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Abstract

Detectingand segmentingmoving objectsin dynamic
sceneds a hard but essentialtaskin a numberof appli-
cationssud as surveillance Most existing methodsonly
give goodresultsin the caseof persistentor slowly chang-
ing badkground, or if boththe objectsand the badkground
arerigid. In this paperweproposea new methodor direct
detectiorand segmentatiorof foregroundmoving objectsin
theabsencef sut constaints. Fir st, groupsof pixelshav-
ing similar motionand photometricfeatuiesare extracted.
For this r ststeponly a sub-gridof image pixelsis usedto
reducecomputationatostandimproverobustnesso noise
We introducethe useof p-valueto validateoptical ow es-
timatesand of automaticbandwidthselectionin the mean
shift clusteringalgorithm. In a secondstage, segmenta-
tion of the objectassociatedo a givenclusteris performed
in a MAP/MRFframevork. Our methodis able to handle
moving camen and several different motionsin the badk-
ground. Experimentson challengingsequenceshowthe
performanceftheproposednethodandits utility for video
analysisin comple scenes.

1. Intr oduction

Detectionof moving objectsin sequencess an essen-
tial stepfor videoanalysis.It is a dif cult taskin the pres-
enceof adynamicbackgroundDifferentkinds of methods
exist to solve the problemof motion detectionand motion
segmentation. One of themis backgroundmodelingand
subtraction,which is a preliminary stepto moving object
detectionandsubsequenprocessindgs necessaryo getthe
masksof moving objects. First works were basedon adja-
centframesdifference[12]. However, this simple method
is unsuitablefor real world situationsand statisticalmeth-
odswereintroducedo modelthe backgroundBackground
modelingmethodsanbeclassi edaspredictveor nonpre-
dictive methods.Non-predictve methodsbuild a probabil-
ity densityfunction of the intensity at an individual pixel
[8] [10]. Non parametricapproachearemoresuitedwhen

the densityfunction becomesomplex [ 7]. Until recently
most methodswere basedon photometricproperties. In
[15], Mittal and Paragiospresenta non parametricalgo-
rithm thatcombinescolor and o w featuresandintroduce
a variablebandwidthkernel. Predictve methodsusea dy-
namicalmodelto predictthe value of a pixel from previ-
ousobsenations[25]. All thesepixel-wiseapproachesl-
low an accuratedetectionof moving objectsbut are mem-
ory andpossiblycomputationallyexpensve. Also, they can
be sensitve to noiseandthey don't take into accountspa-
tial correlation. For thesereasonsspatialconsisteng can
be addedasin [19], wherea MAP-MRF modelingof both
foregroundand backgroundis usedto detectmaoving ob-
jects. This methodhasbeenextendedto novelty detection
in [14]. Featurebasedmodelsalso exist for background
modeling.For example,in [26], thebackgrounds modeled
only on cornersandmoving objectsarethenfound by the
clusteringof foregroundfeaturedrajectories For numerous
outdoorsequenceghe changedn the backgroundappear
suddenlyand,in caseof grayscalevideos,the objectsmay
have intensity valuescloseto the onesof the background.
Hence backgroundnodelingis dif cult andoftennot suf-
cient.

Anotherapproacho detectmoving objectsis to extract
groupsof salientmotion by accumulatingo ws consistent
in termsof directionover successie frames[23] [20].

Motion segmentationcan also be seenas the problem
of tting a collectionof motion modelsto theimagedata.
Theselayered approacheften use EM algorithm [27]
or more recently graph cuts [24] to extract layers. The
problemcanalsobe castin termsof multi-body factoriza-
tion, and mary paperscan be found on this subjectwhen
the sceneis static. In [21], it wasadaptedfor both static
and dynamic scenes. Recently in [17], an incremental
approachto layer extractionhasbeenintroduced. Feature
points are detected tracked and then merged into groups
basedon their motion. Objectsare detectedncrementally
when enough evidence can distinguish them from their
background.



