B 4m B') (22)
Let {v 1}m'11 be the Hkelihoods of objects {of” 1}m ;i nl computed in the previcus time

step. Let s, be the size of o, from #ts PCR T,™,. The visible part of ¢, in nf is estimatec

as (77, = v ,8,,. We denowe {aﬁl}ﬁil a8 bemng sorted wmn descendent order according to the
values of {7, Imil and placed mm 2 Izst Before the iteration, TH{0} = T7 is set for the regions
associated with the child nodes _i\.s]

In each iteration, the top object n the kst 1= pop owt. Suppose it is the mih object ofF,.
The likelihood i (23} 15 calculated as P*{’,ﬁk{m — 1)|T™,) accerding to Eq. (11}, The prior
" probability i (23} is evaluated based on the shape simflarity and center distance between the
bounding boxes. Let 57, and B be the bounding boxes of o7, and R associated with the child

node nf, x™ and x* be their centers, 2nd d,, and d; be their diagonal lengthes, respectively.

B Bk

G

where "1 denetes the intersechion and "L denotes the union. The cemter distance between two
-]

boxes is defined as my =™ ¢ with d = (dy + di) /2. The prior probability is defined as

P& = g8} = 0.5{m, + mg). The object ¢, is assigned to the child node n¥™ according

to Eq. {23).

Then, the shape simitarity between two boxes {center aligned) iz defined 28 m, =



30 The first term on the righthand side of (22) is the likelihood of
observing the object oi't in the region with the exclusion of previously
assigned objects, while the second term is the prior probability of = gm
given the previous state Ot 'i. For assignment, (22) can be evaluated an
PCR. Assuming that a child node ai. ﬂﬁ E N'tv} represents the region R.
Let Tk' and 11 be the PCRs of Rik and of 1, respectively. Using Egs. (21)
and (22), the best assignment of the objects Jotxi}'+tg+iP-1 in the parent

ABRIET EBfHRtaEhiE oYy BrEssuy tehmumyvac dor dnstofirenatge ph the
obfuale("hyiein Fangnmax Riecik)l %éﬂﬁtﬂm@ﬁi# oakm(23) fromde ?‘ﬁ(tﬁ My be
ﬁlgvp@ﬁg ’dw(maﬂfg' %"}{i&l % %&Q ?_C:ﬂ) ??1 re%gn‘th—e§>c%f R Q{:m

hit - - The sequentla lon t6 using 'Eq-
6ﬁﬁpu&ééﬁﬁ%ﬁﬂ§f&ﬁ§ﬁf@ﬁ%ﬁ* 6ﬁfea%f ﬂf%viﬁaﬂfﬁte é?‘i‘é’r‘i‘t%%fé“%"aréﬂd
sigofiteshinsh |isteafotiondiig pidatheiisvisitlerpdrts- An iterative process is then
performed from the most VISIble to the least visible object. In each
iteration W@“%eﬁ fopof the list is assigned to one of the child
nodessjactéjwlm@*to (23) Once an object is assigned to a child node, itsn)
moved from the list and |t visual evidence is excluded from the PCR of
W%ﬁléﬂg}ntﬁ & PSR Détaildare cﬁéﬁ’s‘&?fﬁ%ﬁ& tf%?cﬂﬁmﬁ%fﬁ\y E}ﬁ}gfgl (B {95 the regions
asdiicatibrds OF objectsiiot thNet in AF Compltedsifihe previoss.time step.
Let s" be the size of of A 1 from its PCR 27 j. The visible part of 02-1 in
P, °&fitkes as 1 = s . Z7re denote {c t}Mrap1 as being sorted in
ﬂ&w@mW%g;_ldﬁé ancardingtohes MaluesOholera i md aad placeddiRdsates

list- Before the iteration, Tt'(0) = Ti is set for the regions associated with
of tiseobistsiishodiebevieWmined dutsdieratitn, (@9 top object in the list as pop

Oult I%Jéﬂﬁ%iﬁeibiﬁ_?mr? R sa%m‘ig Rilidse EH@?M(E&} @189@&{%1'2%%} 1% front ones with
calcu c ng to e prior

o SRl T30 S A B § bt Gk R g premple
embnétmnmeoblemeeﬁlm@db@mﬂdmg;ﬂbméy et GoandiBBdsevikiblboutdilgst visibie
onB %R 0f el lyANkasocinledoaithdng salldi g Bl sosteaRd 21 BR BRI in the

mc{:ent s, and d m.. and dk be their diagonal lengthes, respectively. Then,
SEPSHS azr"g‘ty between two boxes (center aligned) is defined as ttas

bnlnEk W V&é he mterségSlon and "U" denotes the union.
The center §ta‘ tweert to”Boxeslis defined as nxd = e ewithd =
(d™ 2. The prior probablllty is defined as -{- dz.~ ~ (25)

where 6] = (&, M‘T |, R is the region associated with the node wj, and Bfn —1) =

~ S5 o represents the region in which the visnal evidence of the first n - 1 objects

ﬂ ]

Eow o ) have been excluded at the located posmions. According to (25), locating objects

& ac&:orémg to (20} 1s equivalent to locating them one by one sequentially according to

(@) = srgm P (07 Rbn — 1), o1 82, )
*‘ (26)

where {o¥ }:‘iﬁ] are sorted in descendent order according to thesr visible sizes,
The sequential solution to the problem Eq. (20) and Eq. (26) contains two steps. In the
first step, the visible parts of the objects in the node are estimated, and the objects are sorted

according to their visible sizes. In the second step, an iterative process is applied to locate the

objects one-by-one in the region with a mean-shift aigorithm based on PCR. When an object is



P(t =4J~tj = 0.5(m,. +vr a). The object a is assigned to the child node 4'
according to Eqg. (23) 31 The last operation in this iteration is exclusion
that removes the visual information of the object of" 1 from Tk" (m - 1)
associated with the child node ns". Let 7t1 and T " (rn. - 1) be the PCRs
of ot"i and RN(m - 1). The PCR ft'-- (gn) _ T (maa - 1) -'T,", is updated from
Tt-(an - 1) for its principal colors one by one. For the jth element of
principal color ctm and significance sj, the following updati
ot R T R SF I CoTbl 0 PR R (35 e rafifabed n
the él8memgs in T (m.-1) are updated, the generated PCR is F'L™" (an). For

S.ugﬁg?é ﬂzsg‘gjg@t@”dzﬂv&g Q&ﬁdrﬁécleoﬁﬁﬂ"&é‘&ggé Hm A lﬁQ@ chélﬁ@ Rhe 132:::&31’:
set ocatlon Letmd 7= {gét ,g,aret e gbjects as§ic ne 5@ a child node

b g raph G The el Shatds—oPTHE OHIEEIE R SIa be et tmEE 0P
theg@hrings Egni@ Mhd_Blodingdthd dbjedts vbaregion trechidt ndepéridentoh R
i 82CHAtheL Qutihe frontkanas.with Aicher visible. infarmationsale IesSnotion of

affected by the occluded on Hence in the example embodiment .
CPigBIBERT tHe PP B e ByBH8 HBHE RS TS I e
in tegist ibibie bervesabases on their visible parts. The posterior probability of

new states for all the objects in the node can be expressed as P(eel4 o,e

i)=21Cp=t<es (1) 1oh, BIFTES (5) - WnkeresB7 = (8t, .., 0tw), Rt is the

region associated with the node ,4, and k (n-1) = R~ -Eo, represent&z
whiie £egiansinay¢hichsthe wwalcewdeﬂcea@ffﬁhee&m RE kopjestay(d: Eq.Qf)).

have een excluded tthe locate n di 0 I n
13 a q q‘!a %e &1 ?r g islll:ili% @a‘iéeg,;!?(r A% zts %égfbg%%} sgndw F.

s 07 acco 0 ) Is equivalent to ng them one

Msbqueﬁﬂﬁmsaeééﬁau %e@ee)mer?@%me fipyeplss af efﬁ}(éeyﬂévﬁé?@i{m&
in® IEI;Q 14 mreoperedundeseeiigent prd@ acETding devtheir visible, $i268 used. I

the n?exse‘is %Eéi L3RR do e, problem, (%%Q@Q@w( 6) congains wo .

