
Appearsin the 17th IAPR International Conferenceon PatternRecognition, vol 2, pp 188–191,Cambridge, UK 2004.

DetectingHuman Motion with Support Vector Machines

HedvigSidenbladh
Departmentof DataandInformationFusion
Divisionof CommandandControlSystems

SwedishDefenceResearchAgency
SE-17290 Stockholm,Sweden

hedvig@foi.se

Abstract

This paper presentsa methodfor detectionof humansin
videosequences.Theintendedapplicationof themethodis
outdoorsurveillance. In such anuncontrolledenvironment,
the appearanceof humansvaries hugely due to clothing,
identity, weatherand amountand direction of light. The
ideais therefore to detectpatternsof humanmotion,which
to a largeextentis independentof thedifferencesin appear-
ance. To thisend,a SupportVectorMachineis trainedwith
denseoptical �ow patternsoriginating from humans.The
subjectsaremoving in differentanglesto thecamera plane,
on different image scales.This trainedSVMis thecore of
a humandetectionalgorithm which searchesoptical �ow
imagesfor human-likemotionpatterns.

1. Intr oduction
Detectionof humansin imagesequencesis an active re-
searchareawithin computervision. In many applications,
suchashuman-computerinteraction,thedetectionis a ba-
sis for tracking. In other, suchassurveillancesystemsor
safetysystemsin cars,thedetectionin itself is usedto trig-
ger sometype of alarm. The intendedapplicationof the
methodpresentedin thispaperis outdoorsurveillance.

Most humandetectionsystems(e.g. [4, 6, 8, 9, 10, 12,
13]) detecthumansor facesin a single image. Theseap-
proachesarebasedon the assumptionthat humanscanbe
localized in eachindividual frame, basedon a model of
humanappearance(shape,contrast,color). However, in
an uncontrolledoutdoorenvironmentsuchastheonecon-
sideredin our application,humanappearancevariesdue
to environmentalfactorssuchaslight conditions,clothing,
contrast,andidentity. The imagesequencescouldevenbe
takenduringthenight with a light enhancingcamera.Fur-
thermore,thesubjectscanbe camou�agedor masked. All
thesefactorscauselargevariationin theappearanceof both
thehumanandthescene,therebyobscuringthe interesting
featuresfor human/non-humanclassi�cation.

The approachin this paperis to detecthumanmotion,
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Figure1: Motion is characteristicalfor humans.(a) Fromleft to
right: two differentvideo frameswith humansin the samepos-
ture,andanvideoframewith a tree.Theintra-humandifferences
arelarge. At thesametime, thetreemight bemistakenfor a per-
son(upright rod-like structure)whenviewed at a low resolution.
(b) Detectedhorizontal�o w (scaledplot: white - largest�o w in
right direction,black - largest�o w in left direction) in the same
frames. The �o w dependson the movementitself andis largely
uncorrelatedto differencesin appearance.

whichis amorediscriminativecuefor ourproblemthanap-
pearance(Figure 1). Even thoughthe visual motion of a
humanvarieswith orientationtowardsthecameraandlimb
con�guration,it is muchlessdependentof theenvironmen-
tal factorsdescribedabove[2, 7]. Furthermore,camou�age
strives to alter the appearanceof the subject,while it is
muchmoredif�cult for ahumanto camou�agemotionpat-
terns.Thus,adetectionapproachwhichreliesonmodelsof
humanappearanceis lessef�cient in our application.

Themotioncueusedasinput to thedetectionis robustly
estimateddenseoptical �o w [1] u = [u; v], whereu is the
horizontal �o w and v the vertical �o w betweena pair of
consecutive imagesin a sequence.A set of examplesof
humanandnon-human�o w patternsis collectedmanually
to serveasinput to thetraining(Section3).

The human�o w patternexampleslie on a non-linearly
shapedmanifoldin thehigh-dimensionalspaceof �o w pat-
terns.Dueto thehighdimensionalityof thestate-spaceand
therelatively low numberof trainingsamples,weuseaSup-
port VectorMachine(SVM) [3, 5] to learnthehuman/non-
humanclassi�cationfrom theexamples(Section3).

New �o w patternscannow be comparedto the trained
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SVM andclassi�ed ashumanor non-human.A complete
detectionprocessinvolvesa linearsearchoverpositionand
scalein each�o w image.This is discussedin Section4.

Preliminary experimentson video sequencesof city
scenes(Section5) shows that the methodis ableto detect
humansof differentorientationandscale,anddiscriminate
well betweenhumanandnon-humanmotion.

