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Abstract 
Smart vide-0 cameras analyze the video stream and 
translate it into a description of the scene in tenns 
of objects, object motions, and events. '111is paper 
describes. a set of algorithms for the core computa­
tions needed to build smart <.-.ameras. Together 
these algorithms make up the Antonomous Video 
Surveillance (AVS) system, a general-pu.rpose. 
fram.ework for moving object detection and event 
recognition. Mo\'ing objects are detected using 
change detection, and are tracked using first-order 
prediction and ne.arest neighbor matching. Events 
are recognized by applying predicates to the graph 
formed by linking corresponding obje-et~ in succes­
sive frames.The AVS algorithms have bt-cn used to 
create seve.ni'! novel v.ideo surveillance applica­
tions. "Dlese include a video surveillance shell that 
allows a human to monitor the outputs of multiple 
ca.meras, a system that takes a single high-quality 
snaps.hot of ev~ry person who enters its field of 
view, and a system that learns the structure of the 
monitored environment by watching humans move 
around in the scene. 

1 Introduction 

Video cameras today produce images, which must 
he examined by humans in order to be uscfuL Fu­
tore 'smart' video cameras will produce infor­
mation, including descriptions of the environment 
they are monitoring and the events taking place in 
it. The information they pmducc may incJude im-

1be re-11eatch describe<! in this report wns sponsored in part by 
the DARPA Image Understanding Program. 
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ages and video clips, but these- will be carefully 
selected to maximize their n~·eful infom1ation con­
tent. The symbolic information and images from 
smart cameras will be filtered by programs that ex­
tra.ct data relevant to particular tasks. This filtering 
process will enable a single human to monitor hun­
dreds or thm1saods of video streams. 

In pursuit of our research objectives [Flinchbaugh, 
1997}, we are developing the technology nee.ded to 
make :.mart cameras a reality. 1\vo fundamental ca­
pabilities are n<.>eded. The firs t is t11e ability to 
describe scenes in terms of object motions and in­
teractions. The second is the ability to recognize 
important events that occur in the scene, and to 
pick out those th,u are: relevant to the current task. 
These capabilities make it possible to develop a. va­
riety of novel and useful video surveiUam~e 
applications. 

1.1 Video Surveillance and M:onitoring 
Scenarios 

Our work is motivated by a several types of video 
surve.iJlancc and monitoring scenarios, 

Indoor Surveillance: Indoor urveiUance provides 
infom1ation about areas such as building lobbies. 
hallways, and office..~. Monitoring tasks in lobbie.s 
and ha!Iways include detection of people deposit­
ing things (e.g., unattended luggage in an airport 
lounge), removing things (e.g .• theft}, or loitering. 
Office monitoring tasks typically require informa­
tion about people's identities: in an office. for 
example, the office owner may do anything at any 
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time. but other people should not open desk draw­
ers or operate the computer unless the owner is 
present, Cleaning staff may come in at night to vac­
uum and empty trash cans, but should not handle 
objects on the desk. 

Outdoor Surveillance: Outdoor surveillance in­
cludes tasks such as monitoring a site perimeter for 
intrusion or threats from vehicles (e.g .• car bombs). 
In military applications, video surveiUance can 
function as a sentry or forward observer, e.g. by 
notifying commanders when enemy .soldiers 
emerge from a wooded area or cross a road. 

In order for smart cameras to be practical for real­
world tasks, the. algorithms they use must be ro­
bust Current commercial video surveillance 
systems have a high false alarm rate {Ringler and 
Hoover, 1995], which renders them useless for 
most applications. For this reason, our research 
stresses robustness and quantification of detection 
and false alarm rates. Smart camera algorithms 
must also run effectively on low-cost platforms, so 
that they can be implemented io small. low-power 
packages and can be used in large numbers. Study­
ing algorithms that can run in near real time makes 
it practical to conduct extensive evaluation and 
testing of systems. and may enable worthwhile 
near-tem1 applications .as well as contributing to 
long-term research goals. 

1.2 Approach 

The first step in processing a video stream for sur­
veillance purposes is to identify the important 
c,bjects in the scene. In this paper it is assumed that 
the important objects are those that move indepen­
dently. Camera parameters are assumed to be fixed. 
This allows the use of simple change detection to 
identify moving objects. Where use of moving 
cameras is necessary, stabilization hardware and 
stabilized mtwing object detection algorithms can 
be used (e.g. [Burt et al, 1989. Nelson, l991J. The 
use of criteria other than motion (e.g,, salience 
based on shape or color, or more general object 
recognition) is ~ompatible with our approach, but 
these criteria are not used in our current 
applications. 

Our event recognition algorithms arc based on 
graph matchil1g. ·Moving objects in the image are 
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tracked over time. Obsc.rvations of an object in suc­
cessive video frames are Jinked to fonn a directed 
graph (the motinn graph), Events are defined in 
tenns of predicates on the motion graph. For in­
stance, the beginning of a chain of successive 
observations of an o~ject is defined to be an EN­
TER event. Event dete-ction is described in more 
detail below. 

Our approach to video surveillance stresses 2D. 
image-based algorithms and simple. low-level ob­
ject representations that can be extracted reliably 
from the video sequence. This emphasis yields a 
high level of robustness and low computational 
cost. Object recognition and other detailed analy­
ses are used only after the system ha.') detennined 
that the objects in question are interesting and mer­
it further investigation. 

1.3 Research Strategy 

The primary technical goal of this research is to de­
velop genernlypurpose algorithms for moving 
object dett~tion and event recognition. These algo­
ritl1ms comprise the Autonomous Video 
Surveillance (AVS) system, a modular framework 
for building video surveillance applications. AVS 
is designed to be updated to incorporate better core 
algorithms or to tune the processing to specific do­
mains as our rese.arch progresses. 

In order to evaluate the AVS core algorithms and 
event recognition and tracking frnmework. we use 
them to develop applications motivated by the sur­
veillance scenarios described above. The 
applications arc small-scale implementations of fu­
ture smart camera systems. They are designed for 
long-tenn operation, and are evaluated by allowing 
them to run for tong periods (hours or days} and 
analyzing their output. 

The remainder of this paper is organized as foJY 
tows. The next section discusses related work. 
Section 3 presents the core moving object detection 
and event recognition algorithms, and the mecha­
nism used to establish the 3D positions of objects. 
Section 4 presents applications that have been built 
using the AVS framework. The final section dis­
cusses the current state of the system and our 
futnre plans. 
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2 Related Work 

Onr overall approach to video surveillance has 
been influenced by intere,c;t in selective attention 
and task-oriented proce.ssing fSwain and Stricker, 

1991 Rimev and Brown, 1993, Camus et aL, 
' y 

1993]. The fundamental problem with current vid-
eo surveillance techn-01ogy is that the useful 
infonnation density of the images delivered to a 
hum,m is very low; the vast majority of surveil­
lance. video frames contain no tisefu! infr1rmation 
at alt The fundamental role of the smart camera 
described above is to reduce the volume of data 
produced by the camera. and increase the value of 
that data. It does this by discarding irrelevant 
frames, and by expressing the information in the 
relevant frames primarily in symbolic form. 

2.1 l\tf.ol·ing Object Detection 

Most algorithms for moving object detection using 
fixed cameras work by comparing incoming video 
frames to a reference image, and attributing signifi­
cant differences e.ither to motion or to noise. The 
algorithms differ in the form of the comparison op­
erator they use, an<l in the way in which the 
reference image is maintained. Simple intensity 
differencing followed by thresholding is widely 
used [Jain et al., 1979, Yalamanchi!i et al., 1982, 
Kelly et al.. I 995, Bobick and Davis, J 996, Court­
ney: 1997} ~.ause ii is c-0mpUtationaHy 
inexpensive and works quite well in many indoor 
environments. Some algorithms provide a means of 
adapting the reforence image over time, in order to 
track slow changes in lighting conditions and/or 
changes in the environment {Karmann and von 
Brandt, 1990. Makarov, 1996aJ. Some also filter 
the image to reduce or remove low spatial frequen~ 
cy content, which again makes the detect-Or less 
sensitive to lighting changes lMakarov et aL, 
1996b, Koller et al., 1994]. 

Recent work [Pentland, 19%. Kahn et aL, l996j 
has extended the basic change detection paradigm 
by replacing the reference image with a statistical 
model of the background. The comparison operator 
becomes a statistical tesl that estimates the proba~ 
bihty that the observed pixel value belongs to the 
background. 

Our baseline change detection algorithm use,c; 
thresholded absofute differencing, since this works 
well for our indo-0r surveillance scenarios. For ap­
plications where lighting change is a problem, we 
use the adaptive reference frame algorithm of Kar­
mann and von Brandt fl 990]. We are also 
experimenting with a probabilistic change detector 
similar to Pfinde,r {Pentland, l.996. 

Our \vork assumes fixed cameras. When the cam­
era is not fixed, simple change detection cannot be 
used because of background motion. One approach 
to this problem is to treat the s-cenc as a collection 
of independently moving objects, and to detect and 
ignore the visual motion due to camera motion 
!.e.g. Burt et aL, 19891 Other researchers have pro­
posed ways of detecting features of the optical flow 
that are inconsiste.nt with a hypothesis of self mo­
tion (Nelson, 1991]. 

