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ABSTRACT

Fastandaccuratemotion detectionin the presenceof camerajitter
is known to beadif�cult problem.Existingstatisticalmethodsoften
produceabundantfalsepositivessincejitter-inducedmotion is dif-
�cult to differentiatefrom scene-inducedmotion. Although frame
alignmentby meansof cameramotion compensationcan help re-
solvesuchambiguities,theadditionalstepsof motionestimationand
compensationincreasethe complexity of the overall algorithm. In
thispaper, weaddresscamerajitter by applyingbackgroundsubtrac-
tion to scenedynamicsinsteadof scenephotometry. In our method,
an object is assumedmoving if its dynamicalbehavior is different
from the averagedynamicsobserved in a referencesequence.Our
methodis conceptuallysimple, fast, requireslittle memory, andis
easyto train, even on videos containingmoving objects. It has
beentestedandperformswell onindoorandoutdoorsequenceswith
strongcamerajitter.

IndexTerms— Motiondetection,backgroundsubtraction,cam-
erajitter.

1. INTRODUCTION

Detectingmotion is a key problemin many surveillanceapplica-
tions. Sincemost applicationsusea �x ed camera,resulting in a
staticbackground,themostintuitiveandfastmotiondetectionmeth-
odsarethosethatcomparepixel colorchangesbetweentwo frames.
An intensity differenceis usually computedbetweentwo succes-
sive framesor betweena frame and a referenceimagecontaining
no moving objects[1, 2]. Thecomputedintensitydifferenceis then
thresholdedwith a predeterminedglobal threshold.Althoughadap-
tive thresholds[3] andspatialpriorscanbeused[4], thesemethods
aresensitive to the very phenomenathat violate the basicassump-
tions of motion detection(a �x ed camerawith a static noise-free
background).

In order to accountfor noisemoreaccurately, Wren et al. [5]
have proposedto model the intensity distribution of every back-
groundpixel with a Gaussian.Basedon the assumptionthat noise
is uncorrelatedin time,parametersof theGaussianarelearnedfrom
a sequenceof frameswith stationarybackground.Motion detection
is thenperformedby �nding, for eachvideoframe,thesetof pixels
whoseprobabilityvalueis below apredeterminedthreshold.

In many outdoor applications,the backgroundcannotbe as-
sumedto bestationarybecauseof naturaleventssuchaswind shak-
ing trees,animatedwater, snow or othernaturalphenomena.In those
applications,intensitydistribution at eachpixel is oftenmultimodal
andcanhardlybemodeledby asingleGaussian.Thus,othermodels
have beenproposed.Among the most commonare modelsusing
a mixture of Gaussians[6, 7, 8] and thoseusing non-parametric
distributions basedon the Parzen-window approach[9, 10]. Still
othermethodsuseWiener[11] or Kalman�lters [12, 13] to predict
intensityvaluesin presenceof dynamicbackgrounds.Suchpredic-
torshave theadvantageof beingableto learnrepetitivepatternsand

Fig. 1. Typical motiondetectionresultfrom unstablecamera(top),
andmotionactivity plot for two pixels (bottom). Thepixel located
nearanintensityedge(B) hasalot of falsepositivescomparedto the
one(C) locatedin auniformregion.

thus detectmoving objectseven if their intensity distributions are
similar to thoseof thebackground.

While thesemethodswork well for compensatingbackground
instability, experimentshave shown that many of them fail in the
presenceof heavy camerajitter. As canbe seenin Fig. 1, they of-
tendetectfalsepositivesnearstrongintensityedgesbecauseextreme
intensityshiftsoccurtemporallyin thoseareas.Theseexisting sta-
tistical methodshave dif�culty differentiatingthoseshifts from the
onesinducedby true scenemotion. Although framealignmentby
meansof cameramotioncompensationcanhelpresolve suchambi-
guities,theadditionalstepsof motionestimationandcompensation
increasethecomplexity of theoverallalgorithm.Furthermore,stabi-
lization methodsbasedon phasecorrelationareonly effective when
the numberof moving object is small. Therefore,we proposein
this papera new motiondetectionmethodthatusesno motioncom-
pensationto align framesbut still performswell in the presenceof
camerajitter. As opposedto previousmethods,thatmodeltemporal
intensity/colordistributions,our statisticalapproachmodelsmotion
labeldistributions.

