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ABSTRACT

Fastandaccuratemotion detectionin the presencef camerdjitter

is knawn to beadif cult problem.Existingstatisticalmethodsften
produceabundantfalsepositives sincejitter-inducedmotion s dif-

cult to differentiatefrom scene-inducednotion. Although frame
alignmentby meansof cameramotion compensatiorcan help re-

solve suchambiguitiestheadditionalstepsof motionestimatiorand
compensatiorincreasethe compleity of the overall algorithm. In

thispaperwe addresgamerditter by applyingbackgroundsubtrac-
tion to scenadynamicsinsteadof scengphotometry In our method,
an objectis assumednoving if its dynamicalbehaior is different
from the averagedynamicsobsenredin a referencesequence Our

methodis conceptuallysimple, fast, requireslittie memory andis

easyto train, even on videos containingmoving objects. It has
beentestedandperformswell onindoorandoutdoorsequencewith

strongcamergitter.

Index Terms— Motion detectionpackgroundubtractioncam-
erajitter.

1. INTRODUCTION

Detectingmotion is a key problemin mary surnwillance applica-
tions. Sincemostapplicationsusea x ed camera,resultingin a
staticbackgroundthemostintuitive andfastmotiondetectiormeth-
odsarethosethatcomparepixel color changedetweertwo frames.
An intensity differenceis usually computedbetweentwo succes-
sive framesor betweena frame and a referenceimage containing
no moving objects[1, 2]. Thecomputedntensitydifferenceis then
thresholdedvith a predeterminedjlobalthreshold.Althoughadap-
tive thresholdg3] andspatialpriors canbe used[4], thesemethods
are sensitve to the very phenomendhat violate the basicassump-
tions of motion detection(a x ed camerawith a static noise-free
background).

In orderto accountfor noisemore accuratelyWrenet al. [5]
have proposedto model the intensity distribution of every back-
groundpixel with a Gaussian.Basedon the assumptiorthat noise
is uncorrelatedn time, parametersf the Gaussiararelearnedrom
asequencef frameswith stationarybackground Motion detection
is thenperformedby nding, for eachvideoframe,the setof pixels
whoseprobabilityvalueis below a predeterminedhreshold.

In mary outdoor applications,the backgroundcannotbe as-
sumedto be stationarybecausef naturaleventssuchaswind shak-
ing treesanimatedvater snav or othernaturalphenomenaln those
applicationsjntensitydistribution at eachpixel is often multimodal
andcanhardlybemodeledby asingleGaussianThus,othermodels
have beenproposed. Among the mostcommonare modelsusing
a mixture of Gaussiang6, 7, 8] and thoseusing non-parametric
distributions basedon the Parzen-windav approach[9, 10]. Still
othermethodsuseWiener[11] or Kalman lters [12, 13] to predict
intensityvaluesin presencef dynamicbackgroundsSuchpredic-
torshave theadwantageof beingableto learnrepetitive patternsand
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Fig. 1. Typical motion detectionresultfrom unstablecameratop),
andmotion actiity plot for two pixels (bottom). The pixel located
nearanintensityedge(B) hasalot of falsepositvescomparedo the
one(C) locatedin auniformregion.

thus detectmoving objectseven if their intensity distributions are
similarto thoseof the background.

While thesemethodswork well for compensatindackground
instability, experimentshave shavn that mary of themfail in the
presenceof heary camergjitter. As canbe seenin Fig. 1, they of-
tendetectfalsepositivesnearstrongintensityedgesecausextreme
intensity shifts occurtemporallyin thoseareas.Theseexisting sta-
tistical methodshave dif culty differentiatingthoseshifts from the
onesinducedby true scenemotion. Although frame alignmentby
meansof cameramotioncompensatiocanhelpresole suchambi-
guities,the additionalstepsof motion estimationandcompensation
increasehecompleity of theoverallalgorithm. Furthermorestabi-
lization methodshasedon phasecorrelationareonly effective when
the numberof moving objectis small. Therefore,we proposein
this papera newv motiondetectiormethodthatusesno motioncom-
pensatiorto align framesbut still performswell in the presencef
camergitter. As opposedo previousmethodsthatmodeltemporal
intensity/colordistributions,our statisticalapproachmodelsmotion
labeldistributions.

The methodproposecheremakesfour contritutions. First, it is
robustto heary camerditter. Secondit usesscenaelynamicsnstead
of photometrywhich, to ourknowledge hasnever beendonebefore.
Third, it is fastandrequiressmallamountof memoryatruntimeand,
nally, it is easyto train, evenon videoscontainingmoving objects.

2. MOTION DETECTION WITH A STABLE CAMERA

Letb = fb(x)jx 2 Sgandl, = fl(x;t)j* 2 Sg denoterespec-
tively, a backgroundmageanda frameat time t that containsthe
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Fig. 2. Theproposednethoddetectanotionby thresholdinghedif-
ferencebetweerthe A andO images(A containsthe averageback-
groundactiity andO containghe averageamountof actiity moni-
toredattimet). SubtractingA from O resultsin amotionlabel eld

madeof true positivesonly.

backgroundb with objectsmoving in front of it, both de ned on
anA B orthogonalattice S. For implementatiorpurposesh(x)
and| (x; t) areassumedo be scalarsbetween0 and 255 for gray-
scalesequencesind 3-vectorswith componentdetween(0; 0; 0)
and(255; 255, 255) for color sequences.