2. RelatedWork
Most methodsfor humandetectionaim at detectinghuman
appearance.Cuesusedareedges[8, 10], waveletresponses
[12], color distributions[4], backgroundsubtraction[9] or
a combinationof multiple cuessuchasdepthinformation,
color andneural-netmodelsof facepatterns[6]. The de-
tection is often usedas an initialization step to tracking
[4, 6, 9]. As statedin the introduction,theappearancecue
is sometimesvery weak in our application,leadingus to
insteadusetheimagemotioncue.

An approachbasedon motion is presentedby Songet
al. [14]. Here,featurepointsfrom two consecutive images
in a sequencearecomparedto thecorrespondingpointson
a 2D kinematicmodelof a human.This approachdoesnot
entirelyrely onmotioninformationsincethereis anunder-
lying assumptionthat onecan�nd featurescorresponding
to speci�c positionson the body. Viola et al. [15] usein-
steada �lter -basedapproachto motion patternrecogntion.
Using� ve �lters for motionin differentdirectionsthey are
ableto detectwalkinghumansin low imageresolutionwith
a very low error rate. Optical �o w is anotherrepresenta-
tion of imagemotion. The model-basedmethodof Fablet
andBlack [7] comparesdense�o w patternswith a genera-
tivemodelof human�o w appearance.Themethodrecovers
bothpose,orientationandpositionin theimagebut is com-
putationallyheavier thanourpatternrecognitionapproach.

SupportVectorMachines(SVM) [3, 5] have previously
proved ef�cient for facedetection[13] andgenderclassi-
�cation [11]. Pedestriandetectionusing SVM from ap-
pearancecuessuchasedgesegmentsin the image[10] or
wavelet responses[12] has also beenreported. Our ap-
proachextendsthis work in that it detectshuman-like mo-
tion patternsinsteadof appearancepatterns,makingthede-
tectionmorerobustto differencein appearancedueto envi-
ronment,clothingandidentity.

3. Training the SVM
Theproblemof learningabinaryclassi�ercanbeexpressed
as that of learningthe function f : < n ! � 1 that maps
patternsx onto their correctclassi�cationy asy = f (x).
In thecaseof anSVM, thefunctionf takestheform [3, 5]

f (x) =
NX

i =1

yi � i k(x; x i ) + b ; (1)

(a)Humanmotionpatterns

(b) Non-humanmotionpatterns

Figure2: Examplesfrom thetrainingdata,horizontal�o w shown
(scaledplot, seeFigure1). (a) Humanmotion patterns,different
orientationsfrom the camera. (b) Non-humanmotion patterns,
mainly from foliageandcars.

whereN is thenumberof trainingpatterns,(x i ; yi ) is train-
ing patterni with its classi�cation, � i and b are learned
weights,andk(:; :) is a kernelfunction. Here,we usea ra-
dial basisfunctionk(x; x i ) = e�k x � x i k=2� 2

. Thepatterns
for which � i > 0 aredenotedsupportvectors.

Thesurfacef (x) = 0 de�nes a hyperplanethroughthe
featurespaceasde�ned by the kernelk(:; :). The weights
� i andbareselectedsothatthenumberof incorrectclassi�-
cationsin thetrainingsetis minimized,while thedistances
from this hyperplaneto thesupportvectorsaremaximized.
This is achievedby solvingtheoptimizationproblem[3, 5]

Maximize :

L D �
NX

i =1

� i �
1
2

NX

i =1

NX

j =1

yi yj � i � j k(x i ; x j ) (2)

subject to :

0 � � i � C ;
NX

i =1

yi � i = 0 : (3)

TheconstantC affectsthetoleranceto incorrectclassi�ca-
tions. Using the optimal parameters� i , Eq (1) with any
supportvector(x i ; yi ) asindatacanbeusedto �nd b. For a
thoroughdescriptionof thetrainingprocess,see[3, 5].

Patterns. Thetrainingsetconsistsof 443human�o w pat-
ternsand11688non-human�o w patterns(Figure2). A �o w
patternis herede�ned asa vectorx = [u1; u2; : : : ; umn ]
whereuk = [uk ; vk ] is the�o w in thek:th pixel in therect-
angularpatternof sizem � n. Here,m = 16 andn = 8,
whichmeansthatdim(x) = 256. Thehuman�o w patterns
usedfor training are collectedmanuallyfrom dense�o w
images.Thesearecomputed[1] from pairsof consecutive
imagesin videosequenceswith a largenumberof individ-
ualsin differenttypesof environment.Non-humanpatterns
arecollectedautomaticallyfrom similar sequenceswithout
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(a)All detections (b) Multiple candidatesremoved

Figure3: Removing multiple detectionsof thesamesubject.(a)
Original setof detections.(b) Setof detectionsafter removal of
multiplecandidates(seetext).

humans.Eachexamplepatternx i is resampledto a sizeof
16 � 8 pixelsandassigneda label yi = 1 if the patternis
human,otherwiseyi = � 1.