In many of our applications movjng object detec­
tion is a prelude to person detection. There. has 
been significant recent progress in the development 
of algorithms to locate and track humans, Pfinder 
(cited above) uses a coarse statistical model of hu­
man body geometry and motion to estimate the 
likelihood that a given pixel is part of a human. 
Seveml re-searchers have described methods of 
tracking human body and limb movements [Gavd­
la and Davis, 1996, Kakadiaris and Metaxas, 1996.l 
and locating faces in images [Sung and Poggio, 
1994, Rowley et al.. 1996]. Intille and Bobick 
1.1995] describe methods of tracking humans 
through episodes of mutual occlusion in a highly 
structured environment. We do not currently make 
m,e of the:se techniques in live experiments because 
of their computational cost. However, we expect 
that this type of analysis will eventually be an im­
portant part of sma:i1 came:ra processing. 

2.2 E\·ent Recognition 

Most work on event recognition has focussed on 
events that consist. of a welJ.defined sequence of 
primitive motions. This class of events can be con­
verted into spatiotemporal patterns and recognized 
using ~tatistical pattern matching techniques. A 
numher of researchers have demonstrated al.go­
rithms for recognizing gestures and sign language 
[e.g .• Starner and Pentland. .l 995). Bobick and 
Davis [ 1996] describe a method of recogniz.ing ste-

161. 
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i~otyi,tc~l rn<.)tinr, pautm~ corre.sp1"Jndfog. tn 
ac·!i1)n$ )litt:h a~ siti'in.g ,kiwn, w11lking~ M waving. 

Our apJ}l't)tK:h w. e,,em rtC~)gnitfon i~ h<1sed on the 
v:ideJ) d,ttaha~e. 'ind:exing work ,,.)f C'.<mrtney n 9971, 
w.hk:h intn)dated Uw us.0 (if pr~dkates l~n lh~ JlK}· 

ritm graph tl'> rer.1res~M1t ¢Vt~nts, f\.-t~)thm graph~ are 
wtU $Hited tn t~pr~s,~.ndng abstrnd, g~netk events 
si1~h ~11 \i~ttt.iJitin.g ar\ ,':>bJ~cl' ix '<~1,i11ing tl:J te.$(, 
wfoch an.~ diftkuh h.s caimwt using th~ pitttem, 
~a~e<l approadws teforred t,, ~bl)Vt. On th{, l)tbtr 
h,:lmi, pattirn--h1~~d .1p_t1t1::>-iiches c.~1n represtnt· ~otn­
p.b: tn(1tkms .~uch ·as 'thrnwing an t1~ject' n:r 
··wuvi'ti;g\ whkh ·w<Jutd be. dinkult tQ express t1~ing 
m<)tkm :graphs. n it~ Hkdy thal f)()th pattcm-ba<;~J 
and ~b$tl1l~ z~vt~n1 re~:t,gnhimi tt.~hniques wHl be 
nceedt~i:I' w h:md.!e the {u.ll :mnge ,:if evt.~nt% fhaf ,ire (lf 

interest in surveHttmc1.:.1 ,ipp'ik.~th;in~, 

3 AVS l"r.acklng and l}n,•nt Rt~vgnition 
AtgurUbm~ 

This se~tfon de~~nhe~ th~. q:ire. t{!(ehn9logie1> that 
ptQVide the vkk.•(1 t<ttln-e.Hla:n(,e l:\iid n:Klnit(:iring 1,~:1 .. 

pabiliti~"ts s:if th~ AV$ sy~{1:,'.m. 'llterc tH·e tlm.!{': k#.Y 
k<:ehnolt;g.i:c-!>: rnoving (~hjt.>.-et dett~«:1.ion, vfauid 
tnN.:kfog,, Mtd event re('1Jgnitkm. Thi~ nmving ($~k~.t 
dett~tikm rnntin~s (fot~rmim~ when <)n(i zw m(Jt~- <)b·-· 
j~d~ ~-tlt{tr ,l monit<)~d ~~ene, d~dd~ \\ihkh pi~l§!s 
in a gh·i:n videu ft~me ~urre,;pnnd w th1..~ muving 
objecur '\'et'$US whi¢h pb:d~ CQffei<pt)ntl to the hack-· 
grotmd, ,uid form ~l slmpfo r~prfscnlmiun d . lhe, 
,,bJect'.~ im~g¢ .in the vitfot) fra.1t1¢. Thi~ re:pwsenttt· 
tkrn is rel~ned to ~~ a moti<:m .t~.g.fo>). :md h eXlitts 
in ii single· vidt~{1 fr~1me, fl$ dl1.ting·1fr~htd frmn: the 
wodd ol-:}ects which ~~J~t in the W()dd i'llkl give ti~e 
to tfa~ mi-:it:i~,ii r¢git, n.1t 

*\ 
~ 

.... ~I~~r 

Visual tn't<.:kinft c(nt~fats t)f deterrnining, CQrrt'!spon~ 
de.,wes hetween ill~ i'n<Jtkm ~.gi()fl~ (}V~r a 
5~(~U(~nNt>fVst.k'I) fr~tn1C$, Md tnl\intaining :l ~.ingk 
r-erit-e,1ei!h1ti<.m, l}f trad, .. fot th~, wt)rld <;,'hkct whkh 
gmvc th,~ t,) the· ~cquttH.:t~ of motfon. i'ttgioHt ll'l tfm 
~equem:,e of framei-, Fi.miUy, evenl K~4)gnitkm :is a 
mean~ 11f ttnalyzii)Kthe coll~titm of tmch ll) nrd~r 
to id~Jttify (~\'~.flt~ nf .i'nt~re~f ln1c'Olvfog th~. w,}rld 
uhje,'.I~ r~iir.es~nwd l,ly the v,,t~ks.. 

'Ille iw:wiog ol>Jt.-Ot .i.kh:!~tl<)n l~hn0l1Jgy wzt ~m., 
l}foy is.a: 2D chmtge: Je,tection tedmique :similar tn 
th~1t describtd in lain ef rtl. p 9791 ~Hld Y~l;m1an-­
ch1H et ai f 'l:982J. Prior fO adivatinn of the 
1}J()Hilo1fog syst~m, ~H image d. the t;~wkgt\)i.mlr 
Le,. ~n image of the sce:ne w'hich contasm: tw niiJvy 

tng \,r <)tberw·ls~ hnen."tsUng i)bj~ct~$ i:$ c~pll!!'~tf tl1 
:,er~<e-as the r~rP·n~,r<-:~ imast.\ Whsm th~-~yskm ls in 
tiper~tkm. tiK~ abs·()J!lt~ <lifferefice ·Of tbc cvm~nt 
viduo fom)e .frmn the reft.,ren.:;e hmige is iXu:n})uted 
l\) }'H'OdtK!e a d€{{tmrm.~e J.mag~. 'fht dfffbt~m:¢ imv 
.uge t~ then tfo:eihoh:ted at: an appr1;,iprj~le v,1luc tu 
t,ht~in l l bfriary hwii~e tti w'hfol) the "<.lil" p~xds rep­
re1-em. bm:kgmu.nd ptxdg, .and the ''nn''· .pixel!> 
ropr\.>.S~:m~ "nK~vfag ~)l)_tl:-ct" pixz~is, The. fotir-·con, 
neckd i:..-:o.1np(meufa ~f moving 1:!hji~ct pixel~ in the 
thrt~Ut()ld~d jm~~-Itrt th~ n·t.-:1fo;i11 r.cgfom, f~>.t: flg--
11re: l). 

Simpfo ~pplic~tfon <.'lf the nbjett. det(~t'timi proc~~ 
dure oulfoie-d ·a.hove rel:tulrn hi a numoor ~Jf en·or~. 
hlrgdy due W the Hmit.a.h1}nt- -i:~f lhre~holding, ff i.h(t 
thre,,;hoid tised is too. fmv~ ~am.em nl)l.$e and ~h.ad-­
{):Wt wHI ptod1:it{~ ~t~tukm,\ ()bJ~~!lt: wl~"-l~a1. if the 
tlm~~ho.lcl h WI"> high, i.oll~!- pmtiuns M the ~lbjech· 
in the ~cent:. ·wlH 6H tt) be 5,;epa.rnted fmm th!! b.ick,-



AVIGILON EX. 2005 
IPR2019-00314 

Page 6 of 18

gfOMd, fe$llhing ill imsa:.~itp~ 10 ~vbich a s,nglt~ 
'-Vorfd tibject ·givet rh;~,· tf1 ~everai m<)titm regi{ins 
wid1in ~1 single fram.e, Our gen~tra1 appn):t¢h i$ t<> 
.,i}low hr~:1ku~ h1:1t u~~ g.muping °tlt!-urisd~% t1;> 

rherge multiple cnJme,red C\~nq;Me1ns bto a sin.gle 
mtJfaw m!~i<.)n an<l maititain i <mt--t~H:.me ,om:.~-· 
Sf~)',i\de-m~~ tx.~tw~en -rnot.km re,gl()ni and W1)f.ld. 
ohjecl!~ whhi-r-1 each frarne. 