e S.Int irst step, the V|S|bler$arts of he objects in the node are
is logi ﬁﬁé{@dﬁ%ﬁmﬁm 6tife%’t%he€re Lortan iy f&ftﬁ@ﬁ%rg.&é%@%éh?rﬁmk

bekRRisecONd siepn dtf jtarative:protessisapplied to locate the

in each sterstiom, the top obyect in the list =5 pop vp. Assupung that i 15 the nth object of
with the fnitial posttion represented by the pfexiens bounding box B = b2 | centered at x, 9
and its PCR is T = {s,,, {E = (cf.sD)¥,} = T,7 coming from the object o' Locating

the object of in the region R* according to Eq. (26) is equivalent to finding a position where the
maximum vaiue of probability density ocours for observing the object This density mazmmum
canr be found by emplovme 2 mean-siufl procedure with z weght mode which can reveal the
probability density of observing the object in the neishborhood [S], [6L17] A two-stage
memn-shift procedure is proposed bassd on the evidence of the obiect’s principal colors. In the

first stage, the gravity cemter of the pixels of each principal color component s computed as

zxm gir! Nidp1 (x5 (Tx, 1), )
¥ et w1 ()8(10x. £}, ¢k

J

(28)
withj=1, -+ -, N, where r indicates a current step of mean-shift iteration.
In the second stage, the new position of the object o" is generated as the weighted

average of the gravity centers



objects one-by-one in the region with a mean-shift algorithm based on
PCR. When an object is 32 located, its visual evidence is excluded from
its position in the region. The details are described in the following.
:Assuming that an object or in the child node is! is the object o0;!j assigned
from the parent sz,), then there is ogg o 1. Let {z" 1}mot be the
Likelihoods of {oe t} ~ computed from the previous frame. The likelihood
of observing object o, in the child node n; (or region It in the current frame
can bq,ﬂeyallﬁfed%é&P*(M Jo?) according to Eg. (11). Since the motion of
object etwe@*"t@a,two consecutive frames is assumed small, the visible
parts of the object o' in region P can be estimated asi = (ip i + (1- rl)P(
whikrezy m&&ma,,aisaadéaza HRe BulipRRdisK dr esthenslaes Qﬁéh@@g}eﬁ@;@w =
tlvel In 27),r IS awe 0 SmOo
mmlrélfln‘”i s rom co éﬁgf\%e S n%e{é r’I% : 5&}{2 cﬂ%é%n ik Zgasg Ifjjﬁ ol
theiuPtﬁ?e%é?rﬂwwéé@s@c@h@éﬁv@re@ﬁfa%é?dﬁ?gbmﬁ%%eﬁmft{e}wgaﬁoﬁm
ubf@emplamdrmaaazlts& gmawfmm&a@@ forikd. '¢oiddi= e Joianoki@l procedure
i yg%gmtl g\/,,ge(—)(l)) IS useg Jf the X Eeé( is lj e%to belorlllg{m%o %rt?mm i

prewously ocatéd objecs (ot,... ow (~ erwise, It is h

seaqlyed STHITRAIPHIRIC et WO(RFE Ji@fa?%ﬂﬁﬁ@bﬁﬁ%e?s %éﬁ%r‘?@mﬁ% b fo gidh "
ceﬂierﬁﬁd wiitk) 4 Biherise- [n:eaBh-terdtign the tepteljert i thegist i region
%é@ﬁ%ﬂg"ﬂg&l@gt@é@e Q&Qy‘%bsle%t 8L with %‘%&@%&Q%&Q%mmm s

‘represented by the previous bounding box [ = bn 1 centered at 7:t,
s froPeRrYs-HEId R @) (é”jméﬁﬁ‘)h}@“g}“ﬁ%&ﬁiﬁﬁb@%w*{ﬁ&%iééﬁ 86 ﬁ‘mmﬂ
as kpeafn(iithe-abject acdodhe region' RS deeandingate mepn26) iff eguiviient’ i
metPdinding a tlora Whe{e the maximum value of probability density
occurs for o éervmg the'object This density maximum can be found by
'ﬂtm;ﬁwp@-z&dﬁ ednsshif-pracedureuyiith shwe ightonede-whieh Samntaueabs te
I‘Obath density of observing th object the orh d [ #[6] _
%é’b %&X?:ZE%% %ﬁ"%se %@h‘g )

two-stage. mean-shift procedure is propo n the' evi nlcé
Rt mé obfect s AREBEFE G101 P RS stage*th® Gralvity BB Remst the &
w.;.ﬂl@&ﬁl& @f@a@ﬁ wm&p%@@kﬁrmpﬂﬂ ’%’“w B-ER ﬂﬂt@dﬁs&m ?ﬂWﬁBT&(ﬂ - :l
X.n_tCx)V(I(x,1)S SA) '~EEt t -,(x)6\I(X; t) cY,) (28) withj=1, N, wherer
indicates a ciﬂifent ste of mean-shift ratlon

SplCx) = {ox. € d splca) = 5 OLews i)
. = (30)
Let us define Awix) = min(1, splex)/sslex)). The value of Awlx) can be considered as the
probability of x belenging to the object of . Hence, the updating of the weight mmage can be

performed as

() = max]0. we_y %) — Awlx)} a1)

The complete algorithm of multi-object tracking based on PCR in the exampie

embodiment is summarized in Tabie 3.

TABLE 3
THE SUMMARY OF THE MULTI-OBJECT TRACKING ALGORITHM
Input: color image I(x) and segmented image S/(x};
Preprocessing: generate graphs {G,, i =1, ... Lg};
ForG,,i=1 ... Lg,do:



In the second stage, the new position of the object 0", is generated as the
weighted average of the gravity centers 33 X("-1-1) = Lj=. xly w) N i=i wj
(29) where the weight of evidence from principal color c;, is defined as the
back-projection Tv'j min(l,s&j ) with _ ea' -1(x}6(I(x,t), c;,'"J. The weight wa
implies that if si C s then only sk/s+,gproportion of the pixels with color c;,
in the bounding box B;(r} belong to the object oL, otherwise all the pixels
of color ¢ belong to the object. The mean-shift procedure is terminated
oncelSagRmyntyiay gachPisesaitiety or HemiakimurduHdsber of iterations is
reached (6 ip the example). The new location of object of is the bounding
box B %i’“&@ﬁt@@d"g SPEITVEFTE 459D, (Bb' = (c ' 4)}N I} be
e BER L Pl Shicsion s I De SewIna g phere

sb is the'size of the part and the significance’is sb -x &(I(k, 1);

.ct). The #K%ﬁh@@ﬁ@i,ﬁmm@gygf in the group can be estimated asV.' =
P (Tb(n - 1);2 ) according to Eg. (11). The new state parameter of the

object 075i¢: threrhobbiied s () =Pt and ek hesigstioperatipnoot ther the
iteration,is exg}lu?ion v&/hlifh removes the visual information of the tracked
H ast a, 00 A

object frffo(rjn he regS' natits position, or obtaining .R (n) =1 - Et of =

I(an - 1p-3at’s. ThigopEratibn dsildeng-by tipdatint:u xnkjto c~.~,,(x). For a
pixel x b}*, W,,-i(x) > 0 and c,, = It(x), we can obtain the significance of
cl in botH- 7 2amek A Tywd mpredisp(e)) fendbe 3By 2 {(30) Let us
define Aw,(x).= uin(l.s (c. } ss(cx)} The value. of Aw(x) can be considered
as thEFIEhABiREFbf g?éé’l‘%ff‘fd?hng’o%h% object @ %efice, the updating of

the weightiabage:canpederiimeed as W= maxtoadd ik Af k8 set it as
ang)lf)b.;rct;e complete algorithm of multi-object tracking based on PCR in the

examplé embodiment is summarized in Table 3. TABLE 3
1.2: if only one object is assigned to the node, update the state and PCR of the object;

L3 if mudtiple objects are assigned to the node:

Mp
n=l

L3.1: sort the objecis {0, } in the node using (27), and then locate the objects

one-by-one as follows:

L.3.1.1: apply mean-shift to locare o] using (28) and (29);

1.3.1.2: exclude the visual evidence of o] at the location in ;R!k using (31)

1.3.2: if the likelihood of observing an object in the region is less than 0.1, set the object
as disappeared.

Clearance. if an object disappeared for more than 50 ﬁ'ames,‘ delete the object.