Iterati ve training . The learningprocedurehasa compu-
tational complexity of O(N 2) whereN is the numberof
training patterns,which meansthat the computationsbe-
comeinfeasiblefor our largenumberof patterns.To enable
ef�cient learning,the iterative strategy of Osunaet al. [13]
is thereforeemployed.

After training,247humanpatternsand499non-human
patternswereusedassupportvectors.1

4. Detectionof Humans

A new patternx can now be classi�ed as humanor non-
humanusingthelearnedfunctiony = f (x) (Eq (1)).

Theinputto thedetectionis a�o w image,obtainedusing
the samerobust �o w algorithm[1] as for the training im-
ages.A linear searchover positionsandpatternheightsis
performed.2 For eachpositionandheight,thecorrespond-
ing imagewindow is extractedandnormalizedto a sizeof
16� 8pixels.Theresultingpatternx is thenclassi�edusing
theSVM. Positiveanswersarereturnedasdetections.

Removing multiple detections. Figure3(a)showsthere-
sult of a detection.Typically, severalhumanpatterncandi-
datescorrespondingto the sameindividual are found. To
give a moreaccurateestimateof the numberof peoplein
thescene,hits overlappingmorethan50%will bereplaced
by a singlewindow whosepositionandheight is the spa-
tial weightedmeanof thepositionsandheightsof theover-
lappingwindows. Figure3(b) shows the resultof sucha
pruningprocedure.

1Thehigh proportion,56%,of humanpatternsusedassupportvectors
indicatesthat more humanexampleswould be bene�cial to the perfor-
manceof theSVM. This is furtherdiscussedin Conclusions.

2Thecomputationalef�ciency of thedetectioncaneasilybeenhanced
by introducinga thresholdontheabsoluteamountof �o w in thecandidate
patternbeforetheclassi�cationstepbegins.

5. Experimental Results
The detectionalgorithmwastestedon imagesfrom a city
scenewith carsandpeopleof differentscales,moving in
differentdirections.Imagesin thesequencewere360� 288
pixelslargeandwerecapturedin 25Hz.

Figure 4 shows threeframesfrom the samesequence.
Threeof thefourpersonsmoving in thesceneisdetectedac-
curately, while thefourth(apersonin black)is ignored.The
reasonfor this couldbe that the �o w responseon thatper-
sonis weakdueto foreground-backgroundsimilarity (Fig-
ure4(b,d,f)). Thevulnerability to �o w estimationerrorsis
aweaknessof themethod.

Figure 5 shows anothersequencein which a car is
present. Even thoughthereare somehuman-like motion
patternsin the car �o w (Figure 5(b)), the methoddistin-
guishescorrectlybetweenhumanandnon-humanpatterns.
In both frame0 and10 (Figure5(a,e)),humansarepartly
occludedby the car. Sincethe methodcan not presently
detectpartlyoccludedmotionpatterns,thedetectorignores
theoccludedhumans.This is alsoanimportantissue.

6. Conclusions
An SVM-baseddetectorof human-likeoptical�o w patterns
was presented.To detecthumansin a scene,denseopti-
cal �o w was�rst computedfrom a pair of consecutive im-
agesin avideoshotof thescene.Windowsof differentsize
andpositionin the imagewasthentestedagainstan SVM
whichwaspreviously trainedwith a largenumberof exam-
plesof humanandnon-human�o w patterns.The method
wastestedona numberof imagesfrom a city scene.

Futur e work. Thehumantrainingsetis quitesmall,due
to themanualpatternacquisition.To obtainalargertraining
set,moreexamplesof humanmotionpatternscouldbecol-
lectedby reinforcementlearning,i.e. iterative userguided
incorporationof detectionresultsin thetrainingset[12].

Furthermore,therobustnessof themethodto �a wsin the
computedoptical�o w shouldbeinvestigated.

Anotherfuturedirectionof researchis detectionof par-
tially occludedpatterns.Oneoptionis to detectthemotion
of humanbody partsseparately. Knowledgeaboutspatial
relationsbetweenthe detectedbody partsarethenusedto
reinforceor suppressthedetections.
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