Themethodproposedheremakesfour contributions.First, it is
robustto heavy camerajitter. Second,it usesscenedynamicsinstead
of photometrywhich,to ourknowledge,hasneverbeendonebefore.
Third, it is fastandrequiressmallamountof memoryatruntimeand,
�nally , it is easyto train,evenonvideoscontainingmoving objects.

2. MOTION DETECTION WITH A STABLE CAMERA

Let b = f b(~x)j~x 2 Sg andI t = f I (~x; t)j~x 2 Sg denote,respec-
tively, a backgroundimageanda frameat time t that containsthe



Fig. 2. Theproposedmethoddetectsmotionby thresholdingthedif-
ferencebetweentheA andO images(A containstheaverageback-
groundactivity andO containstheaverageamountof activity moni-
toredat timet). SubtractingA from O resultsin amotionlabel�eld
madeof truepositivesonly.

backgroundb with objectsmoving in front of it, both de�ned on
anA � B orthogonallatticeS. For implementationpurposes,b(~x)
andI (~x; t) areassumedto be scalarsbetween0 and255 for gray-
scalesequencesand 3-vectorswith componentsbetween(0; 0; 0)
and(255; 255; 255) for color sequences.

The goal of motion detectionis to estimatea binary label �eld
L (~x; t) that indicatesif a pixel ~x at time t correspondsto a mov-
ing point or not. In simplebackgroundsubtraction,L (~x; t) is com-
putedby simply thresholdinga framedifference:kI (~x; t) � I 0(~x)k,
whereI 0 is typically thebackgroundimageb or thepreviousframe
I t � 1 . Notethat in applicationswhereno backgroundimagesabsent
of moving objectsareavailable,b canbecomputedwith a temporal
median�lter .

In probabilisticmotion detection,temporalintensity/colordis-
tributionof everybackgroundpixel is modeledby a likelihoodprob-
ability densityfunction (pdf): P (I (~x; t)jL (~x; t)) . Motion is then
detectedby comparingthis pdf to a prede�ned threshold. As al-
readymentioned,thispdf is typically modeledby asingleGaussian,
amixtureof Gaussiansor aParzen-window estimate.

3. PROPOSEDMETHOD
As we hadmentionedbefore,camerajitter canbe largely removed
by cameramotioncompensation.Thishowever, requiresadditional,
computationally-complex stepsof motionestimationandcompensa-
tion. Thegoalof our methodis to accountfor camerajitter without
motioncompensation.

Unlikestandardmotiondetectionthatusesintensity/color(pho-
tometry),weproposeto detectmotionbasedondynamics.Although
variouscharacteristicsof imagesequencedynamicscould be used,
webelievethatamongthesimplest,but mostmeaningfulones,is the
binary resultobtainedfrom backgroundsubtraction,namelyL . As
canbeseenin Fig. 1, themotionactivity plot for a pixel (L (~xB ; t )
andL (~xC ; t )) stronglydependson wherethepixel is locatedin the
image. For instance,since pixel B is locatednear an edge,the
temporaldifferencekI (~xB ; t ) � b(~xB )k is often large resultingin
many falsepositives.Thus,for all practicalpurposes,thedistribution
L (~xB ; t ) hasa globalaverageof about0.5, i.e., motion is detected
abouthalf of the time at this pixel. On the otherhand,sincepixel
C is locatedin a uniform region, in absenceof any moving object
its temporaldifferenceis smallresultingin almostnofalsepositives.
Thus,for this motion distribution, the global averagemotion is al-
mostzero. Interestingly, the true scenemotion at pixels B andC
can be detectedusing thosetwo distributions only. Basedon the
assumptionthat a moving objectproducesa high amountof local
activity, it canbeseenthata pedestrianhaswalkedthroughpixel B
aroundframe210andthroughpixel C aroundframes110and300.