The goal of motion detectionis to estimatea binary label eld
L (x;t) thatindicatesif a pixel x at time t correspondgo a mov-
ing pointor not. In simplebackgroundsubtractionL (¢; t) is com-
putedby simply thresholdinga framedifferencekl (x;t) 1 °(x)k,
wherel s typically the backgroundmageb or the previous frame
I+ 1. Notethatin applicationsvhereno backgroundmagesabsent
of moving objectsareavailable,b canbe computedwith atemporal
median lter .

In probabilisticmotion detection,temporalintensity/colordis-
tribution of every backgroundixel is modeledby alik elihoodprob-
ability densityfunction (pdf): P (I (¢; t)jL (¢ t)). Motion is then
detectedby comparingthis pdf to a prede nedthreshold. As al-
readymentionedthis pdfis typically modeledby a singleGaussian,
amixture of Gaussiansr a Parzen-windw estimate.

3. PROPOSEDMETHOD
As we hadmentionedcbefore,camergjitter canbe largely removed
by cameramotioncompensationThis however, requiresadditional,
computationally-compbestepsof motionestimatiorandcompensa-
tion. The goal of our methodis to accountfor camergjitter without
motioncompensation.

Unlike standardnotiondetectionthatusesintensity/color(pho-
tometry),we proposeo detectmotionbasedndynamics Although
variouscharacteristicef imagesequencelynamicscould be used,
we believe thatamongthesimplest but mostmeaningfulonesis the
binary resultobtainedfrom backgroundsubtractionnamelyL . As
canbe seenin Fig. 1, the motion actiity plot for a pixel (L (x5 ;t)
andL (xc ;1)) stronglydependon wherethe pixel is locatedin the
image. For instance,since pixel B is locatednearan edge,the
temporaldifferencekl (xg ;t)  b(xg )k is oftenlarge resultingin
mary falsepositives. Thus,for all practicalpurposesthedistribution
L (*g ; t) hasa global averageof about0.5,i.e., motionis detected
abouthalf of the time at this pixel. On the otherhand,sincepixel
C is locatedin a uniform region, in absencef ary moving object
its temporaldifferenceis smallresultingin almostnofalsepositives.
Thus, for this motion distribution, the global averagemotion s al-
mostzero. Interestingly the true scenemotion at pixelsB andC
can be detectedusing thosetwo distributions only. Basedon the
assumptiorthat a moving object producesa high amountof local
actiity, it canbe seenthata pedestriarhaswalked throughpixel B
aroundframe210andthroughpixel C aroundframes110and300.

More formally, true positivesattime t canbedetectedvhenthe
ave,}{ageamountof activity monitoredduringthe previousw frames:
o izt we L0 1) issignicantly Iargerthantheaverageamount

of activity monitoredduringa trainingsequence;;- _1 b(x;t).
NotethatP standgfor binary sequencebtainedduringtraining.

Sincestoringb in memoryis prohibitive asM getslarge, one
canpre-computendstorethe averageamountof actiity in b using
atwo-dimensionaktructure We call this structurethe A-imageand
de ne it asfollows:

Q(x ) (1)

i=1

Ax) = =

whereM is thetotal numberof trainingframes.As showvn in Fig. 2,
the A-imagecontainsthe averagebackgroundactivity. It thuscon-
tainslarge valuesnearedgeqdueto camergitter) andsmallvalues
in uniform regions. Note that althoughthe training sequenceised
in Fig. 2 containsmoving objects thoseobjectsbarelyin uence the
globalaveragecontainedn the A-image(for sufciently largeM ).

Similarly, the averageamountof actiity attimet in the ob-
sened sequenceanbe computedandstoredin a 2D imageasfol-
lows:

O(x%;t) = 1 L(x;i): (2)

izt (w 1)

As shown in Fig. 2, the O-image containsthe averageamountof
activity obseredattimet. Similarly to the A-image,the O-image
containdargevaluesnearedgegcausedy camergitter), but it also
containslarge valuesaroundmoving objects(causedby true pos-
itives). Thus,onceA and O imageshave beencomputed,a new
motionlabel eld L°x; t) (largely void of spuriousfalsepositives)
canbe computedby meansof simpleimagesubtractiorandthresh-
olding:

1 if (O(%;t)
0 otherwise

L%xi) = ALY > 3

where is aglobalthreshold.This canbeinterpretedassubtraction
of theaveragebackgroundactiity (A) from theaverageactivity ob-
senedattimet (O). Notethatin orderto accountfor variationsin

time, the A imagecanbealsoupdatedasfollows:

A= A+ (1 )O 4
where is an updatingfactor whosevalue rangesbetween0 and
1. This permitsadaptationof the averagebackgroundactvity A
to changesccurringin the monitoredscene(e.g., weatherchange
introducingwind). Furthermorethe backgroundmageb usedto
computeL canbe similarly updated. An exampleof pseudo-code
for our motiondetectionrmethodis shavn on next page.
4. RESULTS