End

The algorithm in the example embodiment inciudes two phases of processing for each
DAG (Directed Acyclic Graph): assignment and location. In the assignment phase, each parent
node in the DAG is processed. In the location phase, assigned objects in each child node are
tracked. To be robust to the separation of small parts from the tracked object due to segmentation
errors, small objects in a group with likelihood values less than 0.1 are set as disappeared. To
prevent the losing of small or heavily occluded objects in a group, the records of disappeared

objects are kept for 50 frames. When a new object is detected, it is compared with disappeared



THE SUMMARY OF THE MULTI-OBJECT TRACKING ALGORITHM
Input color image 1,(x) and segmented image S,(x); Preprocessing:
generate graphs {G"i=1,... LoJ; ForG"i=1, ... Lo, do: 34 Assignment:
for each parent node n"in G,,p=1, ..., M, P, do: a. 1:if na'’P has no child
node, the objects in it are deleted; a.2:if no" has only one child node it*, all
the objects in it are assigned to ni'9; a.3: if no'P has multiple child nodes,
a.3. 1: sort the objects {0™,} mv1 in it", and then assign them one-by-one

O BB et B Yol RS N 5280851 S SRIFPRFES s th i SRGaRSRpIect the
traqkiﬂgacdmt@i(ﬁal):rmsa A2wentgtade thetedsual information of o," | from

the RCR: oim ""Blle%%@ﬂnéﬁf caehohild node é@rgng 7 L group M% 'domain

0: 1.1: if no object is assigned to the node, check if it is a disappeared

kﬂ"é’ﬁf&é? Whde sefsrad 4R amledm e ﬁ’%ﬁ@%ﬁ‘@@ﬂ}@@ﬂé‘ﬁ%@i@%&%@m the
sizdhahettectupitate thesstaie tindoRiER ofdhe elhjprty-sdgBerifaiulépiesobjects

are agsignediqihe Aodeka-Sosortthaaiecks 9&&%@9&&%99& H&&Q&g ina

(27), and then locate the objects one-by-one as follows: 1.3.1.1: E}E?é)
|images of

vidrgeRmnar) tBeISEARR'S TRARGTERY aMcF iR 04: At And Refsd EREAg
twevideroe ef fogihas tHele cidionsipnRif raspagi(@l) dr3RicHitlhe, litetinoode0ff the first
obsenving.an.abjegt in the tegion isless fhan Q.Jms&tme QRIECL A8 foreoronnd

a-nu A PRILL uuasba 1[[6 LI Wi LAFLER WY 2% Lr(.l\.d.ll LULD

disappeared,. Clearance: if an 0 ectdlsagpeare for moré than 50

regipR FrRLSHRNSaY R BHISELEREPINE MgSrATkah theERaiibIeBRbBin &iigcted
acyiritl igsiwWb phsses ekprotessingfor eachrdpEeiDirabkiethAnydlist segmented

imdp4aRR): A RGRmeRlANFLIRGAHR: Lo hf assianmentRRase, &S Bateing at

node in the DAG is processed. In the location phase, assigned objects in
oS58, BRI 490 Rbd o & B ERA B RO PAIPIRRLEhild

nodegm the tracked object due to segmentation errors, small objects in a

group with i k@l@&ﬂ%%%ﬁé%ﬁéb@%@ %@ﬁé&%ﬁﬁdd@gme%ﬁgb&%g to said

revent the Iosm of small or heavily occluded objects in.a group, t
eacge%a&&grﬁfifa @gﬁﬁxér%ﬂézacordmg to estifnated depth in said first image;

b) the corresponding object having the lowest depth is assigned to one of the
child nodes of said each parent node;

¢) a visual content of the assigned corresponding object is removed from the
visual data associated with said one child node; and

steps b) to ¢) are iterated in order of increasing depth of the corresponding
objects for assigning all corresponding objects to the two or more child nodes.

At step 508, for each child node having only one corresponding object assigned
thereto, update a state and the visual content of said one object based on the second image.
At step 510, for each child node having two or more corresponding objects assigned thereto,

d) the corresponding objects are sorted according to estimated depth in said
each child node in said second image;

e) a means-shift calculation is applied to locate the corresponding object
havin.g the lowest depth in said each chiid node;

f) the state and the visual content of the located corresponding object are
updated based on the second image;

g) the updated visual content of the located corresponding object is removed

from the visual data associated with said each child node; and



objects are kept for 50 frames. When a new object is detected, it is

compared with disappeared 35 objects according to their PCRs, sizes

and distances. If it compares to a disappeared object the tracking will be

restored, otherwise a new object is created. In the example embodiment,

segmenting individual persons in a g%%up with domain knowledge will be

preferred. For example, in the examplé embodiment knowledge about the

sizes and aspect ratios of persons in the scene is used to adapt to

segmentatiBiPefbl Sifjaricsr o SEitiot Earesinn dradtratifly sonetpening
objetunfitijobjest tsckingspoaiivide ®ignal incthegxampierembodimentcAb chiid
nodiep 502, first and second segmented images of two consecutive frames

of the video signal respectively are received, at least one of the first and

second segmented images including one or more foreground regions,

eachifbregiabidt segionoetiraspending e entcqomaieinlectsdo bea while, the
objié@c‘%gﬂd %%@Q,,%Qé‘ A0SR 1598{&0%‘;8 éf m%??!@m%@ﬂb& (Qéa‘c? 2»1%%9 updating

g;nerat for zero or more parent nod tseg nte |ma e
tecamiausRr bR SRS él‘ﬁlabﬂﬁﬁﬁ&‘ﬂﬁith% legcnlestsgmentddmegend éﬁ%ﬁ?s On the
othBAGn cluding-aitwleashanef parcetrosphitt: o endirgtep; A6 Hah eBchtationary
wfAanRode,baina wodatrere ahild, nodes: @ decereshonding dhiedS g
of the foreground %IOI’] contributing Fsald eacfh are‘%t no are sort eg

mﬂ%%ée?dfﬁ@%%ﬁfrﬁa fBainievah %aéfarf.?ee.rwagf’e f?i)“ﬂ‘re iBothespontingg cxample
emb@jemdnamlngahedﬂmmgaﬁmxﬁsawgﬂeﬁ o one cltheashidnadasolh even

e 6aGHRALCHEIOAE: G)id) é?a%&'rﬁﬁ?ﬁhegmm%fég% %%519”&%%0”6 ; cli‘]\&drlzg%bject

ob ect is remove from the visual data assouate th sai
a”%%'ﬂ?éﬂ%ﬁbﬂ L{BpYNS) WYY Arsktersleerihmrdetsrsireksinp olipanofhnstationary
objeasrespﬁadmgn@h;eﬁts}ﬁnniafs@gmgegsaihcasﬁeﬁmﬂdmgzmb]mtﬁmghejéwg eg a

st 4P s‘fmgé%ﬁ @Bcset"ﬂ‘?eﬁ éo&a Qc?s Id nods a?"' 0”' between

corresponding object assig ne ere 0, up te a stat e V|sua
mo&ﬁ’ﬁt@ﬁ?ﬁft&"& %@%H@@%@&Wﬁ%@%&ﬁ&ﬁ@&j@ Obm%térﬁfsfﬂﬁ%rsmmth
witkacltichile stostedhavingetywangnsradaieasponding objects assigned

th h t timated
dopth S Satn SR S et Seon b ) & Mo Bl e

AREATRNAITBHRRCR S iR Y90 daterital i ormsdp Sy o s Rfinguase vastlate
imagepthiindiid sachdehitebrede sf}ihaistatemnditieivisuakaaptestiafdhent.

Iocaieeg foirespondlng object are

.., be asequence of bounding boxes of the ith tracked object in the 7, most

current frames as tracked by a moving object tracking algorithm. If the object has stopped
moving, the bounding boxes wiil overlap each other. For a selected length parameter 7, , if the
* spatial intersection of all the boxes is not empty, the object is detected as a stationary object in the
example embodiment. In the example embodiment, but not limiting, 7, is set as 10 frames,
corresponding to about 1 second. To frack the stationary object in e.g. a busy site in which the
object may be occluded frequently by moving foreground objects, a layer representation based on

the object’s template image is built. The layer representation of the detected stationary object is

defined as

Lﬁ' = LAI: 5 T; > {dij }jw—- * {dj } etz ? {d; };'=1-Td ’ {Sk }‘;“’MT’ } (o)



updated based on the second image; g) the updated visual content of the
located corresponding object is removed from the visual data associated
with said each child node; and 36 steps e) to g) are iterated in order of
increasing depth of the corresponding objects for locating all
corresponding objects in a correspoaging region of said each child node.
When an object stops moving and stays in the same position in the scene
for a while, the object would be absorbed into the background gradually
witH*Bsistifg BARKSFBRHLE ptiatig el Fit e ARt #hEFd tHe Bofctrincipal
ColMPWELRSAQSEI theseamnenisd dorearound imagesORtheQibenhandsifary