One grt)upil'ig 1echt)iqut. \\'~·tmplqy is 20 rrti)tpb().. 
fogical difatitin 0f the motion ixt.gion~. Thi~ enahk~s 
the syl::t:t!m t,J merge ~~mne.cted c,impolie:m~ ~ -t)a" 
rated by a few pixels,. but ·using thi~ 1t~i;-hn:t(llfe t~'.i 

&pan hlrge- gapt results in ~ ~eve.re pcrfonn~nt.::e 
d~gs',~laH11i1. Mo:re~i\--e.r:, dibrion in t.he ima,tt.~ $pac:e 
nilly r~~iih in lrHX),r~~tly mugi11g disUnl: {ibj1:.:tt~ 
whi~:h are . .n¢~1rby in thzt in:mge (.:J. few· r.ri~el~). but 
a~ iu t'wit .separ.Med hy i¥ large <.fo,t4tK':e. ·iJ1 the 
W<)fkl (;, fow fe~,t) . 

tr 3D i1il\1tmatil)tt 1s :wailahle. the .,:fmrit!cted C{~m~ 
pt)t1el1t gn)nping ,il'gorifhm ma.kcs 1t~i~ 12f Mi 

fStim11te -qf the s_i1.e {In w<.trfd co~;mfi.mttei) <.~f the 
()~jett:s i:n. the hn~~~-, :n~ bNmdirtg b{,x~,; t)f the 
.<.xn111\~tM t1Jmp:om~nts i\lrt-~ exp,iuded v~rt-~~aHy and 
hmit(mtally by a distimct me.-asum.1 tn l't!el (rather 
th11n pi~:ets) .• :md.~<.IT.ine(:te~l <..:mnpormnts wWt over-­
JaJ>phig bouiid~ng b<.">~~:~ :1rn merg~<l int(? a $higk 
rno.ticm r~gion, The technique fi;r e~timatiHg the 
site ()f the <Jb}~tl'$ fa Ute im~1ge ii de~cti~d in ~c~ 
tkm JA below: 

Tt~~ fo.t)ctkm (!f th~ ls.VS tracking mt1tin~ fa u-1 (~s ... 
fabHsh. cz)rre~:pnndences ~tween il:H.~ motlnn 
reg-i~)n~ in tht~ ct.irrent fran:tt.-and t.h1)M~ in th~: pr~.vi~ 
i.·ms fran:ie. \"./c u:'!e th~ {edmi<1m~ ·t)f Courtney 
[1~)97:1, \vhkb proceed!!> a~ fuHuv•·~- Fir%t a:~sume 
tn.,t \n-<: have <.:-mn_pmed 2n. ·1,c-etodty ¢~timtite~· for 
th~ nKttfon n·gfom~ fo· the pnwimt:S- frame, These ve· 
fodty e~tima!i}s,, tf}ge.tlw.r "'\''hh the.1oc.~11kms iif i:he 
c-entn)ids in the i,re.vh>us frame, tire used tl) pt{)Ject 
t_he· h.).(:·atkm& N' th1:~ ~~ntroh:J& (Jf th~>:: 1rn'.1tkm reg:i(m~ 
·intf> the cut1~.!i11t fhune. Th~~i. a tmitui.i! 1illi-tf..'St· 

tl1ti.ghlmr criter.fot\ fa; used tt:t c,~ta.hlish 
i;urr~~r,mn<ll!m::t~K-. 

Let P be th<~ ,;et rsf motion rngkm ttintr.rikl k1ca­
lion~ in the prtwfoiis .frnm~, with pi <.me. ~ucl1 
1o<.,afom, Let p'; be the pn·*~·ded Jocatin-n of p; in 

th<~ ~m~nt f reme. sH1d kt bt-: the· ·s~t. (tf lH such 
pr<:~j~recl l<.'l,:~1ti(m$. in the ~ummt frame, Let C be 
the. stt ~f iriotis:it, rngk~n <.:tutttikl k~~tkms iti th~­
currenr frame.. If Hm distance berw~ttl p' . .u1d . .. . . . . ' 1: . 

c; e C is tht smllHt'.::\i foi an. demems- -t~f C, 1.uul 
this ·distaii<:~ is al$<.) the sman~t tlf the dii,t:aru.-.:e~· 
t~tW!'.!e:n· ct, and all e~ment~ M :P' (Le., tl - :w:i c, 

I. ' 
are rm.1tual nea.ts.!-St ndghb<m,1, then e~t:ib.iish ~ {'.t)r· 
1'¢.sp,~nd~1w9 hftw~-<:f!. pi. ·imd c i ~Y cret1.ting a 
oidirectiumil <'ifmn,g Hn.k tx~lWCt~n thtm, {J$~! tfm dlf,, 
fer.em:~ in time :1nd spact~ bl°.~1w-een P; ,md <~; w 
dete:nniiie- a vtk;titj e.stiitiiitt. f()f t\, expr<.~ssed ~n 
tti~~k p~r ;;ec~lmL H there is nn ~xisting track t()n-, 

taining: J\·· idd J\ t1) k Olherwfae:, e:nabhi;h a n~w 
trm~k, and ad<l b1Jth pi and'\ to h. 

The strong link~' form the ru151j <11' fh~ tt,\cks \\!ith ~ 
foglH:<.mild~inct or their GWT~Ctne~$, Video ubiect5> 
'Whkh <.i<.Y '{l~)t 1-Wtt· tiltltt1al nc!B'<.$! !k~ighb(;tS :!!~ the-· 
adj,:1cenl frame· nmy ··fa.il to .fonn C()rr.espN~dt·'m()t:.:~ 
b~aui<e tM tmd.erlyi1\g W<.):rkl objet.:t i5' in\t~Jlved fo 
.an eve~t (t!,g., ente.r~ e~it,. dtpt~51t,. ~m,w~}, In t)r• 
de.r tn ~ssi§t. iit tht., idetidfk~tilm tl these ewnts. 
,,o,iet.t~ without .~tn:.)ng fo11<:s· kre givl'.!i1 mitdifcdk~i'l­
al ~vt•dk Utiks. n~ the thdr (mm-mutual) nearest 
nt~ig:hhi:m,, The: -,,.,,~t'k links repr~$ent _f)()tenfoll ~\ll· 

"bi.guity in the trndtirig_ ~tm.~e5>~:.Th~ motfon regions 
m a.H nf tl)<!-frames. togdhe.r \Vith their ~tn:mg t1nd 
weM links~ form -~ mmft)n gmph. 

Hgu.m 2 depict~ a ~ample mi:~Hon graph. ln th~ Hg-­
um, each. fr~u~(: b ·on~-dim~msi<.)m}l. itnq i~ 
:retlre:;ente.{I by a ve:rtitaf .line (r'tl -- Fl H,). Ci:rd:e\ 
fepr-e~e:m <.)bjitt~ h1 tbt~ SC.i~nt\ 'th~-das-t ~mttws rep-· 
resent t,tmng. litlk5. am.! the gray tirr,,ws repre~enr 
w~'.-li.kl1nk$: Al'~ o.ttfei~t enters Ult Stl~llt~ fo frame Fl, 
~t'!ld then moves thJX)Hgh tht~ sctmc w,tH .trnl1i~ F4, 
wber~ it i:fu.pt1,,;it~-,l S~iXmd ~l~}ect. The fk~t objl~C!­
Ct)ntinut$ t() ·m1Wt! thm~gh t!m ~em:,. nncJ t:!:\il"~ ill 

fr.atr.l.e {~"6. T.hc dcp1Jsit~d ~~je-e.t remHltli> stadomtry, 
At frM1\e P~ -~n()ther. 1)!:tjt~t- ~n.krs tht--: .t.cl::~1et t~!'n-· 
t5Qradly (x.':~ludts the ~:atk~t1-1l.ry ()bj,~t ~~t frati1e 
f'W {or is oedudt><l by lt), imd then pmcted5 t<) 

ll);()Vt: pai>t the SMiom.u:y <Jbfed:. Thh. ~{~<.m<l mvv,­
ing oq_l~ct n:.:vi~t'.st~ dimcti<.)nt an.)1ind fr~mt~$ FL~ 
anrl Ff 4, rerums w rer.imve the· statkmaiy- 1~,b.ktt in 
fmm(~fl6; and thi,~lly exit:;; ,n fotm<-,.fl1, An addi· 
·ti1:1-m1l (il~ject enkrs ii.1 fr;,1m:e. ·rs. amt exits ~n.·frame 
1'8 With(1\lt intr.m,ting with ·at}Y <.)ther ()l~ic~t 

As ltidkated by the strif'X!d fiU pattern$ in Figure 2, 
the ct1rrect ~orrespondence~ for the lm·d<~ nre ~m· 
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FO F1 F2 F;l F4 

bigunus after object :intcr~~tt.ions such as the 
occlusion ih frame FlO. The AVS system resofves 
fht~ arnbigii.ity when~ poss1hJ~. by preforring to 
rrn~tch n1nvtng o\.)je:Ct~ with mQ\c'ing obje,:is , and 
stmkmru~''i" nhjects. with J>tation(iry o~je~~t.:. Th~ xfo­
t:in,!lli)n bet\W.•e:n 11.K;ving and ~tl'Ui()tult)' 1r11:eks i~ 
~omput<.xl using thre.sholds 1.-\n the v~-t(X:tty es1.i~ 
:maws., and hystere~is fbr .st:.i.biliiing 1:ransitkms 
hetwe(~.n mt>vh1g ,n<l stationa._iy, 

n .. %.iwing ,m ot·i:.:.!u~ion. {whith 1.nay la.st ihr 1everal 
frames) tfl.\~ fr;;im~-s in:1rnedfottily hdhre :md a.t.tt.'-r 
"the ot.~~!w;ion m-e compar~ re ,g,, frames P9 mid 
Fl J .in Fl:gttrtt 2). Th~ AVS syste:n, exa:11:unt~~ e\~t.:h 
st.i.ti.otiary obj~,1 in the p:nH: .. <iedus.ion franw,. an<l 
se.udi.es for hs cotrespt>n<fon.1 in the poi;t,oc~.luskm 
frarr.ie (whi<.:h sb:.HJ!d b{~ e.~.-a~li)' \vber~ it was be­
for(i,. since th~~ obje,ct is ~t~it:iormry), ·n1i" pro~ed.tirf: 
rest1h'es a forge .port.i<.lit <.lf the, tracbns; ambigui.6e~A 
Gen.{~r~! re.~oltttfon of a:mbtgulli.e:s rn~uhing from 
multiple mo,dng tlb;jecb :in th.e, si;.e,1ie is a lopk for 
t'tlrth(~r n.~sl\latch. 'rhe AV$ :-yMr:Itl may ~n,~tit. 
from ind11si.on t)f a '\:fosed wottd tntckini'' faciHtv ' . ' ~- y 

s.u1ch .as that described h.y lnti!k and Hohk~ 
l ! (<.t\'\'.<' t41>'-'l ., 1 1 .'>':;?,. a, .. ~ ,.n)_i , 