We have testedthe proposednotiondetectiormethodonindoorand
outdoorvideo sequencesFor every sequencewe used 1 = 35,

2 = 0:5,M = 300andw = 24. Also, asshawvn in the pseudo-
code,the backgroundmageb is computedwith a temporalmedian
Iter . We compareaurapproactwith asimplebackgroundubtrac-
tion andwith threeprobabilisticmethodsbasedn Parzenwindows,
single Gaussiaranda Markovian approachsingle Gaussiarplus a
prior labelmodelwith Ising potential[14]). For every methodmple-
mentedthetrainingwasdoneregardlessof the contentof thevideo
sequencandno post-processing/asapplied.

The outdoor sequencehiave beencapturedby a network of
video cameras(Information Systemsand Sciencesvisual Sensor
NetworR deployed on Boston University's Charles River Cam-
pus. The camerajitter is dueto building's ventilation fans close
to which the camerasare located. Fig. 3 shaws resultsfor simple
backgroundsubtractionand the proposedalgorithm on highway
sequencewhereasFig. 4 shavs similar resultsplus thosefor the
Parzen-windar and two Gaussianmodelson sidevalk and bad-
minton(indoor)sequencesAs canbeseenpur methodsigni cantly
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Fig. 3. Thehighwaysequenc@rocessedavith a backgroundsubtractiormethodandour method.

Algorithm 1 Our Motion DetectionMethod
Input: | : Inputvideo
Output: L°: Motion label eld

Initialization
1: b Median(lo;ls0;l60;:5IN)
2: A 0
3: for eachtimeframet from1toM do
4. Lt kl[ bk > 1
5: A A+ Li=M
6: endfor
Motion detection
72k O
8: for eachtime framet do
9: L[k] H‘ bk > 1
1. O XM L[]
1: L2 (0 A)> ,
12: A A+ (1 )O
13: k  moduldk + 1;w)
14: endfor

15: return L°

eliminatesfalsepositives. Note thatthe sequencéadmintonin ad-
dition to heavy jitter, containsinterlacingartifacts. However, since
our methodis basedon cumulatve dynamics,thoseartifacts are
largely suppressed.

As mentionedpreviously, our methodusesa small amountof
memoryatruntime.For eachpixel, it requiresl oating-point num-
berfor eachO andA, andw=8 bytesfor L[:] (line 9 of the pseudo-
code). This correspondso a total of 11 bytesper pixel whenw =
24. This is signi cantly lessthanthe 12 oating-point numbers
per pixel neededby the one-Gaussian-pgrixel methodfor color
videos. Our methodcurrently runsin Matlab at 20 fps on color
imagesof size240 352 usinga 2.1 GHz dual-corelaptop. Full
video sequencesf the detectionresultscan be dovnloadedfrom
www.dmi.usherb.ca/ jodoin/projectsijitter/

5. CONCLUSION AND FUTURE WORK

We presenteda motion detectionmethodthat is basedon dynam-
ics insteadof intensity/colorof a scene,and doesnot useexplicit
camerashale compensation Our methoddetectsmotion by accu-
mulatingthe averagebackgroundactivity in anA-imageandtheav-
erageamountof actiity attimet in an O-image. Motion is then
detectedby simply thresholdingthe differencebetweenO and A,
i.e.,by remaving from O theaverageamountof backgroundactiity
accumulatedn A. Our methodhasthe advantageof beingrobust
to severecameranstability, it is conceptuallysimple,fast,requires
small amountof memoryat runtime, andis easyto train, even on

seguencesontainingmoving objects.

Note that our methodrelies on two predeterminedhresholds
(namely 1 and ) which canbea limitation for someapplications.
As a workaround,one can automaticallyestimateboth thresholds
basedon characteristicef the histogramof kl; bk and(O  A).
Among the characteristicone may look at is the entroyy, various
statisticalmoments,and maximumpeakvalue to namea few. A
goodliteraturereview onthistopicis proposedy Rosinetal. [2].

In the future, we look forwardto adaptKalmanandWiener I-
teringto our method(similar to methodspresentedn [11, 12, 13)).
We hopethis will allow to betterdealwith camou ageeffectsand
betterdetectfast moving objects. Also, other more sophisticated
teststatisticsareto be implemented.For instance one could learn
empiricalmotiondensityestimatesuitablysparsi edbasedon ker-
nel methodgor boththetrainingandobsened data. Theseempiri-
cal densitiescouldthenbe comparedusingdifferentmeasuresuch
asthe Kullback-Leiblerdistance.We hopesuchmeasurewill help
remove irregular backgroundactiity causedsay by chaoticwind
bursts.
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Fig. 4. Thebadmintorandthesidevalk sequenced=romleft to right andtop to bottom: aninputframeandmotionlabel elds obtainedwith
backgroundsubtractiona Parzenwindows approacha one-Gaussiaapproacha one-Gaussian-with-Ising-pri@pproachandour method.