. e.g. crowd scenes, if one can separate the movinq bjects.from the _
oblegtatiBftalfy "ShiETRS. T i BEa b Ttk Wali gt SOVESRITG g In
deteBiultiple dgeepbouastiohiscisiect 1A 1iyvauldrmake thasttaddRaaf Baghplate 4/

individual easier and more robust. In the described example embodiment,
and ghiafremtrdclihdoaloritmespordisigemiontoftrdok dtat oadiffotsfestsrthsag glatween
even frequent occlusions. When the object starts moving, the objected is

the poBrRFENCaSanBVing Ghjeed Ad@tRerbe Byanmbitd TBBE: thckinge Visibility
Igorithm. |n th le embodiment, the stafi jects include not
R A T

statEoB iR QESIHNGPLrRR2GE e NNG, QRIPELS A JIONE ROAIR, o

the switching between moving object tracking and stationary object
currtri dking fore ectaderbt ldbjderils wicfdrabljosmbdttsewith i chathgeiofting states

fronlABAHRAIRRE W'ﬁﬁﬂ%&%@{%ﬂ%@%&%@ﬁb@mﬂ stops moving and
stays in a scene in_ frame qf a video srigna{), the ag?\earance variation o(
e ar Omig &

me of . )
the 8bﬁ§ctai§”’f§7p%‘5ﬁ§ §?ﬁ’aﬁ {Pﬁougﬁ S sequ}eer‘%{C(E:;eS A AR I ofien
mernaid oitheeoljeos isddedrtentiepre Segit surticaistdtiorkieyt clopgotanitireparating

the BYEMPIRLEHRAAIMEAL. 16l (RAg 3eauence Rk RRuasig.RoOXes ARG Bhects

tracked object in the zh most current frames as tracked by a moving :
sepaGHfaTt TR ERaA S IEBPRATACT tAR BEALL CREN R SBISE T srE I Uthe - BbaFdiig be

the DOXESWILAGHIRR ARNRIELFOK BroplesipthiendiBraametsy {adfdhs: rue,
spatial intersection of all the bil%xe%sal not empty, the object is detected as
Bl é;‘%&?ﬁﬁent.

the Rt BEY BTS84 In the example

embodiment, but not limiting, zb is set as 10 frames, corresponding to

about 1 second. To track the station Ye??i%%jn e.g. a busy site in which
the object may be occludedvﬁ@bfd%ﬁving foreground objects, a (2b)
layer representation based on the obje (sc emplate image is built. The

layer representation of the detected stationary object is -

where p(c|b) can be obtained from the Principal Feature Representation (PFR) of the
background. The PFR at each pixel is used to characterize the background. Let s =(x,y) bea

pixel of the image. For each type of feature, a table which records the principal feature vectors

and their statisfics at 8

WM
INORIORCI g (3b)
is built, where p_(b) is the learned probability of s belonging to the background

( P.(b) ) based on the observation of the feature v and §.(7) records the statistics of the M

most frequent feature vectors at s, Each S (i) contains three components



defined as Lr = r'>T,. Id/ j t=,-~a 1dP}~=,-za,{sk}k-,_,,1 (Ib) 37 where A is
the template image of the object maintained at time t, T is the Principal
Colour Representation (PCR) of the object stored when the object was
detected as a stationary object. That is, the template image is based at
least on the last frame of the sequengg used in detecting the object as a
stationary object. d," is the difference measure between the template Al,
and the frame I, (s) for the corres qndigjg region of A,1, d,1 is the

difference measure between the|#ongdelitive frames h_1(s) and It(s) for

the region of the template Sj@)is #he yisibility, rheasure of the object from (4b)
the corresponding region in the f @fﬂﬁ(ﬂ;ﬂ(,ﬁ) -’,ﬁ}gq sk is an estimated state

of the stationary object at time k. Measures in2d most current frames and
states in rs most current frames are recorded. The details of calculation of
thesehrr%ea ures ngi.estimatinlg tategmi;ro‘[p %s% £asures far.each

where e dimension g Vi T table are sorted in
layer O%Jec will b desernbad below! n e.g. a’busy lic site,’| thére Aré

des§19ﬁ§ @@&t%ﬁp¥é§%épﬁb%§%ﬂ% tpey Wélllxc%ft?ﬁle BEIO% “,_Niéﬁx%g%éir}ge used as
objects and the result in a high compiéxity for object tracking. In

prirggdritingestibhtay erpes sfafietizry objests frothenssaingeobjectsmand tFaek are a

spelie: Stationany and %‘éﬁ%a&@ﬁ%@ﬁﬂ%ﬁ&%‘%&&%ﬁ%ﬁ%@@{@Hb@@gi%@mence),

can greatly enhance object tracking much. Let ¢ = 1f(-S) be the color of a
e RRTOGTSund P (RGO R ?fi?‘f%%%“‘réﬁéeiﬁ%@%.% EoiiRg gsound parts and
colBayasianrente fetggrabapiibyedbthizmpoint belanging tarth 8 veckapleud ised to

le)=plcl b r | be obtained fro e
oo T B, L S S R R e R R,
andEACH PiXBkiSousaedie gharacke(ize H)e haekgroupa. dolr SaX, Dheaaichix@bior
of the image. For each type of feature, a table which records the principal
Is featims sMectorsbamadthélr stabsticoraraior:(siihe-peslp), <S-gpiwrEen@h) vpstor  is
p_ug; where_p; S&) i -t%}e learned probability of s belonging to the
¢ BalkarGand ¢ ,rct%y als & it R B0SE RISt BA B RES bre v and S; (i)
recorgs thegiatistiesefine Mcomastfeguaatiaalbie Yeslotsalns faaehan be
a@ dcontains three components 38 P", =ps(v,) S"(i)= p,;Ib=](v,Fb) (4b)

caic%i as

_ N
M

8

p(db) {5h)
where N (b} is the background points in a small window W, centered at § in the

previous frame, and A{, s the number of points within the window. Similariy, the probabilities
of § belonging to the layer (stationery) object or moving foreground object are

o116y = ZELDPD) g ) - PELDRLN) )

pie) ple)
respectively. The probabilities p(ci/) and p(e| f) can be calculated with Gaussian

kernels. Let ¢, be the color of point x in the template 4" within the window 7. Then

p(ejl) can be calculated as



v,=(Vit'-,V,D") where D,, is the dimension of the vector v. The S'(i) in the
table are sorted in descending order with respect to the value pt . Hence,
the first N,, elements are used as principal features. Three types of

features are used in the example embodiment. They are a i feature

(color), a spauiai ic fearwu_c _ (gradignt a a tcinpol fic__._atu~__c kc
I_vil_ui _ co -occurrence), spectral man ~~amcim~, and a'as

respectively. Among them, color and gradient features are stable for static
background parts and color co-occurrence features are suitable for

dynamic background parts, Hice& tabies{b!r(e‘;useﬁq(x +ee)t}n the possible (7b)
principal features of the three types fof the background. They are T, (s), T,
(s), and T,, (s). The color vector is e = (R, , G,, Be) fronf thgdnput color
franvderehiy farliesiany emets isa8 e(GRItER) sbthiNebgk gevétbrgﬁther 8
color co-occurrence vectoris cc = (R,_,,GI-1,B, I, R"G,; Be

with 32
mdi'kq%’iﬁgt@%?ﬁ‘é{‘f&f0485%98¥%88{&?9é%@?e%gcr?%w% Jiﬁb%%?‘e

el DEEAINDYS o
ckground point at the current frame e calculated as p )gAT%)DOmt

x i(5hy wirkieve INadnyi is the bgickgfonnthp dintsrinial shiadtvitocl ok \Aé; tenterfeds) .
at s in the previous frame, and M, is the number of points within the

The DR SRR adly, ApralsaBHit&s of s belonging to the layer (stationery)
object or moving foreground object are p(Z 1 ¢) = p(e | Z)p(Z) and p(.fl e)

=p(e I Hp(f) (6b) p(c) p(e) respectively. The probabilities p(e 11) and p(e

f) can be calculated witﬁ@bﬂ%ﬁ&ﬁfk\{grz%k y @x‘bsé}the color of point x ifE?)
the template A11-1 within the window W,. Then p(c 11) can be calculated
as 39 p(c[l)=max}kJdc;-c)k,(x-s)} (7b) xe[i~, where the Gaussian kernels
canThe pvritteruabekglwiatad - - 2 with g=c or s 26q) indicating the kernel
for color or spatial vector, respectively. Again, let cx be the color of a point

x in the window W and in the region of moving foreground objects from the

last frame 1,-,(s) . The pigpabi Ml t5d Hocan ;vf ulated as (9b)

]

where N (/) and N (f) are the number of points belonging to the layer object and
moving objects within the window W, in the previous frame.