In this paperwe areinterestedn challengingsequences
containingcomplex motions,possiblywith high amplitude,
andsudderchangesn the backgroundFor example,in the
context of driver suneillance,the motionsvisible through
the windows are often hard to characterize. The “back-
ground” is composedf both the passengecompartment
and what is behind the windows. Furthermore,contrast
betweenbackgroundand interestingobjects(face, hands)
canbelow. Also, the sequencesve considercanbe shot
by a moving camera.Our work doesnot aim at modeling
thebackgrouncr at nding every layerbut only at detect-
ing moving foregroundobjects.We de ne theseobjectsas
groupsof pixelsthataresalientfor both motionandcolor.
Our algorithmcanbe divided in four main steps.First, the
cameramotion is computedandthe imagesrecti ed (sec-
tion 2). All pixelswhosemotionis closeto thecameramo-
tion areleft apartfor the two next steps.In orderto reduce
the computationatostandto be morerobustto noise,we
restrictmomentarilythe analysisto a subgridof “moving”
pixels,i.e. not belongingto cameramotion (section3). A
descriptoris de ned to characterizéhem. They arethen
merged into clustersconsistentor both color and motion
(sectiord). Fromtheclustersthe completepixel-wisesey-
mentationof moving objectsis found usinga MAP-MRF
framawork (section5). Finally, section6 presentsomeex-
perimentaresults.

2. Sensormotion

Most of thetestsequencewe areworking on have been
taken by a moving handheldcamera. We assumehat the
apparenmotioninducedby thephysicalmotionof thecam-
erais dominantin theimageandis well approximatedy an

afne motion eld. In this paperlt(g) denoteghegrayscale
imageattimet, It(c) thecolorimageandP thesetof pixels
in theimagel t(g) . Thedisplacedramedifferencebetween
two consecutieframes! (9 and! (? is givenby:

Di(p) = 1Y (p+wi(p) 1P+ « ; 1)

wherep is apixel (p 2 P), w; (p) theassociatedo w vector
and ; aglobalintensityshift to accountfor globalillumi-
nationchangesAs in [16], the estimatiorof the parameters
de ning motion eld w; andglobalshift ; is doneusingan
M-estimator Theweightmapof theM-estimatoris denoted
asW; (Wi(p) 2 [0;1]). The nal mapindicatesif a pixel
participatego the robustmotionestimation(W; (p) closeto
1) or is more consideredas an outlier (W;(p) closeto 0).
A simplepixel-wisemaotiondetectorcanbe built usingthis
map. A pixel is considerecas’moving” attimet if it is an
outlierto thedominantmotionattimest andt  1:

1ifWe(p+ we 1(p)) + Wt 1(p) = O
0 else:

Mt(p) = )

If, for apixelp, M¢(p) = 0, it is considerecisa motionless
pixel. In thesequel,l‘t(fi will denoteback-warpedimages:

RAM) = 13 (p+ w(p) + <
3. Selectionand description of points

Thegoalof thealgorithmis to build andsegmentgroups
of pixelsconsistenbothfor motionandfor somephotomet-
ric or colorimetricfeatures.Thesegroupsmustcorrespond
to interestingmoving objects.Processings only doneon a
subsebf moving pointsandtheir neighborhoodsThis sec-
tion presentghe de nition of this subsetof pointsandthe
pointdescriptionusedto performclustering.

3.1 Selection

In [26], theauthorshave choserto usecornersdetected
with the Harris cornerdetector The authorgjustify the use
of cornerdby claimingthata moving objectcontainsalarge
numberof corners.In our experimentswe have obsered
that the numberof cornersbelongingto a moving object
canbe muchlower thanthe numberof cornersbelonging
to thebackgroundBesidesijf variationsin the background
arefastandif parallaxchangesthe numberof cornersand
their neighborhoodtanbe signicatvely differentfrom one
frameto the other Finally, cornerdetectionaddsonestage
of calculationandrequirestwo thresholds.