More formally, truepositivesat time t canbedetectedwhenthe
averageamountof activity monitoredduringthepreviousw frames:
1
w

P t
i = t � w +1 L (~x; i ) is signi�cantly largerthantheaverageamount

of activity monitoredduringa trainingsequence:1
M

P M
t =1

bL (~x; t).
Notethat bL standsfor binarysequenceobtainedduringtraining.

Sincestoring bL in memoryis prohibitive asM getslarge,one
canpre-computeandstoretheaverageamountof activity in bL using
a two-dimensionalstructure.We call this structuretheA-imageand
de�ne it asfollows:

A(~x) =
1

M

MX

i =1

bL (~x; i ) (1)

whereM is thetotalnumberof trainingframes.As shown in Fig. 2,
theA-imagecontainstheaveragebackgroundactivity. It thuscon-
tainslargevaluesnearedges(dueto camerajitter) andsmallvalues
in uniform regions. Note that althoughthe training sequenceused
in Fig. 2 containsmoving objects,thoseobjectsbarelyin�uence the
globalaveragecontainedin theA-image(for suf�ciently largeM ).

Similarly, the averageamountof activity at time t in the ob-
servedsequencecanbecomputedandstoredin a 2D imageasfol-
lows:

O(~x; t) =
1
w

tX

i = t � ( w � 1)

L (~x; i ): (2)

As shown in Fig. 2, the O-imagecontainsthe averageamountof
activity observedat time t. Similarly to theA-image,theO-image
containslargevaluesnearedges(causedby camerajitter), but it also
containslarge valuesaroundmoving objects(causedby true pos-
itives). Thus, onceA and O imageshave beencomputed,a new
motion label �eld L 0(~x; t) (largely void of spuriousfalsepositives)
canbecomputedby meansof simpleimagesubtractionandthresh-
olding:

L 0(~x; t) =
�

1 if (O(~x; t) � A(~x)) > � 2

0 otherwise (3)

where� is a globalthreshold.This canbeinterpretedassubtraction
of theaveragebackgroundactivity (A) from theaverageactivity ob-
servedat time t (O). Note that in orderto accountfor variationsin
time, theA imagecanbealsoupdatedasfollows:

A = � A + (1 � � )O (4)

where� is an updatingfactor whosevalue rangesbetween0 and
1. This permitsadaptationof the averagebackgroundactivity A
to changesoccurringin the monitoredscene(e.g.,weatherchange
introducingwind). Furthermore,the backgroundimageb usedto
computeL canbe similarly updated.An exampleof pseudo-code
for ourmotiondetectionmethodis shown onnext page.

4. RESULTS

Wehavetestedtheproposedmotiondetectionmethodonindoorand
outdoorvideo sequences.For every sequence,we used� 1 = 35,
� 2 = 0:5, M = 300 andw = 24. Also, asshown in thepseudo-
code,thebackgroundimageb is computedwith a temporalmedian
�lter . Wecomparedourapproachwith asimplebackgroundsubtrac-
tion andwith threeprobabilisticmethods:basedonParzenwindows,
singleGaussiananda Markovian approach(singleGaussianplusa
prior labelmodelwith Isingpotential[14]). For everymethodimple-
mented,thetrainingwasdoneregardlessof thecontentof thevideo
sequenceandnopost-processingwasapplied.

The outdoor sequenceshave beencapturedby a network of
video cameras(Information Systemsand SciencesVisual Sensor
Network) deployed on Boston University's CharlesRiver Cam-
pus. The camerajitter is due to building's ventilation fansclose
to which the camerasare located. Fig. 3 shows resultsfor simple
backgroundsubtractionand the proposedalgorithm on highway
sequence,whereasFig. 4 shows similar resultsplus thosefor the
Parzen-window and two Gaussianmodelson sidewalk and bad-
minton(indoor)sequences.As canbeseen,ourmethodsigni�cantly



Fig. 3. Thehighwaysequenceprocessedwith abackgroundsubtractionmethodandourmethod.