Comparing Equ (2b) and (6b}, it can be found that p(c) has become a common

normalization factor. Hence, the likelihoods of s belonging to background, the layer object, or

the moving object can be defined as

p'(ble)=ple|b)yp(b), p'Ul]e) = ple|Dp(l).and p'(fie)= ple} Nlp(f)  (10b)

respectively. The pixel § would be assigned according to the greatest likelihood value. The mask
for the moving objects is used as the input for moving object tracking.

Stationary_objects may also be involved in several changes and interactions with other
objects through the sequence. For a non-living object, it may e.g. undergo ilfumination changes,
be occluded and removed by other objects. For a living object, the object may change pose or
move bodyparts, or start moving again. During tracking the stationary object, the object’s states

are estimated and the template image updated correspondently in the example embodiment.



p(cF f)=max{k,(ex -c)k,(x-s)} (8b) xeW', The priors can be calculated as
p(l) = N N() and p(f) = N(f) (9b) Ms where N,(1) and NN(f) are the number
of points belonging to the layer object and moving objects within the
window W, in the previous frame. Comparing Equ (2b) and (6b), it can be
found that p(c) has become a commg® normalization factor. Hence, the
likelihoods of s belonging to background the layer object, or the moving

object can be defin (el (b e cll) and
D PRI R AR ay e G B D i e iy ar:
moldstdisg e th ecpeate Stketitiowd apdlsiar ey ingaSleefetetthis m@w@ﬂ according

to m&dﬁg%@éisﬁﬁemﬁaﬂﬁl@Hlﬂcf%é@@éﬂf@o@!@i&%éﬁ@ﬁkmétaﬁOnafy, objects
also be involved in several changes and interactions with other

obj Yot grithdJenaticd: Ford Rsrthmg sbject, Thmafersgor herdrgs the
templaméﬁ@g%&a@ﬁ%émtgecgﬁgwﬁawagemoved by other objects. For a

iving object, the object may change pose or move bodyparts, or start

moving again. During tracking the stationary object, the object's states

are estimated and the template im pda tly in the

example embodinakfst % I?né[t)he e§ plé emlgéé% ent, eq@fétes are (11b)

used to describe the layer:object, they are: ﬁ%ﬁ%@%s, occluded,

removed, inner-motion, and start-moving. The state is estimated

according_to various change measures from a short sequence of most

recafiETraies 1 BESHEHY ArefidiamIameeas ejsof it agditfscpeasure
berdd2f #lifferenge Hatusen he.depplals and;aquaaniiiame at s can be

evaluated as 4'(s)-1,(s)J/Thd, ifJA; (s)-1,(s)J<The (lib) 1, otherwise where
. Thd is the threshold according to image noise. Then, the difference
measure between the template ndﬂljgféu fS me for the layer object is
defined as ai = dj (s) (12b) 9/1 éAth §is the size of the template.
Similarly, for a point s in the template A 'ts) the difference between
consecutive frames

(12b)

where S, is the size of the template.

Similarly, for a point § in the template 4/ (s), the difference between consecutive frames
at the point is evaluated as

)= {IL =L/ Thy, 6 =16 <Th, (136)

1, otherwise

The difference measure between consecutive frames for the layer object is defined as
dl =— Zd’(S) (14b)
S A sed!
The difference measures are calculated on color vectors.

If the changes over the region of the template are caused by motion of the object itself,
even if the differences d/ and ¢/ would be large, the visibility (visibility measure d ;) of the

object in the current frame based on PCR would still be high since the PCR is & global
representation not related to spatial information. On the other hand, if the changes are caused by

occlusion of other objects, the visibility of the tayer object in the current frame would be low. Let



at the point is evaluated as dr(s)=~~I(s)-I,_i(s)~~Thd, i~I(s) I,_~(s)f <Thd
(13b) 1, otherwise The difference measure between consecutive frames
for the layer object is defined as d,' - 1 ]d,(s) (14b) SA skE4 The difference
measures are calculated on color vectors. If the changes over the region
of the template are caused by motiogof the object itself, even if the

differences d, and d' would be large, the visibility (visibility measure d p’)
of the object in the current frame based on PCR would still be high since

fieCRIs % %MﬁerBWéé%tétﬁPﬁh&aFe%ﬁ?@d Bhep At PRHSTHAtIIREsT & 2

the other nd if.th a used by occlusi t%ot er pbjects,
sl ST Bt | o e ai, el B M i e

currbpt ﬁmﬁb.eﬂaﬁl%l@fvtheﬂmymeaﬂmwﬁ tht lathatiias stdreduwbenrdh esodajﬂeated as
as a stationary object, and T,' be the PCR the reglon
va"sﬂﬁd iﬁ@%&ﬂﬂr&&%.n%e BRI it PHe e GisBitRy" /i
Acdd &ng%%%ffetsh Wh%% SELI DS SuLen ga@”@e e&a' atggct%rsngdregmn .

ore partlcu ar, Let Om' be'an o jeCtI

I, (s). Accordingto B /, rvmg 0,-"in On

can be computed as Iaﬂyﬁgl? “g%gé( ‘ ékl)glg( m 100 (I 5b) From (13b)
the definition of PCR, the significance of c;,, for Qn'is P(EE, 1 O
pm/ﬁoeﬁeﬁfé%ﬁ@mﬁc?&%f %W@W |ﬁrof°éc@®rdﬁ1§(t5ntﬁ1gne\)lae’hdé?m ,

" LE.Nn).=min{,p~~, %m Pcmlnl 16b) P. where p
and(%{’r&ﬁnsp( eoglgorﬁl %Saénég o) tmn}rgmat(ﬁg} ?é“ Vi eentcﬁi?cc)v’lszthe subset of

the principal colors from On which] matc » ~Nn can be calculated as
_pn (17b) k: crﬁ%é } RIBWR é'cyls?tﬂht}y' Nedsty be%gm?es 6b

Pml,:P(O"lo.1):lm|n{p"'>P min} (I8b) Pm With the change measures

in avaest 589 uemhesighifMasifcH e ok fimMasdi. € IMagE (¢’ ) is the subset of the

principal colors from O which match ¢, . Py, can be calculated as
Pu, = pr: (17b)
ket weC(en )
Now the visibility measure becomes

N .
By = POL0 )y ==Y minlp,.p, | (18b)

m i=1
With the change measures in a short sequence of 14 most current frames (i.e. image

frames from [/, (x) to [ (X)) evaluated above, with 1; normally set to 10 frames in the

=Ty
example embodiment, the states of the tracked layer object are estimated by heuristic rules in the

example embodiment;

Rule I: motionless: If both d} and d! are low through the sequence, it is motionless;
Rude 2: occluded: 1f both d/ and d; turn to moderate or high and o ; turns iow through

the sequence, as well as there are moving objects overlapping the region of the template 4’ as

determined from the bounding boxes of such moving objects in a moving object tracking

algorithm appiied, the layer object is occluded;



frames from I,_,,, (X) to I, (x)) evaluated above, with rd normally set to 10
frames in the example embodiment, the states of the tracked layer object
are estimated by heuristic rules in the example embodiment: Rule 1:
motionless: If both d/ and d' are low through the sequence, it is
motionless; Rule 2: occluded: If botlzel and elf turn to moderate or high
and dp turns low through the sequence, as well as there are moving
objects overlapping the region of 'ghe template A; as determined from the
bouRfing A oty BbEEtARigmIBYiAg BEECPTFaRKiihen ¢- turns
1ow%#9&1éﬁh{ﬂk§ éﬁ%%@ﬁBﬂ%%é&%@%ﬁ .gque Ilgé;%an %f{ﬁm&Xﬁgfe!fthe layer
.both d/ and d' turn to high and dP turns low, and then da' turns low
Obi S GYR°HTE sequence with no moving object overlapping the region of the
template; thedayeiebigcbisremorrd ARuled rdnnesrartign: thboth/dhandiow
d,~ turn to moderate and then d turns low through the sequence, while do
throkigle pis: Isednenbigivhiinis/eanns thenalieh.objechdras thdagediisciieseianged its
moved part of jis body but still stays there; Rule 5: start moving: If both d/
POSG H S ARG ReSE Fﬁ@aé?ﬁ%, and dp keeps being high through
the geguenes; Aswelliasdhers ma ghithef ihe tayrreRRieslolbiaaaNg eeps
layer object starts moving again. The parameters for the rules are
beingdtighiifruahdbe spetierg o welbw Bdtrel bagulorHheatisr peirseithearsamahileyer
objdfieaRNgsWanctgmevaluation from real-world videos in the example
embodiment. In the example e diment, but not |imiting, for. the abo
el T B R s T Ry B Rl fuman
perqgiyesl fsEpniie DEMBWErand iftheyeiriaiHiam 02 @18 vehestieyisr exampie
emBigith ey BEelanges B dn@n, The NSy gaste MRvis Aaw itk igifference
less than 0.6, otherwise, it is high. The measure of shape shift is

measlie féd BY che &R Heh SRty d PegrdlicrisicE R tHiey are within

the template A,. If th d pixels i
0B SLIe RRE e N LAY PRSRISAARL

lesshigarapjaragiateddhatifonispneyiteasd N sspRCHiCICanelasateithyCABNas the
unstable signals, adjustment of the thresholds ma% be required in

with
S A A Whe dge 5298 mgnded
pixdliagkithe- aer pbiegt moranRusileintbeaxampla.comadimant the YN be
_model |ésh trngingg&gﬂe%ggﬂgdg&t to real variations of the o%ect,}g{ithou%feing |
PPSEed By Othar ShiScs in the “Btene “TREFvE P Seryate it Qiateleps; sienals,
adjusietitlayehobheshiids Blaarbereemiald irHd drreryr citbvifiiment and as based on the

refevant knowledge base.