Ce.rtain fraton:.~~ t>f trn ... ks iti).d pairs d ' nw;k s c-0~­
~t~n<l t{) events, For exampfo, the beginnin~ of a 
.track i:.:ar.respi:l!'lds tc:i ~m HN1.1:'.R ~v~nt, Md the end 
t~orre.Sp<.lnd~ t(> atl EXlT ewnL 1n ,ill onvline event 
detection s ystcn:1, .it h pn!forabk t~:> .detect· t ht! t:vent 

164 

~i .. ne~ir· tn time ,ts poS!iiblf to the actual occurr~m .. ·e 
o:f the ztvent. The pn.~v·ious sy,,;tem whi,h ust~d rn.o­
tion graphs for event detedlon fCt:;unney, .. 1997} 
opernicd in a batch mode~ 1md .required mulhpl~ 
passes o,,er the mmk10 graph;. pn~d11ding ordirie 
optrnti.t)r1. The: AVS systetl} d~tecis M¢nts in,, sin-­
gfo pa:~~ <.rv~r th(~ .u~ol:ion grnph • . as tht'- graph is 
crca(etl. Hnwe'i<'tX~ in orde!' to reduce ,~r_mrs due h'> 

rmisc the. AVS ~yste:m introd~i~es l* ~ligh1 ,t.~tay t)f 

n frame tfrnes (n~:3 itt the current .imptemenl,llt(m) 
beJzm:: .rep,:irting certain evimts. F<)r ~x;;impk. "in 
Figur~ 2, ~o enter ~v~nt occi:u-~ <m frn.m.e Fl. 'rhe 
,AVS t.ys.tem n~quires the track fo ht~ nminia.ined for 
n fran)\15 bdhre repmting the enter event. tr the 
lrnck nt.1t mttirna.ined for the required number ()f 

frame!l., it ts ignor~di at~fl .th~ enter t~w:mi i~ m~t re-· 
ported., t!,g" if n > 4, th~ r}hj~d iti Figure 2 whkh 
i::ntcn, in fnm1t~ F5 and c~ih, in fmm~ F8 will not 
ge11erme, .u-iy twei1t~. 

A .track that spHts i11Jo two tnidrn, ,m,e of \\'hicb l~ 

movi11g, .:i.m:l tht~ other of which i:s st.itifmary. t~t)H~'· 
~ptmds to a DHPOS lT event. lf ,1 n!oving rrnok 
int,~rsc(:ts a sJattt)11<1ry track, tmd 1hcn OOtUiniWi to 

flllW{\ hut tht \lci(lOOary (fi\Ck OOdS ,tl the interse,<;v 
tion, this torre.sp(mds. t.-:i ~1 RE~·iOVE event. The 
remov~ event cJn be gtiti.mned a!I soot1 ;\i; fh{~ l\.."'­

n,cM:r dis&dudt-~s 1hc. loc~tl¢n nf the stllfh)JltJry 

Q~joot which Wl'i!:, ·mmm,ed. and the i:.yskm t-.an ,fo • 
term.ine that .the s.t.it1m1ary nl:iect is tKl h)J1g1;.:r at 

th a( loc:,ttorL 
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fa. a !":ti~ttm.er s.imi!.ar ti:> the {JC('hl\klil sfo.tat.ion de­
scribe<l iilx.w~ in section 3.2., 111e dep~1sit lW'tilt afao 
!{t\'~~s tiSt) t~) ambigu.tty n~ to whk:h t:ll\it!Ct is !'ht de-· 
vm,tt{lr, an<l whkh is. th~ depo-sitee. Fnr exam~lk, it 
may have been Hutt th(~- l)bject which e1H~1'(::d nt 
fi~tne F1 of Plgiire 2 -~MAf.~ed at frame F4 and de:­
pt)Shtd -~ mv,,frtg i:ll.1jr¢i; and it l.~ the dtpo:sltc~d 
{lbjec::t whkh then pri;.~t!etfod to exjt t:h~ seent! at 
F6. /\gait¥, th~ AVB. ~y~tem 1-elie~ (n1 ·a moving \'S. 
.~t~hnI1My disti.m~tion to re:mlve. tht! arnbiguity. and 
in:-.fats that th~ dept,sitee Nrn~-iin $~tkina.ry ~ftt~.r it­
depo$it event:. The AVS sp,tem n_!quire$ both lhe. 
,h.!1:io~ttQf and the detx:~sik"t': tmcks t\'.1 i~xtetJd frir n 
fnrmes pa~t. tht~ point at whk:h the. trn~.:ks ~epa.rate 
{e.g,, pm,t frnme P5 ii) Mgi1r.e 2), and thnt !ht· d<.>;··· 
p~,!iit~~i of:,lje~i- remain statfonary: tHh~rwi~e nu 
de~)~tt (t\>\~nt hi gt"-:tK~r.tlti<L 

Al~i) defocted {but not-Hh..t~fraied iu Figtm~ 2), .h'e 
REST ~vents { when ii. m<.)Vii1g obJect ~<)tne~ t() ·a· 
S1<:)p). :md M.OVE ~weim, {when ~l RESting. t~bJict 
begin~ t<J mtw~ %\~.ih). Pi.naHy, rn-ic fmtber f ,Vt~nt 

tMt ij, dete~ted is th~ UGHTSOUT ~vent. whkh 
occHn. whenever a forl~e 1::hange pcturs ~Vr)r tht!- en-· 
tfre ht)age. The motion giaph n~ed m.,t be (Xmsulted 
tZ) rkl~:i--:t this evenL 

fo orde.Y- to h~ite. t?bjeGt~ ~een in the image wiHi re--­
:KJ're{f tt1 a m,i.p. if i~ 11(.~°'X~:\.MHJ tt.) est~lblhh ~1 
mapping between fo.wge .. md ms.ti' tom:dimtte:t This 
mapping i~ t~stubHshed in the /;.VS ~ystem by httv­
iug- ii t1se:i: dni.w quadri-late:rafs <.m ihe h<n12-,mtaJ 

surfact!-S vi~ihfo in an 1m:ag~1 and th~ tqrreitfJ~)nding 
qu.!ldrllatentls f.ni a ni11p,. as shown tn Figt,ftt-3. A 
warp ti::~n!-lforrna,1i1>.n frnm im,lge t,~ m~p S::t}t)tth-­

nates is c,.~m.tri..ttted 11sing Hif quadr:ifauernl 
C()t)r.-i:.lirmte:h 

Om;:e the. transfrirmaH<:im, are,, estitblhhed, the SJ:\." 
tein ~an <.~s§i1ri.i1t ihe h)cmkm -i:W an t)bJtci (a.~ in 
.Plindlh:mgh tmd .Bammn f r994]J l)y ai<.~uming that 
all ubjetts rest t:itt a b()rtt,i>mal ~hrfo(;e, Wfam. m1 

tihject i!> <le.tected in t.he !.cene. the-midpdnt of the 
fowcH &id<.l-_,)f the b1)ondi1~g b1:~x: is used }lS thi;.!· im:­
Hge p1)int. h) prnJect int() ~he m:~p winduw using rhe 
quitddbtt:t,il. warp tt~o~forma.tion JW,)lhe.rg, 19'.~)l. 

The- AV.S (;Ore- alguri1hm~ ~hs,t~ribe-d in wction 3 
fowt~ bet-:n used" af-th~ b.!lsts f1;r ~even1l vfrkx~ sur­
vdll~m;.e applitiiiiun~. S~;x~ti<m .. 4 de~crihe~ Hn~e 
,tppHc~th'..ms that w~ tw:vt ·impkmt'JUtkt situatl\mM 
itwarenc~s1 best-view sdectfou for ~t:ti\>ity loggfog, 
-mKl envh,i:.mmi:nt foaming. 