As no a priori is assumedaboutthe shapeand texture
of objects,we have chosento usepointsof arbitrarytype.
Hence we only useagrid of pointsregularly spreacon the
image.As the purposes to detectmoving objects the sim-
ple pixel-wisemotiondetectorfrom section2 is usedto re-
strict this stepto thegrid subset:

G=1p= (M !Myk=0 Nii=0 NimM(p=1g;
®3)
wherew andh arethe dimensionsof the imageandN ?
the size of the grid beforepruning. The value of the pa-
rameterN is important. It controlsthe balancebetween
computationatost(regional methods)andaccurag (local
methods).Next stepof the algorithm canbecomecompu-
tationally expensve if the numberof points of the grid is
too large. An importantthing to noteis that N may de-
penden the numberm of “moving” pixelsin the image,
m= ", M(p). Tolimit thecomputationatostfor clus-
terscreationwe x thenumberof pointsn (1000in our ex-
perimentsthatwill bekeptin furtherstep&of thealgorithm.

ThesizeN of thegridisthensetasN = w h n=m.

3.2 Description

Now thatthe pointsarechosenthefeatureghatwill be
usedto createclusterscorrespondindo objectsneedto be
de ned. It is necessaryo choseonly few discriminantfea-
tures. An objectis de ned asa moving andcompactarea
over which the valuesof displacemenandphotometryare
nearly constants.Color is not sufcient becausehe con-
trastbetweenan objectandthe backgroundcan be small,



asis ow in caseof similar motion betweenan objectand
the background. Hencethe descriptoris formed by three
differentgroupsof features.The rst groupis composeaf

the coordinate®f the point. The secondyroupcontainsits

motion,andthelastonecontainsdiscriminantphotometric
features.

3.2.1 Motion features

As we try to detectmoving objects,an essentiafeatureis

thedisplacemendf theselectegoints. It is computedising
anoptical o w techniquerobustto locallinearillumination

changesWe usedLucasandKanadealgorithm[13], with

anincrementaimultiscaleimplementation.A parametea

thataccountdor localilluminationchangefiasbeenadded.
The ow (dy;dy) ateachparticularpointp = (x; y) of the
grid is thenobtainedby solving:

angming 4, @ (x%+ d;y% dy) 11P(x%y%)?
(x%y 92v (p)
@)

whereV(p) is theneighborhoodf p. As it is well known,
Lucas and Kanadealgorithm has some dravbacks: the
brightnessconstang is not satis ed and thereis no spa-
tial consisteng. We could have usedHorn and Schunk
algorithm[11] that addsa smoothnesserm to regularize
overthewholeimageor therobustestimationof Black and
Anandan[1] to geta betterestimation. However theseal-
gorithmsaremoreexpensve andwe do notaimathaving a
perfectestimationovertheall image.

To validatevaluesof displacementacomparisors done
betweenthe neighborhoodof pixel p = (x;y) in image
attimet (datasampleX ), andthe neighborhoodf point
p°= (x + dx;y + dy) attimet + 1 (datasampleY). The
linear relationshipbetweenintensityvaluesof X andY is
estimatedy computingthe normalizedcrosscorrelationr.
Unfortunatelythecorrelationdoesnottake into accounthe
individual distributionsof X andY. Henceit is a poor
statisticsfor decidingwhetheror not two distributionsare
really correlated.Statisticaltestsexist to assesshis corre-
lation. One of suchtestsis basedon so-calledp-value”.
Thep-valueis the probability thatthe resultshave beenob-
tainedby chancealone. Here the null hypothesisasserts
thatthe two distributionsareuncorrelatedIf onewantsto
limit to 5% therisk thata falsepositive errorhasoccurred,
thendataareassumedorrelatedf thep-valueis lowerthan
0:05. If not,the motionvectorat pointp is consideredisa
nonvalid andwill notbeusedn next stepof thealgorithm.
Finally, anew grid

G=fp= (X% 1) jM,(p) = 1& pvalue(p; p) < 0:05g
®)

is obtainedwith a o w vectorF (p) associatetio eachof its

pointp. Thesizeof thegrid Gwill bedenotecasM = |G;j.