To track the layer object more robustly in the example embodiment, the layer model is

~ maintained to adapt to real variations of the object without being affected by other objects in the
scene. The five most recent states for each layer object (7, = 3) are recorded. However, it will

be appreciated that other vaiues may be used in different embodiments. If one state has more than
3 supports, the state is confirmed. For the corresponding state, the following updating is
performed.

If the layer object is confirmed as being motionless, a smooth operation is performed to
the template image. If the object is recognized as being in the inner-motion state, the new image
of the object in the current fame will repiace the template. If the object is occluded, no updating
will be performed. If the object is classified as start-moving, the object will be transformed as a

moving object with the same ID and corresponding PCR, mask, and position for tracking by a



be appreciated that other values may be used in different embodiments. If
one state has more than 3 supports, the state is confirmed. For the
corresponding state, the following updating is performed. If the layer
object is confirmed as being motionless, a smooth operation is performed
to the template image. If the object iszecognized as being in the
inner-motion state, the new image of the object in the current fame will
replace the template..lf the-ghject is accluded. no.updatin il.bhe
ol R RN oL YRS SRR YRR W o etctes. 1 e
obigrhHstERTiEtRa ECRONTONVIPRPBISTE cYitlith TRESBaRRE A BiiererAted sbitaingd its layer
repRRé&Rativaskl anddepsitoniar ackingyad hermoyingophijestilackiogd, staying
Som%l\g.%i'%h B lh\ghlﬁé/ eaﬂl'ée%(?\ﬁﬁg tg%l%\ 0 f th)% %%h%%&v%lcl)lnggug% tea dlfségglessly by
object is detected as removeéd, ﬁe o%?ect will be transtormed as a
conghEuisBa rEaaNfeErRaNimes B heop R s RARS hURAH Be Aty cigsanhed for the
exathesempiatans, the target object moving around, staying somewhere for
a while, and MOMNGAGAIN. AR fIaRkM.CoRnNoNSY And SEAMIGSRI, R,
. combining the exampﬁe embodiment with the moving OBJ cttrac m%
signfh aFRATH e de b G o tife cBRAMPIRN B B oBRM ENE: Plgifrd@eskiowl figtpcked
moCharb6@e: itustiatiigeasimethod etobjecikiiacking Mamyided sHgnal4, a template

mQEHANGIe e SxAMPIE sMbodimant./at sleb 80215 delecied MAlauence
tracked moving object hasS become stationary over a sequence of irames.
At #ers 5. goRats fE P EEE NI RVISF iRt @eifoRars bjet traganwratddis demglate
imagt leastoneraf thenfeames indhesgeguence. At step 606, a state of the
stationary object is tracked based on a comparison of the template image
with a current frame of the video signal. Event detection: The structure
diagraptsiegs#aPent detection system 700 implementation incorporating
the Tleseribre axaraplerembedimastisisiaen TORigbkenéntiiconiadAsfaig the
undamental modules, foreground mentation module 701, .mavin
e S i i R
foregiRimdarere it pRoRIGIRT OB LT O Y GRotsh dradina cRedtisn Rrodtifécrey object
racRBIf@bda It hackgrenntidstiitacsiamnand learning and includes the
methed god sysiemuar hackoround.updating ohthg xample, embadimenten,
descri ed above, applied to e.g. the ada five Bgckgroun subtraction
leariipghaty drepdeedim Bathatheackgrsurier niseeroget indpiexefnmipe example
embodementatines anploysiidocipad f-entusd-Represckiaing bR} @h method
ixgl cteri I earance.. The moving objects. .
o 1 L N O L 8 R
Feature Representation (PFR) at each pixel to characterize background appearance.

The moving objects are tracked with the deterministic Z.5D multi-obiect tracking
algorithm of the described example embodiment in the moving object tracking module 702. As
© described above, 10 deal with great variations of target objects in shapes and scales as well as
compiex occlusions, moving objects are represented by the models of principal color
representation which exploits & few most significant colors and their statistics to characterize the
appearance of each tracked object. When a tracked object has been detected as stopping moving,
a layer representation, or a template, for the object is established and will be tracked by the
stationary object tracking module 704 using the method and system of the described example
embodiment. At each time step, the states of templates for the objects are estimated with fuzzy
reasoning. The template for one object may shift between five states: motionless, interior motion,

occluded, starting moving, and removed. When & template for an object is detected as starting to



algorithm of the described example embodiment in the moving object
tracking module 702. As described above, to deal with great variations of
target objects in shapes and scales as well as complex occlusions,
moving objects are represented by the models of principal color
representation which exploits a few mpst significant colors and their
statistics to characterize the appearance of each tracked object. When a

moVEaEEeehRRIRTL AR BER Qﬁﬁ%‘ét@eﬁ’eéﬁ ARG IIOHIGe Sh|AYEES 2 moving object

representation, or a temg ate, for the object is established and will be
]

a“dﬁ}}i&li@ﬂkﬁ?/ SRR %}B’&‘t’?ﬁ%‘?ﬁlﬁgaule 704 using the method
andisystemeof thedeschibadeRainpimaatitbadizientsdt eadtidiin Sistepidtienes
(Fsﬁfﬁt% cheto‘?%]@&att%s doLtheQBIGRLs g gshim %e%‘é"t%&éﬁ?y?d@ a('?fo%ggexample

e template for one object may shift between five states: motionless,
mpiﬁ‘ﬂ?ﬂ@Pﬂﬁ‘oﬁ% t@c&lﬁﬁé’&’%@éﬁ?ﬁ&%@ﬁ’@%ﬁd TERIGEdDpRRs R obiects, thef,
loitdempplaterfouanakiectdsidetectadoas giartingdi® 44 move, the template for

the ghisctyribe deleled andhe ohieet wilhe shited 253 mewgAbiedt .

and then tracked by the moving object tracking module 702. In the event

semgitfe A ARSAIRECT 08, 1Be FRaHedeRTRl SR EERBRTFH RS T AbhFrdiens of
inte{¢: G pared ésigneckte. detact suspeciedideenakiosndirthé syt orofedure
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They are unattended objects, theft, Toitering persons, unattended vehicles
from iﬁﬁﬁ@&ﬂ@&éﬁ%@%&ﬁ@% gk P %&Wé&féﬁawwa.@‘é%ﬁ&é&%ﬁfymbohc
levelvITait Hasdhappengdtintkeescéaectlbisitheesemakliede Vet descripfioir afiode! is

dete%n%@%&?%ﬁe@&o{% W&%%QQM{amg%e m@é?ésa?engeﬁe?yﬁ}n% 1ssues for event

interesting objects in the scene. Event detection in video uhderstandi th
modglig PRSI 1D SIS R PRUPRER S JERTETECUPR BIAESE B ARSI, @R fiE) fisepther
is tesiopne reckatiphsefvetdierepiad featuras tfeanadetermediate level

proﬁ?%ﬂ@m&%&tﬂ;ﬁ%%@&?%@ﬁ&éﬁﬁeﬂ Wnehigal J&\S%hf'ﬁﬂﬁltthﬁqés\@ BQUSG:s are

level. The fundamental part of event detection'is event mod e |ng For an
des%%ﬂtbi{h@“‘rrﬁ?a‘éﬁ@ﬁt?@fé‘rr‘ﬁ’?\‘éﬂoﬁﬁh%bﬁ%lé St &aHPaYsL, and actions. On a
semingtapRtictions. chaarenate gehetallyatwoussize sutaegitanit modelisigdéinedisates.