The goijl (,f the simatiomd. awaren.t:s~ appHs:'.~1titm i~ 
H) iw<x!m~{"· a re~lH'itne map-~,sed display {)f th~ h) .. 
-cations fJf pt~~)pk, objt1(:ts and events "in a 
rn()Hik~n!d rn.gkm. ~mi to all(}\',:' a user· 1i:.; spt-ctfy 
;.d~mtt 1;s>1HtithM1s ihle.ractive!.y, Ahm11 c1)nditi<ml> 
may be ba$e<l <:10 the hx:afalns of i~oi,te ::i.mt ol},­
jects \tl the ~(:em.:, th!! t}l'X!-~ of ,lbjt>ct~ h~ the si:.:~m!, 
the evtnis in \>1hkh ihe people ~ind (}ljocl~ ~ire 'ltl·· 
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volve<l, and the tirnes lit which the. e·vems o,:ctu. 
F~r.tht~ru.roi:e, th~ user t'.:m specify the. acth)n to· take 
wh<~n u-n ~llum1 is triggered, e.g,, w. ge11ernte an m,t~ 
,fa, Jdarm {lr wrile a hsg fik, Fer e-:•rnmp.k, tfa.~ user 

shotsld be 1tb-le to ::specify t.lrnt .m audio aLim1 
~hotdd he tr.i.ggcred if n 1}1.~rso.n dep~)sit$ :J hriefe.ase-­
,Jn a glveri Htbk bct\.\.'e~n 5:00pm and 7:fK) ~m ,;m. ~ 
weektiig:ht 

The archltt-cture, {)f the AVS situaiit)nal. awareness 
i,ystcm is dt!:pided in Figure 4, The systt~m <..:orisisls 
of one or mt,re smart ca~ne:r:is (i:11mnur1k:ati11g with 
11. VjJeo Sun,eilhtm::<.i Shell {VSS). Ead1 ,:amtm;1 hiV:. 
aSSt':ICiated with it ~H1 in<k~pt<.ndt11t AVS ,,)R~ <.~r.1gine 
tk::it per.forms the. pnx.-:essirtg ckscrlbed in section 3. 
That is, the engine tfods-Md m.1cks movitig ohjed;<,. 
in the sce.11e, map~ their inmge- tO<.\ilions to W<)rld 
c<Jordhta.tes,. ,11)<.i W<\;ignit.cs ev~11ts h'tvi:.~king !ht"c 

ol>jtcts. Each <..:o~ engine emits .:1 stream 1.Jf hx:a­
tkin ii.nd ~v¢n~ r<.~pt1rts U) dk VSS. which fi!tenr the 
incOn'ling ~:ven~ stre~m$ fot uwr~-::sp(!{;:Hloo ~i!tttm 
t'.1Jnditk)rl&-and takes the apprtipdak cidion!"i, 

(},.,hje<:I f&.\~mfk-m 

Hgm\~ 4< The $itu3.!it)M! 1i\v.aretwss !iysh~m 

166 

Jo Mlkt to d.et<~rn1h1t~ the ideniltit~s nf Z)bjeds (t,g ,, 
h.riefoa..~e. riolem:K~k}. the sim:ulonat awatt~i~ss &:}'"£ ·· 

lcrn cotnmi.mica.te-s \1/itb m1e or more ()lui~ct 
analy~is-mui-hd1:1s (QA.Ms). 'flte core e"'-~ines cap­
tu.re Silap~hois of it:rt.crt.~hng <)bje,:ts in the scenes, 
and forward the snapsh1">t<; to thi:i. OAM,. i1long with 
the IDs ,,f the tr~ch containing the d.tjecfs .. The 
OAM the•l pro~esscs the snap$hOt in ur<ler Ul de,ter­
m.ine the type of ol)jeet , The OAM p,xK~~sitig and. 
the /\VS core engine C{ll'iipurntitms M~ asynctm.'>-
1tou~. so the rnre t~nginc may hiwe pmcessc::d 
severul more fnimes by Hine f!}e OAM .:_:ompkt~s. 
its analysis, Orn.ce tht~ analysis ·is c1)mpkte, the. 
OAM. ~'erKls the· ~s11hs (at1 ol*ct iype h,t~l) and 
the trnt.k m hack to thi~ z:,,re: engine. '.fbe t{)~ e11-
gitle uses the ti.ad;, Il) IIJ ,)KSt)Ciate the .lahet with 
the , .on-:1:x:t object in the ~orrcnt fn~mt~ (as!>uming 
th~ <1bject h.ns remained in the :ia::,em.: anct t~~cn sue· 
,iess!\1Uy tr~cktd) . 

The VSS pnwitle,\ a map dispfay of the monitored 
il.t'¢a. with the locations ·,if the ()l~ject~ in the ~cene 
reported as icons-0:11 th(: map. Th~ VSS ~list) a.Hows 
the use.:r t{) spt~ify alarm ·regions ;:i.od conditions , 
Alarul r.~gkms are si~-iiied hy Jrnwing tht)n1 on 
!he map usitlg a ffii)tis(! 5 :ind na.rning th(m1 a~ de-­
~in.!d , TIH.~ tt~-er cau then spt.~ify the ~onditfotis and 
a.::tj<inS: fr...lr alarms by cremh,g zme ur more 11u)f1i, 

l<>n'. Figure 5 tkpk;g the· monitor creatiZm -dialog 
box. The user na111e:s the 111(,nit,,r ,md uses I'he 
mouse ti:t $elett. clwrk b(>xes ~tss<.)tt:,fod with the 
t:i:mditions that will tri~;e:r the monitor. The user 
selei:.~ts the type of -event, the type ()f 1)hject in-­
V<ih<t~i in tht~ e\,~rnt1 Hle d~y of week and tim~ of 
tl.ay of thi: ev~nt. wh{~.re ·Um (~v1mt t~<.~urs,. and what 
to do when the jlarm condition ocn.H-s, Tht? n1011l-· 

tnr spt.-x:ifa.>d in Figun,~ j spi.~:ifk~ that a vo.k,~ ~ifann 
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wiH bt ~ottnded when a b.defot*se b; deposited ()n 
Tabfo. __ A bet\Vootl 5:00gm and 7:0Vam l)ll a week­
night The V<)ke a'lann~ at~ rnst<rm.iztd to the t'Ni\11t­

;md t)hj~ct type, $(i thnt \Vhen this-alarms i~ trig+ 

gered, the syi<t~m wlll anoouoce "dep1J5it t)O;«~· via 
its audio i)utptH. Figure. 6 ~lH)w-S: ~ per.son abQl:.lt to 
!rigger-this alam~ 

hl 1nany vkko survdUance ,,ppHt~~tion~ the g<)~l 1-.~f 
surveilfa:nce-l:s not Kl detect events fo real time and 

gerntrn!,ii ~tfam1~, but rather to comtrnd ~ log. QT au­

dit traH nf aH of the ~wlivity that w:kei:: pl.a{~e iit the 
camern\ ik1d Qf view, This h:~g i~ exmnined by. inr 
vestig§1tors ~tfl:er t1 security ioc.ident {t~.g,; a theft (rr. 
t~rrori.st ana.ck), and is us¢.d tn idootH'y pqssibie 

suspects of w~tnesi<-e~. 

fo <)t'l'.!tr tt)-gain ex·pedf.1we wiU, ihis. lYP~ of appH· 
c~tt:kn\ w~ nn\,\~ u~M Hie- tf.t<.c~king ~Jld (Wern 
detedkm (.:.'lp~tbilitk~ dt~~~dbt!d in secth'm :~ to con­
$trmt a pn)gram. that monitors imd ret6rd:s the 

movettW11ts Qf hnmans fa lts field of view, F<)r ev" 
ery p(:rstm th~1 It ~~e-.~; it .c1~.ates a l<)g me thM 

::mmrnariu~ imp-ortant inf()nli,Hkm about tht 1~r-­
-~m,, including. i1 snapshl)t taktn \vhen. thzi pN·son 
\V~\..& do~t h) the CiHlK!ra and (ff pt)ssfofo) facing it.. 
·:rhe k)g Hli:1s :m:e mide .. waifavki. h? auHwrize<l u~crs· 
\•hi the Workl--Wide Wtib, 

· .. · . 

..·.··· · 

.:· . . / "-. •'! :-·= 
··· .. :: 

;.!--· · •. 

The ,lpphc~tit}n makes :use of the A.VS c~,re ~lg~· 
rithn1s to detect arid frack peopfe. tJpqn detect.km 
d ~1 track c<.lrresponding to. a f){!l'S(m in the itlfHH; 
dW-lfl)(;.kt.r assoi::im.es a data reton:i ·wHh th~ track, 
The <la.ta rcctord.· contajns ti snn:tmnry. of hlfQrrnnfoll'.l 
.:i.l'R>Ut the p~.fS(?ll. in~h:u;ling a snapshot ~~iroote.J .. 
from the cnrr·d).! vkfoo .ii:n.age. As tht ptw~on h 
tracktxi tlm>llgh the. $Cene, tht H~c-kc--.r -t.~,.i.nlirie~ 
¢nch ima.g~ qf that pt~™~t tfod it r(.>t--;.eh·es. rf the 
ne,v in~(~e-:is. a hctter view of the perstrn. tfam the 
previ,1u:siy- s.wtd ~nap.ihol. the map~h.oi l$ rz~phl-tecl 
with the rt~)W \•iew. When the 11e~~zm k~wts the 
seem). the dafa .recnrd i'> savect tt) a filt~. 

ffo.ch log entry m~ r(~tm:h the time when the per~ 
t-Qn ~mered the scciit~ mtd a list of coo!Xfo:tMt f)<'lln, 
sh.i;1wing their pt~s;tk)n. in ~wh \'.h;leo frame. fawh 
!ng entt)i Jlk~ .i.lso tontainJ; the sna1"iJ;hot tht1t ·wa.'\: 
Mt\red :in th,~ track recotd-f'\'.}r t.hs.'.: pen,{)ti when they 
cxitt)d the 5t:emt, lkcauie, ~}f the wtiy ~n .. 1pshots an.'!. 
maintained, the final sllap~bul i~ the be~t. Yiew· uf 
the p~r~on tl'mt the <;y~ten1 .h~1d dnrilig 1t11c.kfog, Fi" 
nMly, t:he hlg thtry file -cumains a pi:,ime-.:- t(> the 
r;et"i:~itmee im::tge thtlt wa::. fo dfi~ct. wh*.~n {he, i n~tp." 
~but Wil"; tiu:en, This ini\:mnatfon fonn$. iUl 

ext.reml}ly ~!mdse de.s~dptlon of the p-i~on'$· 
movements and ~1ppearnnce whHe tht!)' \\sere in the 
srcne. 