3.2.2 Photometric features

To berobustto noise thephotometrideaturesarecomputed
over the neighborhoodf eachpoint of the grid de ned in
previoussubsectionWe obsenedthatthethreeRGB color
channelgdo not give the bestrepresentationf images.In
factmostof our testsequencesontainhumanskin, which
hasaspeci ¢ signaturan thespaceof chrominanceHence,
it is interestingto useinsteada color systemrepresenting
thechrominancee.g., thesystemYUV. This choiceproved
appropriatdor varioustypesof sequenceslo includesome
simpletemporalconsisteng, we addimaget + 1 chromi-
nancevaluesof the correspondingpoint.

Finally, the descriptorat eachindividual valid point in-
dexedbyi (i = 1:::M) of thegrid is:

xV = fx1:x57: x4 g; (6)

where
x(li) = fx; yg,x(zi) = fdy;dyg,
x§) = Y106 ) G0 y) Ve (a y):;
Yo (<% y9: Ux (X% y%): Ve (X% y9a;
with (x%y% = (x + dx;y + dy), and: denotegthe meanover
theneighborhood.

4. Grouping points

Now thata grid of valid pointshasbeenchoserandde-
scribedwe addresshe problemof groupingthe pointsinto
clusters.

4.1 Mean shift for mixed feature spaces

An appealingtechniqueto extract the clustersis the
Mean Shift algorithm, which doesnot requireto x the
(maximum)numberof clusters.On the otherhandthe ker-
nel bandwidthandshapéefor eachdimensionhasto becho-
senor estimated. Mean shift is an iterative gradientas-
centmethodusedto locatethe densitymodesof a cloud of
points,i.e. thelocal maximaof its density[ 6]. Herethethe-
oryisbrie y reminded Giventhesetof pointsf x () gj=; -m
in the d-dimensionakpaceR¢, the non-parametriclensity
estimationat eachpointx is givenby:

X 4
B (x) = m k(kH =20 x")k%) ()
i=1

wherek is a kernelpro le andH the bandwidthmatrix.
Introducingthe notation

g(x) = kAx)
leadsto thedensitygradient

rfa ()= H "8 (x) mug(x) ®)



wheremy ¢ is the ’'meanshift” vectoy

Pu oo 1=2 ()2
Mh g (X) = .ir-FlMX g kH (x X )k X : ()
Vg kH 2(x x())k

Using exactly this displacementector at eachstepguar
antiescorvergenceto the local maximum of the density
With a d-variateGaussiarkernel,equation9 becomes

P
M () = .":'Tl x0) exp( 3D2(x;x(V;H))
"o Moexp( iD2(x;x(M;H))

x (10)

where

D2(x;x:H) (x x™TH x xM) (@1
is the Mahalanobiglistancerom x to x ().

Assumenow thatthed-dimensionaspacecanbedecom-
posedasthe Cartesiarproductof S (3in ourcase)ndepen-
dentspacesassociatecb differenttypesof information(e.g.
position,color : : ), alsocalledfeatureipacemr domains,
with d|men5|onsds,s = 1:::S (where _, ds = d). Be-
causdhedifferenttypesof informationareindependenthe

bandwidthmatrixH becomesi = diag[H 1 :::Hs]andthus
the meanshift vectorcanberewritten as
P )
'Nll x ) Q§=1 exp( 1D (xs; X I) iHs))
mug(x) = —BL—6 -
i=1 s=1 exp( DZ(XSyxs , s))
(12)
wherex®™ = x0O7:x 0Ty andxT = (xTiiinixd).

The meansh|ft ltering is obtamecby successie computa-
tionsof equationl10 or 12 andtranslationof the kernelac-
cordingto the meanshift vector This procedurecorverges
to thelocal modeof the density[ ].

4.2 Bandwidth selection

Thepartitionof thefeaturespaces obtaineddy grouping
togetherll thedatapointswhoseassociatedtheanshift pro-
ceduresorvergedto the samemode.The quality of there-
sultshighly depend®n the choiceof the bandwidthmatrix
H. In [5], Comaniciuproposedo nd thebestbandwidths
within arangeof B prede nedmatricesH® ;b= 1:::Bg.
MeanShift partitioningis rst runateachscale(for bvary-
ing from 1to B). For eachdatapointx (1), ananalysisof the
sequencef clustersto which thepointis associateds per
formed. The scalefor which the clusteris the moststable
is selectedalongwith associatethandwidth for datapoint
x) . Therefore the algorithm canbe decomposedh two
steps. The rst oneis called bandwidthevaluationat the
partitionlevel. It consistan nding a parametriaepresen-
tation of eachclusterin orderto do the comparisons.The
secondstepcalledevaluationatthe datalevel is theanalysis
of clustersequenceat eachdatapoint.