Algorithm 1 OurMotion DetectionMethod
Input: I : Inputvideo
Output: L 0 : Motion label�eld

Initialization
1: b  Median(I 0 ; I 30 ; I 60 ; :::; I N )
2: A  0
3: for eachtime framet from 1 to M do
4: L t  kI t � bk > � 1

5: A  A + L t =M
6: end for

Motion detection
7: k  0
8: for eachtime framet do
9: L [k]  kI t � bk > � 1

10: O  1
w

P w
i =1 L [i ]

11: L 0
t  (O � A) > � 2

12: A  � A + (1 � � )O
13: k  modulo(k + 1; w)
14: end for
15: return L 0

eliminatesfalsepositives.Notethatthesequencebadminton, in ad-
dition to heavy jitter, containsinterlacingartifacts. However, since
our methodis basedon cumulative dynamics,thoseartifacts are
largelysuppressed.

As mentionedpreviously, our methodusesa small amountof
memoryat runtime.For eachpixel, it requires1 �oating-point num-
berfor eachO andA, andw=8 bytesfor L [:] (line 9 of thepseudo-
code). This correspondsto a total of 11 bytesperpixel whenw =
24. This is signi�cantly less than the 12 �oating-point numbers
per pixel neededby the one-Gaussian-per-pixel methodfor color
videos. Our methodcurrently runs in Matlab at 20 fps on color
imagesof size240 � 352 usinga 2.1 GHz dual-corelaptop. Full
video sequencesof the detectionresultscan be downloadedfrom
www.dmi.usherb.ca/ � jodoin/projects/jitter/ .

5. CONCLUSION AND FUTURE WORK

We presenteda motion detectionmethodthat is basedon dynam-
ics insteadof intensity/colorof a scene,anddoesnot useexplicit
camerashake compensation.Our methoddetectsmotion by accu-
mulatingtheaveragebackgroundactivity in anA-imageandtheav-
erageamountof activity at time t in an O-image. Motion is then
detectedby simply thresholdingthe differencebetweenO andA,
i.e.,by removing from O theaverageamountof backgroundactivity
accumulatedin A. Our methodhasthe advantageof beingrobust
to severecamerainstability, it is conceptuallysimple,fast,requires
small amountof memoryat runtime,and is easyto train, even on

sequencescontainingmoving objects.
Note that our methodrelies on two predeterminedthresholds

(namely� 1 and� 2) which canbea limitation for someapplications.
As a workaround,one can automaticallyestimateboth thresholds
basedon characteristicsof thehistogramof kI t � bk and(O � A).
Among the characteristicsonemay look at is the entropy, various
statisticalmoments,and maximumpeakvalue to namea few. A
goodliteraturereview on this topic is proposedby Rosinetal. [2].

In thefuture,we look forwardto adaptKalmanandWiener�l-
teringto our method(similar to methodspresentedin [11, 12, 13]).
We hopethis will allow to betterdealwith camou�ageeffectsand
betterdetectfast moving objects. Also, other more sophisticated
teststatisticsareto be implemented.For instance,onecould learn
empiricalmotiondensityestimatessuitablysparsi�edbasedon ker-
nel methodsfor both thetrainingandobserveddata.Theseempiri-
cal densitiescould thenbecomparedusingdifferentmeasuressuch
asthe Kullback-Leiblerdistance.We hopesuchmeasurewill help
remove irregular backgroundactivity caused,say, by chaoticwind
bursts.
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Fig. 4. Thebadmintonandthesidewalksequences.Fromleft to right andtopto bottom: aninput frameandmotionlabel�elds obtainedwith
backgroundsubtraction,aParzenwindowsapproach,aone-Gaussianapproach,aone-Gaussian-with-Ising-priorapproach,andourmethod.