An Q€166 AR ADRIOPHIAG 'GRESRERIALoR MOdRL QEIQHD %@wmm@@ ‘r?ext

other is to derive the descriptors for the mterestln%@vents with the model.

statq RS, EPRASHS Ba gt BiPi e SXABEt R R BhiowatHeEe is reached,
the anmslialdevierds Swetedesstibedhy the spatiestémparalbavolistian afabjeckso o

prev%ﬁées?atm?\é&‘i{ke&}r?diﬁ&% AGHAIE 1A fr %‘?‘é@é@'edﬁvs%ln%%*}e%ﬁ‘é‘s@}l&é& RS be

defined as a sequential succession of a few well-defined states. An event
moceleffPBis s ar ety 4 brie YPTHBre (Rta) statds MiatAcReanare ateuasrs: (1) itis

explicdingitl taadthes néxt sstateiwisoripev,cONdigdh saresndéy asdh@:sednecorporate 2
varl %W@&%&E'%réﬂﬁ&[‘ﬁ%rﬁ@ﬁ&%ﬁ%@é%&e{ 6ached,, the event is declared.

State transition may also happen from.an mtermedlate state back to a
Using Finite State”Machine, each specific event can be represented by a directed graph

G = <Sf ,E.">, where ST is the set of nodes representing the states and E; is the set of edges

representing the transitions. One exampie of a FSM 800 is described in Figure 8. Any new object
is initiated to be state “0” 802 for all the events defined. This is the initial state. The FSM 800 is
truly started only when some conditions are met and the active node transits to the next
infermediate state, i.e., state “1” §04. There can be more than one intermediate state for the FSM
800 of an event, depending on the complexity of an event. The FSM 800 reaches the final state

“End”406 when all the conditions are met and then the corresponding specific event is triggered.



previous state if some conditions no more hold for the state. The semantic

representation can be modelled based on Finite State Machines (FSM).

The FSM has at least two advantages: (1) it is explicit and natural for

semantic description; (2) FSM can readily and flexibly incorporate a

variety of context information from irggrmediate-level processing. Using

Finite State Machine, each specific event can be represented by a

' ra = (S,.,E, ), where S_i set of nodes representing, .

Toe KSR R el o R T B S MR SRR e
eaclpainpidtislugFSVFEN0SY devisrisadi marigeres: Ay nemecbjeléprigperties of the

objdbitiaterhie brsiatesi0:802 4ok alltherevenisdatinad: dhistadtbe initial

state, The FSM 800 is truly started only when some conditions are met .
e R PR A o IR RO o T S M Qe g

the BOM. ¥eracctn permsrdehbarse dsitnnadiome siiteittrctiia RSN Booebe, an

impRaBVeRt FepRAdingiaming complexity.ahansanetaTheFSME0Q.4183ENeS w©

ide&t@& leéasgr%t gs% e';%di"A'QQ when all the conditions are met and then the
corresponding specific event is triggered. 45 The FSM 800 is updated at
eacharrapienTHe FSNhoesish Reverthd dedfuedEeransidon farving and

stati@AEk stde. Althoughthe FSM 800 toulddemain mbihesame Slate «SeMe each

wacl rf%%?%e”%esiﬁfet&ea ob %S%énaﬁéor%%‘é,ea%'ﬁarg tegﬁsA\}%'}%%?ﬁ’m%t‘fﬂev‘%so%?tc%’és n
IS INC eme?ﬁe or each frame. The more complicated an event, the Bigger
the pxaqpieinmpemtitebetr ¥fintermediate states in the FSM 800, and the more
Is thepefanos tRedelivey annuer sliaklicdetegtinRdestiiotibarefore, an
|mpofgtan task in event {}T‘]Ode%]‘?ﬁe) to trim any Lnnecessary states by

careful anal y%llsn RAto Identi escﬁﬁ%f’eu}s‘gteeveﬁl?ﬁodel. The input of an

FSMSgahderipeids pescdpryarntdames generated by moving and
statignary: ohjeat aeking MOogides Lpmpare Va2 abshd Qdstaibigrre 7),
The Visual sucs of each, radked oblect.can inelude. shape position
motion,”and relations with others. The visual cues In"the’example
impiénfeneatiogiegies WIBjachtDbITe foreriEelRsd 91Iser Ofcezadith ok
foregraypglobieskasuBaxrhe undingshew ofihe-lracked Qlisieh iRy eRetiapping
Witgra{ﬁg%; - Size: the area of the object in current frame; - Status: indicates
wheéther the tracked object is moving around or stationary; - StayTime:
indicAMesdron Tsagthe gbfelét Haadeape thindgrecs @éietetion Gpsap ofrd iatierary
objasthether the object is an isolated one or merged with others; - Visibility: a

iy o e S R e R G L T

with Gt rs;
in Tabile 1.

An advantage of the tracking modules (compare 702, 704 in Figure 7) is the capability to
resume tracking of some objects that are lost for a few frames. The two events, UNATTENDED
OBJECT and THEFT, are directly concerned with object disappearance in the example
impiementation. Thus when an active object does not appear in the track records of the current
frame, one preferably determines whether it is temporarily lost or whether there is a genuine
disappearance. To achieve this, a first-in-first-out (FIFO) stack is built to contain the track records
of N frames. Opucres are the frack records of the previous N-th frame and the triggered event is
delayed by N frames. As such, in the example impiementation it is possible to ‘look forward’ to
check the case of disappearance of an obiect, with N = 30 in the exampie impiementation. With a

processing rate of 8 frames/sec or above, this represents a delay of less than 4 seconds. It will be



Motion: a measure within [0,1] indicates the degree of interior motion of a
stationary object. The general processing flow for event detection in the
example implementation is shown in Table Ill. An advantage of the
tracking modules (compare 702, 704 in Figure 7) is the capability to
resume tracking of some objects thaggre lost for a few frames. The two
events, UNATTENDED OBJECT and THEFT, are directly concerned with

" %tgigt%&d%sa%p&%eac{ggce in heeéaa)fgnm dIe ign Ie{gentation. T%ua when an gif
PPECHRE o Jec doestho agp ear e fEER 8T BPHe %u F’éer?flqﬁa‘r’ﬁe,l erent

imphmeepiegfesably determines whether it is temporarily lost or whether there is
a genyingdisabpgarance. To achieve this, a first-in-first-out (FIFO) stack
is built to contain the track records qf N frames. OTracked are ?e track
recordSBFERE SSHRTO I BAFRIH IR TR IAR JERrL YRR PN Geldy de Bsr! 25
perdqrf regmEsing S:$be hbsertbrbsestermpletimgleanentatidn,.it.is Jos bl toinigelkzed for
forward' to check the case of disappearance of an object, with N= 30 in
cre e e St e B At SeRRedrab ke
pergpovetathis refrasermsidetanofimsy ahahod sseitmads Thawvlissawpeeonditions for

the BRRGGIAtSE that therdelaygardigbalanced against the accuracy of

detection in differentﬁimgslementations. Loitering Detection Loitering as
.~ | pe.obiect 15 classitjed. as unan. . . . . .
definedfin the example |mpflemehtat|on involves one object. It is defined as

a perdgnowetidesiisg in esobsevedinrenanitr theyvidgrstiorwbeTl vith fgquent
intefiBenfoedd)is initialized for each new object. The FSM has one

intermediate state: "Stay" which indicates that the tracked person is :
stay TR thEbedr i THBIRr o TG SHBOR SF ST T HETE S fgmine
in. Bbwrditiofs,foy, tthe figi stioviSriprm state I T it otstatboiBidphd-dlbigethestnt is
. is classified as human; - The object moves in the scene (moving around or
MEgHRring somewhere with frequent interior motion). In state "Stay", a time
couhtepisigogpAtinoolsiscimeremented as new frames are coming in.