An iterative algorithmdedicatedo bandwidthselection
for mixedfeaturespacefasbeenderivedfrom thismethod
[4]. Bestbandwidthsare then iteratively found for posi-
tion, colorandmotion. Therangeof prede nedmatricesor

color andmotionis directly computedfrom imagenoises.
IntroducingC the setof pairsof neighboringpoints of the
grid, jGj its cardinal,l 4, the identity matrix of dimension
ds, andthe meanandstandardieviation :

1 X o .
6= = ix$ x0j; (13)
g
(ij )2C
S
T X, 0
s= = (x& xPj 02 (14)

iCj

(i )2c
therangeof matricesfor color (s = 3) andmotion(s = 2)
of sizeds canbewritten as

HP = ( +%)|ds;b= 1:::B: (15)

Therangeof matricesfor positionreads:

(b) _ 4b W h

= 5 N
Thebestbandwidthobtainedattheendof thebandwidthse-
lectionalgorithmwill bedenotedasH = diag[H 1;H2;H3
in thesequel.

At theendof themeanshift clusteringprocedurd 4] sev-
eral clustersare obtained,eachcorrespondindo a moving
objector objectpart. We retainonly large enoughclusters
(e.g., with morethan15 grid points).

—)g,;b=1:::B: (16)

5. Segmentation

Seggmenting the object associatedto a given cluster
amountdo assigningalabell,, either*background’or “ob-
ject”, to eachpixel p of theimage.This problemcanbere-
formulatedinto thegraphcutframework asabi-partitioning
problem. Recentlygraphcutshave beenincreasinglyused
in imageseggmentation.The reasorfor sucha popularityis
thatthe exact maximuma posteriori(MAP) of atwo label
pairwise Markov RandomField (MRF) can be computed
in polynomialtime usingmin-cut/max- ow algorithms[9].
In seminalpaper[3], Boykov etal. introducean iterative
foreground/backgound sgmentationsystembasedon this
principle,usinghardconstraintgrovidedby theuser Here
we candirectlylearnsomepropertieof the objectfrom the
grid pointsbelongingto its cluster Thesepointsarecalled
inliers. Theenegy functionto minimizeis de ned as:

X (c) . X .
Ei(L) = c In(Pr( 17 (Pilp))  m In(Pr( F (p)jlp))+
p2pP p2G
X k{9 py 119 (q)k2 1 ( (1)
exp 2 —(1 q
(pia)2v dist(p; Q)
(17)

wherelL is the setof all the labelsl,, p 2 P, V is the
setof unorderedpairs(p; q) of neighboringelementsf P
andl t(c) is theoriginal RGB colorimagecorvertedto YUV
color space. The parameters,, ¢, aresomeweight
constantsliscussedelow.



Thetwo rst termsof the cost function are basedon
pixel-wisemodelingof color andmotion featuresdistribu-
tions. Motion termonly concernghepointsof thegrid. For
both color and motion, object distributions are built from
histogram=on the inliers. For the backgroundhistograms
arebuilt asfollows. For color it is computedon the all im-
agewhereador motionit is only computedon the grid. In
[2], authorshave shavn thatit is possibleto force somepix-
elsto belongto the objector to the background.Herewe
forceinliersto belongto the object.Becausdor motionwe
only take pointsof thegrid, we choseto setthe parameters

cand n, suchthat . = 1and

_ W+ h,
mTOU2N

(18)

The parameter in thethird enegy term canberelated
to noise[18]. Herewe alreadyhave its approximatevalue
from thebandwidthselectionn meanshift clustering.Thus
wechose as

2= KA 3K? : (19)