Sefocdng the bt1tt 't1:ewt The. iy~tt~m u~es ~imple 
heutistics t () deckk wh<ifi tht~ (:urrem vi(.lw of a pt?r-

161 
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l. .. , ·· ·········w· .-•• ,w,-,",....,-· ia: Vimon flesearoh Lah • f J 
Figure 7: ffoor pfan t)f aii~a it~l?-<l for haJlway im:inhotfog ~Xp<trin:ien(s. Camera :ls l~at¢d.M right -~,id 

mNl:ito~ th{~ lwHW~Y imd prit,k~r ik~ve. 

~{H1 L~ b«.tt-r th.ui the pre¥iot.1'ily $.Wed view, .Pk.st, 
the ni;\~.t vii;w .is rnn.sid{~re<l b~tter if the ~up_ieet is 
umving ww.ird. the carrlt.\t1l in thtt ,ln-nmt . t'"'rat11e. 
and t·HtS nwvH1g aw~y l-n tht~ pn:-vkn .. i~ly s~~·~d 
VitN/, Thi~ cm:ise£ the ::.y~tem ll:.t favor \tlew~ in 
... vhk>h the :mt}je .. ~f-~ fo,:e is vi~ibh,.t lf thts. ruk d9c.s 
r.wit ~pply, the n.ew vit!w i~ considered better if the 
£uhj~t appe.a.r:~ tu be h'i.t'£{tf. ($tlht(~nd-s ii l:u'g~~r visu­
al .:i11gk). ThJs c,iu~es th~ system It, prs.~for ·vfo·ws in 
which the· subjt~tt ii do~'-e· tn the-~iune:n.t OHier ~)~­
?'>ibk vfo·'N ~-eki:,th.1n heuri~tks are dis,.":lJi<Sfd in 
K(•lty ;!ta.I. fl995J. 

Hand.ling. hack.ground efou*ge~ The te.5t etwhxm·-· 
m~ .. nt e;periences signitka::nt Hghtit1g varfation 
tkiring. d1(_'., t.fay d(1~ to v,dmi(},v HghtJng, tipeni.ng 
and ~fo1.ing tfodrs etc.etera, In adtlidnn. during. tht1 
d,ty pt..~1pk f .r~quendy dep()Jit, n:!tllOVt~. or repi .. ·isi~­
t:kin objtict$ in the sc~t1e. Th-is cw~tes _pt.'fl'l)~nent 
regksns t)f ~Jifi~reri~'..e lx~twN~t, the St~ent rmd. the 
refore·nct.! im~tge, Without ~ome mt~~-hanism .frir 1lp­

ffating the n.11\'-rtnz:t:'.. im~ge. the sy~tcm W()t,td 

continue b) tf'.dck. th~i,e difft:~rence .. region~ a~ ·ob­
_;ei;.:ts. Utt;:l\'-fore, the. tnlt~er was itMnu::(('d ti;J 
di~c.artl t~ c.urre:ot Irnt~h imd grab a new refore:i"K:t 
image wht'-liev('-r it detertnined 1ku 1111 o~i{,~t~ in 
th(~ ~ ,et.le w~re st:iHmmry, :md tfmt nu o~jer.'.t. had 
rt}O'\--e<l hx St,wtiral se-Cl)lKfr,. 

L(lg Hk~ art~ s~1v(.>:tl in a 1Jin."t<.~tory. tree a5~(>diued 
\.Vi!h the cmfie11t that pn;tiuQl~d tht~ data. A king with 
th~t fog me.~. tl\{'- m<.mitorin,g ;:ipp!ic1'lik1p trnates 
ffTML ,foc.ument.~ !.hat aHnw a \'.-Cb ht(;)Ws~r tf} 

mtvigah.~ the dkectmy tree itnd ~tc<ce.~$ tlh~ fog NI·· 

lri<~s, Log ~ntrks ar~ dh,ph\)'.t~<t by ,J Jav~ ap~ikt thitt 
tl.ispiay~ the be-~t ~m1f~1>fmt: l'>f the pet.~\111 in fl'{~ eon­
t.e~t uf the iefo~n~e im:~~e, and ove-rlay~ rhe 
per~im':s path thtl'mgh. the S~tme {)jl t.he. ima,ge. The 
appJe{ ntns as. an :indept,~ndt~nt. thread ·iha! thecks 
peri(.1dicaHy t() St!e if any n~w· log entries have ~en 
create-t:L Thus "ifth~ u~~tis browsingtheenttfo:. for· 
the cunen.i (fay, new ~nitks ~~~ome ava·Habfo. l,) 

the brow;~er·a.~ s.t)on as th<~Y tm~ur, 

111t} systen}. de~ribed ~tt,r.~-.,~. was te.<,ted i'n a fiaf!'.v 
,\"ay l)f our bibt>1atory, Figt1r(\ 7 sh1J\-\'·S 1fa~ .hM!wt)}' 
flt:m.r plan~ The c.amcra i~ mmmted in ths;· .lml.lw~y 
,dlfo,g arid lo<)k~-W(!st. t.<)Ward a ,vindtw,.;,,iit t,()f'fi­
(k)r that. nm~ around t.he·per:in~i~r. of the huiktirig. 
The. tw .. Hway expef.iezn~e--~ he.avr tf•tftlt:, becliu~ it 
enittitill} :st las~r ptif.lkr, it ~(}triei~ aiid the ()ffk:-e wa­
ter· t0t.1Mt:. ''rh~ hallway l'*tis:cs um.kt the Cllm~r.a 
and {'.fJntiimc:-i t{1 the eMf out t'.$f the field (,f view. 

Th~ sy$t~m w,~s fllli:.~w~d w nm for .a total i:,if 1 18 
lmuq t:.wer a period (~fa W't..xe-k .. Mnit. h.tborntory ~r­
si:.~rlfll~I W(~-~ 1:1m,\v~n~ ·th~l ,a t~m \'i<'llS. in pn;.ig.te~-s., ~r, 
the ~w~tei"n \VllS exposed to norm.at daily ai:.itivity 
f'1.1rin1t the .te~t thi'.: -!..V!..h:m recorded ~ h,t:it of 965 . • ~ 4 

kig entt-ies, Figure .S sh.O\VS the br,i\\:'~{tr disi,fay for 
i1 typk~il fog e.nlry, ln tbJs sti-quencz~ the 'Si!~jet:;:t en-­
kred rhe sc:e.ne fmn1 rhe cm~s {'.°-i:>:rr~d1::1.r at rei~r amf 
came Ql}Wn th~ hallw~y-<.m his wi~y H) the ~(,Jlet; 

(¥Ut tif vit-:~v 1tt k~wer right. His f~th lt sb()WH ~$. a. 
Hne on tbe ffoot~ which t1pp~.tr<; 1x~ wlt~n vil:.twed 
w.ilh a C,)h)r hf()\VSet. 
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Figure 8: l..()g (:~tlf.ry t,n,w.•.st~r InR~tfai:.,c, The Hne drnwn <.m the fioor in the \tpp(~r image stwws the sub" 
jtX:1:'s path from ~ntry w exit, The Hsl entry lidtx~ted .iJt !cft iii the foJ~{: :M wfo;;::h the-image was taken, 

.Figure 9 d~1ni:inst:rnk~~ th~ em~ct M the sy~tl'.~m's 
pmfori~nce. for front.ti vh~\.\'~- ln this sequern:.:e. th~ 
subj(:Ct emertd at th{~ b{)ttl)m of the sct\ne mid 
walked ilway from the cnmern. He tumed an:mm:l 

,lnd. ti>i>k a fow ::;i~ps t~"Kk R~WllRl th<.-, <\;ii1i~rn, dt{m 
u..1mt\d ~rway ag-ain and: cnmirmt~d down the hall­
way, <.wemually exiting vfa. th~ fa~t dm:ir on the le'!), 

Altho.tgh tht~ ~u~i~K:fii back \V,ls t()Wa.rd the .::amf~r.l 
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tni::ist tif ~he Hrn¢1 th~-view pret~rence hcuri~tic~ se-­
le.tted a vfow tak~n while oo wa~ facing the 
camera, 

fo t'Jt'der to asse~s the perft,nnam:;! Qf tht~ monh~x· 
ing appHcatkm, al! of the fog entries for the 
experiment pefiod were {~xan1lned and s¢t)i~d by 
~1tl\~ of thz~ · auth<)fK, .Entries were cfatl>Hled as 
foH6w~: 

r·~-t;t/Non~tare: Entries cnnuiining a view of~ sub­
ject's head were t'.lassified <is £-ACES if the 
~u~je.ct's fuce {~tx>:-dtkally, su~je,fs !l<:)~e} WM vi~ .. 
ibk, oi-ticrwi~e !hey we-re .::Jassifi<~d as 
NON FACES. 

fa1~ Alar.m.~ lmage.s whk:b t(>n.taint~d 1K1 hum.ui 
and tlp~tat~d to b1:.i ~m1~ed by m1faz~ wet\: dasliitfod 
a..s FALSE ALARMS, 

Bad Path~ 1:fatriel1. in whkh the fiOlX tfi.t(:$ fa cfo~lt'v 

ly Ct)m~pt in :mnie ,vay were e.las~itied as BAD 
PATHs. 

lhtd Cboit;e: lo ~l)t!le ~at<.~:i it h -clear from the. 
floor· tnK-e that the system mad~ a pvor choke. of 
',l/hkh image 1)f a pcrs.<)n t{i s~we in the k,g entry. 
1he:\:e ~mtries were' dassitied as BA[) CHOlCfL 

1-'al.sf Negative: in some ,:~tses it ii.. dear that th~ 
syslt!!l) faikd f<) take .a ,1s.1:bk pl~tltre. of $~ person 
who w~rn in tht~ stem~. 'fhei>e. were dassit1ed as. 
FALSE NEGATIVES, Abi~H half <)f tfo:t false neg­
ati\•C~ ot:cmn~d. when tht-i sysR!m sdecte<l a vk~w in 
whkb the sub_ject':s head is ncJf visihk1 *Yl)ica!!y 
bec~m~e they were in the ad 1Jf passing through ~­
d\)Orway. The oth<:~r:,; occurred wht~n the system. he,. 
came t.onfos~<d b,• zx:clusion, and .inc()rrectly 
gtcJuped two i_xiople intn a si.ngk. fog entry. N1)h~· 
thaI W~ do not have. gmund rmth t\)r the ObS~rva­
tinn peric.1d, so there may have ~en other tiett.~t'i{1i1 
failures that were nr1t. dt:tected. However, monitor~ 
ing by the ,;uth()fS d~iiing the d,~ytin1e reveale-0 n() 
failures l)f thi~ tJfie, We belie\>-e that the FALSE 
NHGAT(VE ~oimt is a go1x! e::.iiml:it~ l'l the num­
oor of d~tecticm failures. 