Whep trEAQI inde e t@@ﬁt&%&@&ﬁ@%é'ﬁ%%&%&%glog,ié@_a"aaaaﬁson.
. ,athterlng eventis friggered. Unconscious Person Detection As efined in
I R D I | TS R S IR B SRS I S S PR dBjeets o 1he FSM is
initiRBESORor ltdshdeiinetias avhenjset heeemitgaom plaignsiatiesdtbethd, the FSM
tran(sj#sr%lgtgtg‘{/%t? w%ic-:liqh% i{%\eﬂs 3 person who is moving around or has significant interior
motion. The second intermediate state of the FSM is “S”, which indicates a person becoming and
staying static, or complete motionless. There are two conditions for the transition from state “M”
to state “S™;

- The position of the person does not change compared to the previous frame;

- The interior motion of the person m <7,

nthdotion "
In state “S”, a time counter ¢ is continuously incremented as new frames are coming in.
When ¢>Tg,,., the FSM transits from state “S” to state “UP”, indicating that an unconscious

person is detected. Examples of unconscious person include a sleeping or faint person. It will be
appreciated that similar condictions can be used to detetc e.g. a vehicle staying overtime in a zone
for short stopping, in which case the object of interest is changed to vehicle instead of person.
Unattended Object Detection
- This event as defined in the example implementation involves two objects. The FSM is
initialized for each new object. When the new small object is identified as being separated from

another large moving object, and it stays static, a deposited object is detected and the ownership



initialized for each new object. When the tracked object is recognised as a
person, the FSM transits to state "M", which indicates a person who is
moving around or has significant interior motion. The second intermediate
state of the FSM is "S", which indicates a person becoming and staying
static, or complete motionless. Therg-are two conditions for the transition
from state "M" to state "S": - The position of the person does not change
is estﬁ.{iﬂﬁraﬁegeg o theki)rewo Q%san?’gé FS @e mstl%sn rnrln :? gtgn‘&tﬁhet setgtso“ tation”. In
280 N state ime counter it Is con muously Incremented as
the ieig, filzinebiscdrie eupsingdrvitVitieproeTslatihevPBMegemsits feons stateedSy the
carf@-stafe FolP windisating thal asuREONSGRUS“DErsQisHetegiRhded Object’ is -
dec Ex%mples of unconscious person include a sleeping or faint person. It will
e appreciated that similar condictions can be used to detetc e.g. a
vehidiefisRgifgiepovertime in a zone for short stopping, in which case the
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new object. Similar to the event of unattended object, when the new small
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prinfd¥® Noethod and system of the example embodiment can be implemented

on arhcom@“t%érsﬁ’xs ile %89 Sematically Shownin FIguredolbmay be itabie
impleméntad a6 S0
transcewer device 914, to enable access to e.g. the Internet or other network systems such as
Local Area Network (LANY or Wide Area Network (WAN).
The computer module 902 in the example includes a processor 918, a Random
Access Memory (RAM) 920 and a Read Only Memory (ROM) 922. The computer module
902 also includes a number of Input/Output (1/O) interfaces, for exampie I/O interface 924 to
the display 908, and I/O interface 926 to the keyboard 904.
_ The components of the computer module 902 typically communicate via an
interconnected bus 928 and in a manner known to the person skilled in the relevant art.
The application program is typically supplied to the user of the computer system 900
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 930. The



such as a computer program being executed within the computer system

900, and instructing the computer system 900 to conduct the method of

the example embodiment. The computer system 900 comprises a

computer module 902, input modules such as a keyboard 904 and mouse

906 and a plurality of output devicesguich as a display 908, and printer

910. The computer module 902 is connected to a computer network 912

ia 2 swtable transceiyer device 914, to enable access {o the Internet
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termining that a tracked moving object has become stationary over a

sequrenceinf dremehigenaaivigin iemplale iage pidhe Glaliopary biesine
ﬁat%@%%z%e% clj%g@t one of the u-axites of :[Ihe sequence; track|.ng a statg of

the stationary oBject based on a comparison of the template image with a

curfERERE M EBT Hehsiqe St ADisHd P RRATENIR] Bbjsstplate image
witiiraokirg: Stgadibitheisidep aigaahambject ID if the state of the stationary
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claim 16, wherein the'generating of the template “image is based on
the SiatonaTy AbisFithife S HEbHMG H8% RCHRS#ast one of the frames of the

sequence for the tracked object. 3. The method as claimed in claim 16,

wherein tha.lragking of IS SLA'S. coMmPises,sleps of determining alitst
_difference measure between the template image and & corrésponding
image it fRSpAtAR AT SER AR R ROURTIMSP a*siBCHR didirst e o TiksaBaress of the
seqizetegentespaciivbigorresponding regions

3 The method as claimed in claim 16, wherein the tracking of the state
comprises steps of: '

determining a first difference measure between the template image and a
corresponding region in the current frame,

determining a second difference measure between respective corresponding regions
in the current frame and e preceding frame;

determining a visibility measure of the stationary object from the corresponding

region in the current frame,

4. The method as claimed in claim 18, wherein the tracking of the state further
comprises determining whether another tracked moving object overlaps the corresponding

region in the current frame,

5. The method as claimed in claim 19, wherein the tracking of the state further

comprises the steps of:



in the current frame and a preceding frame; determining a visibility

measure of the stationary object from the corresponding region in the
current frame. 4. The method as claimed in claim 18, wherein the tracking

of the state further comprises determining whether another tracked

moving object overlaps the corresponding region in the current frame. 5.
The method as claimed in claim 19, wherein the tracking of the state

further comprises the steps of: 50 determining a motionless state if the
firsOaisEyBEE R THeRtesT &lsch Sia di b atoond difBrthee shroftivae below 2
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sequB¥& 8PS, BG-CANSRRANding. e alo R iR CaN L i am S SRIG INRG & onding

,remove(f state if the first and second difference méasures each initially
region WBE THEEEEHRT threshold value and then the second difference
meeasereifalls betowvtdesturstiftiive Shaldivabsecad ditfiesvisibiliysmeaatitanitally

excel@llSDeloun Ee LBl thEeshald Halue OV & RIURDGE. ST URSUHERL he first

frames, and no tracked moving object overlaps the corresponding region
SRRt & R ! e R R AR THE OO SR ey Acpequence
of tseasan diffeseneel meascieseadhy initiallyeutesdithe sespasiiresholdin the
cmé{@lﬂ_gﬁ?end then the second difference measure then falls below the first
threshold value and the visibility measure is above a fourth threshold
valGE=ERa B R e Biftenib sy Hehtand rremdtdiIogse gpresures each
initidifferenee reasoresiewtert and semai akovedhe serend:-threshelethen flls
: he visihili Sure eds and remains abaove the fourth
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shiff ST TRBINEIRK SE SRAMETM B bjdet TBS TRE seronsodi s ansimesumscisingd and
remdif3 apdve rein sdoendi sibililylheast ta dshe eigpminen-base dxomn oY RGPk S0 ve
epresentatian. 7. The method as claimed in claim 18, wherein the firs
e A e SV T Rl Ol e EREe P S VR allpg e
racksg seatrnaringiiserceived semantic meanings, an evaluation from
real-world videos, or both.

6. The method as claimed in claim 18, wherein the visibility measure is

determined based on principie colour representation.

7. The method as claimed in claim 18, wherein the first and second difference
measures are determined based on a knowledge base of human perceived semantic meanings,

an evaluation from real-world videos, or both.

8. A system for object wracking in a video signal, the system comprising:

means for determining that a tracked moving object has become stationary over a
sequence of frames;

means for generating a tempiate image of the stationary object based on at least one
of the frames of the sequence; '

means for tracking 2 state of the stationary object based on a comparison of the

template image with a current frame of the video signal; and



8. A system for object tracking in a video signal, the system comprising:
means for determining that a tracked moving object has become
stationary over a sequence of frames; means for generating a template
image of the stationary object based on at least one of the frames of the
sequence; means for tracking a state of the stationary object based on a
comparison of the template image With a current frame of the video
signal; and 51 means for switching to a moving object tracking algorithm
usirgeansdmebbiee|D i Ty isambict thadtaiorigeyitbbjestis dedermitied ID if
the 3618 NS RGBT H deatastoegemedimhaying stored thereon
computer code means for instructing a computer system to execute a
method of object tracking in a video signal, the method comprising the
steffs of: détéamintagshanedirac kedinpvingd Biecthasbenomecstatioraty for
instA)EA SeGkBRee 9hilrames-0806 AliRgR m?#]ééﬁdgéﬁ&% o e SRR the

me b&ect based ﬁ? at Iea§1 one of the frames of the sequence; tracking a

PN ?osﬁea'}%/oobject based on a comparison of the template

imageienmitiing carerndeberanof the olitked sighatoardsswitchingter a reguénge of
- frar@fiject tracking algorithm using a same object ID if the state of the

stationary.object is determined._as a start moving state. ] _
generaiing ‘4 templaie unage of the stationary object based on at least one of the

frames of the sequence;

tracking a state of the stationary object based on a comparison of the template image
with a current frame of the video signal; and -

switching to a‘moving object tracking algorithm using a same .object ID if the state of

the stationary object is determined as a start moving state,