Thevalueof parameter hasnotbeenreally studiedin lit-
erature.To avoid a possiblesaturatiorof all binaryedgesn
themax- ow procedurewe x hereits valueas:

) X (©) ro X
= agmin, ¢ In(Pr( 17 (P)ilp))+ m
p2pP p2G

In(Pr( F (p)ilp)):

(20)
At theend,we obtainonesegmentatiorfor eachcluster

6. Resultsof objectsdetection

Existing methodsfor motion detectionare limited to
small or regular motion in the backgroundto small mo-
tion of the objects,or to rigid layers. To demonstratehe
strengthof our methodwe shaw resultson threechalleng-
ing sequencefr whichtheseconstraintglonotnecessarily
hold.

In gures 1-3, the rst columnshaws several framesof
the video sequences.The secondand third columnsdis-
play, overlaid on eachof theseframes,the resultsof the
meanshift clusteringalgorithmandof the sggmentatioral-
gorithmrespectiely. Differentcolorsareusedto represent
thedifferentmoving objectsof the scene Notethatthereis
no temporalconsisteng eitherbetweernbjectsor between
their colors. The assigneaolorsonly dependon the order
in which our algorithmdetectghe objects.

The rst video( gure 1) is atennissequencevhich in-
cludesa complex backgroundnotionwithin the spectators,
the rapid motion of the playerandhis racket, andthe fast
panandzoom-outof the camera.Despitethis complex dy-
namic content,our algorithm detectedthe playerin each
frame of the sequence. On the rst frame presentechere,
theracketandthe body have a completelydifferentmotion
andthereforethey aredetectedseparately

Thesecondesulty gure 2) areonasequencef awater
skier Thedynamiccontentof waterregionsis all themore
complex since they include projectionsbehind the skier.
Goodresultson this video are partly dueto the useof p-
valuefor the validationof optical o ws. Note howeverthat
partof thewateris sometimesletectecasa moving object.

Thelastsequencgresentedhere( gure 3) shovsaper
sondriving acar Thistype of sequenceis very dif cult as
variouscomplex motionsappearthroughthe window, with
suddenspeed,illumination and parallaxchanges.Our al-
gorithm was nonethelessble to captureinterestingfore-
groundobjectsi.e.,thefaceandthehandswhenthey were
moving. In the secondrame,thefacestoppedmoving and
thereforeis not detected.As with portionsof waterin the
previous example, objectsbehind the window are some-
timesdetectecby the meanshift clusteringalgorithm. We
believe thataddingtemporalconsisteng or trackingwould
allow therejectionof suchtransientdetectionsvhile lock-
ing on interestingobjectsevenif they stopmoving. Note
also that someinliers from the grid remainisolatedafter
graphcutsegmentation(such points, hardly visible in the

nal transparentverlay, canbe seenon close-ups).They

couldbeeasilyeliminatedn apost-processingtep(e.g., re-
taining only largestconnecteccomponents)as often done
in staticimagesegmentation.

7.Conclusionand futur e work

We have presenteda techniqueto detectand seggment
moving objectsin complex dynamicscenesshot by pos-
sibly moving cameras.As we only work on a subgrid of
pixels, andbecauseave do not modelthe backgroundthis
methodis not computationallyandmemoryexpensve. The
useof spatial,dynamicandphotometricdeaturesallows the
extractionof moving foregroundobjectsevenin presencef
illumination changesndfastvariationsin the background.
Distinctive ingredientsof our approachinclude the useof
p-value to validate optical o w vectors,the use of auto-
matic multidimensionalbandwidthselectionin the mean
shift clusteringalgorithmandthe useof sparsemotiondata
in a MAP-MRF framework. It is worth emphasizinghat
the parameterinvolvedin the preliminarymotion compu-
tations (optic o w and parametricdominantmotion) are
x edto the samevaluesin all experimentswhile the other
parametergfor clusteringand segmentationjareautomati-
cally selected.We planin the future to addtemporalcon-
sisteny eitheron aframe-to-framebasisor within atracker
whose(re)initializationwould rely on detectiormaps.
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