·t11bl.e 1 ~lW\\'S the clMsiticafi<.in ~~uni-~ ibr tht:; test 
pe.-ri<xi, A~\tttning th.it the 'false Tl{~ative mum i:-, 

PSL HaU,vay Traffic for 2/20/97 

Figure 9: Lng entry shl)wing the effect dtht! vktw,i.-clecti1)n ht~uristk preforeflC<t. ft}r frtmtiil \'ktws, Tite 
~ut~j~cl was W;\!hng ll\-Va.y frt)ni the tJ.rnern for m,)$t. of this l\eque:ncc, hut dw ,;yst{m wn~ able to c~p· 

tur.e a vfow while he wt~ facing HH.~-<.:amem. 
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Titbfo l:. tong-.tt:rm numitoring ~--yst.em 
perforn'iantt.~ 

l 
; FACE 493 

··NoN&\cn=---,--,--r-----3s_o __ ""' 
: ' 

ry\l_.SE ALA&\l -r 62 1 I , , 
j F.ALSR NBGATlVE I 44 f 

v,1-lkl 1 Hw ~ys:tem. achieved a detec-ii(>n utlt i:-if 

\}5.2% with a false alarm mte nf 6-4%, Th~ r:ecor<l­
tld path ot ihc st~bje..::t was corrtli. {or ;u ka~t 
pt.uisibft!) in 88.4% nf entries~ u.nd the ~ystcm 
mad(~ c1Ji1spkiJ{1\lsty bad chok:es i:.tf what imagf. tt) 
sa-wi· in ord \' 3 % cf entries, . . 

Of the va.Hd inwgi)~ tJf h1,1:1n,ins. 56.6% showed the 

-subj.~ct'$ fac!:'.,. vs~ 4:1.4-".'t;. U1at did· not };,fo!t that iti 

most. c.iseJ; where the image dOfs not show the 
foe¢, (he subjt<;t ~mtere.J the ~Me fo;m bek)\\t tbc 
Cllfl1f'..J:.!. and walk.<~ m.,:,~\Y from it,~() t:hert~ was nev­
er a:r1 Ot)f-!t)rb;tni.ly fhr a. fri..~nb.d view. lfadier 
ex~rimcnt:=; vdt.hmH the fri:mtal view heudi:;tk ~ap­
tun::id FACE and NONFACE images with rnoghly 
t'.qual frequ,~m;y. ~\> the H fa dear that the hturistk. 
he1p:i·. 

At the end of t.h,•-experiment, :he can1crn -directory 
-Dccupk-d 34.5 tn(:g'1.byt(:S:, i1r abi:iul seven 1nega, 
byte:~ per day of rrmnit(ir:fog. Ah:nm.,: al.! of tht~ 

ston~g<.: {!<.)n1sist~ of hmlg~ fifos, ?'lo pre:suiJmbiy('.mn· 

pres~km with an hnageo-spedtk afgorill:nn wot:kl 
prodm::e substantial savinzs, u~e-of an MPE(.1-iike 
,Jltorllhm nn Uw. rtfor-e1)ce irnagxis w~-;u.kl be. ex· 
hemdy d'ftt'tive. sin(::e the reforem;.t• Jrria,ges an,~ all 
very M!..i.rly identka.l and 1o:ssit~£~ -.:;ompre~skm 
·woo.kl mJt ~ necessary. 

The. /'\V.S trncking_ and even~ fe.('.()_g11itin11 s,;.-,ftw.are 
u:,ies (:()t.tt!,pi:.mdiJ1g re.;.,tangk~ io: :image ao.d \'lOrld 
(:(}N'<linales to ttrmpute ~m appi:'(lx.im:ate imags.Ho­
wodd ini!ppiag, The~e n.~ctMgles are cfe.:iR'tl by a 
huni.1n \~·heti the t:a.meta s:ys:tem is set ll.P-, ln nu1ny 
~ituahoi1s it ·would be _pn~forabl~ t1) d .iminate ev¢tl 

this minimal ~i.dibration ~ttp. in order t{1 reduce 
setup C(JSl 10 a :minimum,. 

We ba\•e dev6k~1Jed -a sys1e.m ,!hat fom:-n.s the image­
hH,vod~ ma1)pi11g by watchh1~ htunallS move 
awund in tfk~ £ce-ne, Chang(:,\ in the :npparent ske 
apd position of humam; h:1 lhe image provide inf()!:. 
n)atfon iib(\ut the ,:,~tste-nee and depth. of w1)dd 
surf."i~e~. Appearance iind disappe.arn.oec, 1,f' hu­
mans prnvides ·infomt~tinn about ~x:.hl~kw 
lxmt1rlatk~s and l1,catkin$ when:: lm rn,,ms. c-an enkr 
()f"l::~it thG scene. 

6.1 Method 

Th~ f~H11.ptua1io:o a~:.mmes w~1k pi..tcsfl(.~Uv~ pt,)~ 
j~,1)tk,n, i.e, that ~)hjects iit the. ·s{'.ene are frrst 
pn:,;jei..-:K'd Qrtht)grnr1hkally to 11 plane pm;sing 
(nrougb a reforen(~e pnim {m the object and p,mdtel 
t<.) the h'.!u,ge.. phme, ~tid th~n proj~cltd t<) the image 
pkm~ uslgg trn~ :perspecth'e, It is also assumed 1.hat 
hmnans a.«: u~tmlly lrH~i:mt:act with a woih1 surface: 
lij,U- ~upport:i them, ttm1 the canwm is h'.1 an upd.gJn 
·p1)sition (h~ ·mH angJe .7,em). ~nd th.11 the internal 
c .. dilirntiofl parameters 'nf the eamt~m .it'e .k.n<)WO, 

MMe pr~dsely, assume frt1ul pr-0jectk1n with thi:.1 
(·*mera foc~il point ~, th~~ o:r.igin a:nd lnol.dng down 
tht~ Z axi~ ,,fa lefl ~ham.kd ·Cl>Ni.:.Hnaie systeni. .St1p¥ 
po~. the carneni (.lbscrves .n pernt1~ in. tf!,:e w,,rM 
\Vith head at W(;)tld point i1 "' P\r, ru,ZM; ;md fb~r 
~H ·world l)()jl1J F , Ld r b~ the referen<'.t:: f)(lim for 
W<~.ak per:;p~~fivt pt'ojectiotL Tbet\ the· appa.r\:nt 
hdgbl oI the pen.()n in tht! image fa gtven by 

,· { 
, , ., · ~ \' "' "" ..l.., ( Y " ··· r ,, ' ,:, .,<-,!"fl · · F! i:.,).s {! 
~·:iy ~· r ~~F h r· ' ~"J'_.F~ · ' · 

where H h; the· camera tilt angle refat.ive to. the tn-· 
cul vert:icaJ .d:irection .. Solving for d~pth. give-!-. 

·w t:"' 2 r = j .. i :H!t a( L.u:\.~. :~ ) 
.. · ·~.J<n··· Yj ..l 

The 1red(m "i· h~ ight in - f '/ ltas a k:K~w11 J.k~Jb.ib i Ii~ 

ty djstdl:mti()ll, nnd the tilt 1ingk term (',1,.0 t:an l~ 
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Vlgiirt~ W: Appan.~,t M1ght darn t:(}Uede.d in the. 
experiment Cell intem,it:y is the tm .. "{lian of the 
-im .. lge h~ight~-of ob~~tved. hum,lt)S-whe-11 the.fr 
it.-Xtt. W(!te hii,~gt1d "iri th~ tell. Dark grey n:.-:gh1tti 

t~(mtai.n 110 data. 

{tsHmtHt<1 (t\)m the a.ppe~tt11ttxi Z)f the fX!f$N1.,. m· 
~imply i,gnnred kn·· the !.hiiHnw tHt angte:; typfoa1 of 
~{:udty s:.:-.unem im~taHatiGWL t1fven ,euuugh Qb};t:f'­

vutim1s. the e{pmt:ku1 (:ar1 bt t1At~d tt) t\<;{imau~ the 

drsrn:nCtt frnm the- camera w ni)ints- in the world . ' . . ~ . . 

wh{':H~ 1x~:ipk i::rwnm<.m1y \V~lk, 

The. ideu ,.;f r~c<.iveri,1g strttctun,~ fr<.)m ,,!nerved sir., 
t~s <.if hurm11u; i~ wna.:ptmiH:y n:.'.[~ted h1 shnp{!­
from--t~~Wte w11rk fo whii:h the k~\rtm! i~: mtH:k up 
6f discrete elen1¢nfs th..lf w·e uiiifrinn. irt ~ize and 
shi.tp-e fAfoimon<)~ Md Sw11in. 1988. Bfo~tdn ~nd 
Ahuja, l-9&n, ln th.is: ew,;e th~ t~xds-(pe,,pte} do 1wt 
Ht.~ in the· imtiged s1.1 rfa~:e. and. th«~k .sizt..~ in tht 
wn.dd is kn<.~wi1. 'Thii.; m,tkes de;pth- rt:<.~(wery sub­
stiuttfolly taskr th;:m h is in gcne.ral slmtx~·-fn:mi· 
k~ture W()rk:.. 

111c equ.~tk)1l d~.fh·'t.~d abo¥e ha~ bt~en ust::d in {\ pH>· 
gram Hmf k'.a.rm, the stnictttre of its e-1WirQntt1ftnt by 
w,~tch,ng h1.mu.H,s mow iwotmd hi it. The:. pmgram 
makes m,e of th~ AVS i:.nl"~ .dgorithms to detect .and 
tr,~~ i:ll..~1J.1k Ov~r- Um(\ -k build$. up an- imitgt:-.: 1n 
whkh pixet talue· repre.\t!nti< d~i)th t() tht": I'tem·e~t 
... ~-l>rld ~trrlhcit in th~ i::ort~spi:.mdhtg direcfo:m. 

The i;.:inn~f~l image h, partidnned inw a t rld ()f 

l6x HHJL\:~I ~\lll~l-e~-•. t:adi nf \Vhkh h a~t;;.">dat~d 
with a hiswgrarn. \Vhen~~ver- the pr<.igram dewds a 
-~'.:f~'{)n in !ht~ scene, it kx:M~!i tfot hi\t9g:1~im ;i:~&!.'.ici--

ated with the ptace wh~re th~y ire ~tanding~. i,~<>­
ttie (H)e.- ijSSO:ciated wWi lfw squm:e con(afoing the 
l'X.)ttom t:ei:iter tif the ttK)11(H). i:e_gi~'.ttl i'br the ~ni-t]n, 
The <!PP.~n~n.t. height 9f th~ p.ers,~f.l i~ r~ctJrtfod itt 
thJt .histpgritm. 0,-\•r link\ the hl~t()gf'1m f~:.,r e~ch 
loc.:I.t:it.~11 itt tb(., im~g(., bt1tkfa il!'J a sm:nple- disklbu-­
tivri fr,r, !he ~pptitett~-(imi\g~) i,~-ight. of human~ m 
tfo)t h>t~atio..u, tbi~ Cil'fl- he ll!ied with the-equatfon 
detiv~d. pre\1kw~ly t0 t\;;tim~ne tfai depth .:!l that 
point, 

Tfa~ program wa~ aHowed to t}per\\ite for twenty~ 
four hQ11rs dut':h1g ~ iypkal \vo-rki,ig .-:lay-. foplH was 
pnwtd-cd by the hallway camern u~ed 'in $et;:ti,m :5, 
Figure lO ~h,,w~ thi~ n.1w OUlf-HJl tif the l)ft)grnm, fa 
the, figure pi~d int~111;aty ,qn-es.pmids w 1h~ mcdfan 
i:ibscr"·ed he.igbt for the Cl'..ITTCSJX)nding lociti,:m, 
D~tk. grey pi~els ~re dH~s~ t<.)f which n~-ob$tirv~.­
fa)il/S 11,v(ir~ :r!!c-0rdcd .. The pt'l:)gra1t1 wM 1~$!:mtt~d !6 

discaHl ~)b:servati~}n~ in which th~ mMii)il region 
for- the persvn t<.)tu::hed the upptr -i)f l<)W~f i1n11ge 
htmk.r~ since tht: ~)parent height 'i:~ iriv;ilid fo Ihat 
C()nd/tfon .. F\w this r(~i~Wn, th~re a.R~ no C<llmfi; for. 
the -end ()ft he h,iil'w,iy, 

'nit ht1ght d~~l- of Fign~ lt) Wtr<~ C(nl\'e'fWd 1(~ 

,kp1h~ using rhe s:.qtiarkm de.riveJ: abt)\'s.•. Ve.rtk:ar 
pix(~l [Jikh W*1S !~k<m fr,)rn. th<..~ c~m~ra t~dmk.ft! 
manual. .:irtd the nominal lim~ f(X:t•l kngth wii& u~td 
hJ approx-1m,tt't~ tht tnm frx.l~i tengJh. m~ti:iitram 
cdfa fot whkh fow'er Umn tt~n t<.ital i:ibsl;!rv-;U.iun:s 
wt--;t-e rt~t)rdfd we~ disc:ankd. 

Fig.i1rc 11 ~how~ lht: final depth map s.upw:1mp,1~<1 
pn th<.! .image. The rAt1ge t~~tima.te~ (;t1¥er im.age re--· 
irtcyns l'~On'<~~ptmding l<) {ht ft1)(}.rt and v.iry 
sn·muthty <.)v~r m<>St tif tht~ lm~g(~, AnoJ11akw~ly 
taq;t~ vafoes occt1r· in *weml kx:~tfom; at dght i.::cn­
ter bd<.)w the ~maH J't1nter and wnrk~(jtl1}1L 'D)~~ 
t~m'.u'S \)C(:Uf ootni.l~~t !~tt t1ffkt1 .ch:iir 1& frcqucmly 
lll<.l'\·-e.d attitHid ii1 thh-region, and tlk~ i.,yskni i,t:.~lt~;.y 

tlrm~-; mist.lke~ il for {i ttt.!r.~m). Sine~ i1 i~ 
~ignilk:mtly :-.ttmUt~r Ulan ,':1 nml pt.~n.i)n, th~! sp:tem 
int(iq,rd& it 11s i~viiknt<.~ tiHlt· th{~ tlti()r suppi)nit1g it 
is further ~w.ay dmn. it in..~i.mily k -~ ~1milar pmhA· 
km prndue(~:,;: the. ~n,Jm,\k~uify hi!th w1lut of g_g 
meter~ at ldt ,:e.fller;, ;;i.t the bait! of the doorway. It 
frt\<}:tn::mly hafipens tfHH J -!o J pt\t:~on e~it.s tM h~H 
via d~~ do(~f\\',~Y, thdi' head go{~s {mt fl -~ight wfoli!. 
thdr oody and rc~t art- ~WI vislhfo. The- sy.~tirn 
rect)rd$ lhe, height i~f !he visible port.i<~1 ()f fhe. per­
~on in the (:di ai tht~ b:us~ (if tht~ d<.~t~f\Wl}' .. S1m::{~ !hi~ 
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Figtm.i l l: Depth 1r1ap recovered from the height data of figure JO. Depths are in meters. 

value is smaller than tltt.'. true height of the. per$on, 
that cdl apix~ar~ to be farther alvay th.nn it really is. 

In <.mkr tu assess the accuracy of tfa; re~<.ivered 
dz~r.t.h map, wi~ measnR~d the distance frnm the 
camern to seven poinl<, on the 11oor. The seven 
~:ilms and their dist~n<..---es frnm the camer$i am 

173 

Sht}Wn superimp<.lS{'\i on the imagt in figim~ 12. Ta-­
hk '1 i;h\'..)WS the e~timmcd and ,1ctual rnngcs !\) the 
tt~st point')., as \\~~ll as tht~ error in meters. Tht~ av~r~ 
;ige abs<.)h1tc error for the S(iven te~i points is 2(x:.rri, 
\\•hich is less than 5% of the average dbtance. 

'"' 
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Thble 2: Estimated vs. Actual Range 
(meters) to ground truth points 

poim 
e-stimate actual 

I 
error 

(meters) (meters) (meters) 

A 4.70 4.80 ' -0.10 

B 5.00 5.40 -0.40 

C 5.90 5.89 0.01 

D 6.10 6.45 -0.35 

E 6.80 7.26 -0.46 

F 7.70 8.18 -0.48 

G 9.80 9.85 -0.05 

7 Conclusion 
' 

The goal of our research is to develop algorithms 
and systems that can be used to describe a video 
sequence in tenns of moving objects and e•..-ents. 
These algorithms will enable. a generation of smart 
cameras that deliver information about scenes rath­
er than raw ima.._~es. We have created a set of core 
algorithms comprising the Autonomous Video Sur­
veillance (AVS) system. induding routines for 
moving object detection. tmcking, and abstract 
event recognition. The AVS system has been used 
to create several surveillance applkations. includ­
ing a video surve.illance shell, a program that 
creates c.oncise .logs of activity in the field of view, 
and a program that learns scene structure by watch­
ing humans moving around in the environment. 

Our future. work on AVS will address weaknesses 
in the current system, and will add new capabmties 
that support mo.re complex applications. Work is 
planned in three main areas: 

Robust Change Detection and Tracking: Experi­
ments .have shown that errors in the moving object 
detection computation are the most common cause 
of errors in our applications. This is particularly a 
problem in outdoor environments. We plan to de­
velop new change detection algorithms based on 
dynamic background models that capture the way 
the background changes over time. We will also 
exploit contextual information to predict the ex-
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pecte,d size and appearance of moving objects in 
the scene. 

Improved E,•ent Recognition: We will extend our 
motion-graph-based event recognition algorithms 
to a broader rnnge of events. and will develop 
methods of specifying and recogniz.ing compound 
e;veots and event sequences. 

Applications: We wilf extend the existing video 
surveillance shell to make, use of authentication 
sensors.. and to distinguish between authorized and 
unauthorized individuals. We will continue to use 
AVS technology to develop applications that ad­
dress military and other government video 
surveillance needs. 
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