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Abstract

This paper presentsa methodfor detectionof humansin
videosequencesTheintendedapplicationof the methods
outdoorsurveillance In suc an uncontolled ervironment,
the appeaanceof humansvaries hugely due to clothing,
identity, weatherand amountand direction of light. The
ideais therefore to detectpatternsof humanmotion,which
to alarge extentis independentf thedifferencesn appear
ance To thisend,a SupportvectorMachineis trainedwith
denseoptical ow patternsoriginating from humans.The
subjectsare movingin differentanglesto thecamen plane
on differentimage scales. Thistrained SVMis the core of
a humandetectionalgorithm which seachesoptical ow
imagesfor human-lile motionpatterns.

1. Intr oduction

Detectionof humansin image sequencess an active re-
searchareawithin computervision. In mary applications,
suchashuman-computeinteraction,the detectionis a ba-
sis for tracking. In other suchassuneillancesystemsor
safetysystemsn cars,the detectionin itself is usedto trig-
ger sometype of alarm. The intendedapplicationof the
methodpresentedh this paperis outdoorsurweillance.

Most humandetectionsystemge.g.[4, 6, 8, 9, 10, 12,
13]) detecthumansor facesin a singleimage. Theseap-
proachesarebasedon the assumptiorthat humanscanbe
localizedin eachindividual frame, basedon a model of
humanappeagance (shape,contrast,color). However, in
an uncontrolledoutdoorervironmentsuchasthe onecon-
sideredin our application,humanappearancearies due
to ervironmentalfactorssuchaslight conditions,clothing,
contrastandidentity. Theimagesequencesould evenbe
takenduringthe night with a light enhancingcamera.Fur-
thermore the subjectscanbe camou agedor masled. All
thesefactorscausdargevariationin theappearancef both
the humanandthe scenetherebyobscuringthe interesting
featuredor human/non-humacalassi cation.

The approachin this paperis to detecthumanmotion

(a)Image

(b) Horizontaloptical o w

Figurel: Motion is characteristicalor humans.(a) Fromleft to
right: two differentvideo frameswith humansin the samepos-
ture,andanvideoframewith atree. Theintra-humardifferences
arelarge. At the sametime, the tree might be mistalen for a per
son (uprightrod-like structure)whenviewed at a low resolution.
(b) Detectedhorizontal o w (scaledplot: white - largest ow in
right direction, black - largest o w in left direction)in the same
frames. The ow dependson the movementitself andis largely
uncorrelatedo differencesn appearance.

whichis amorediscriminative cuefor our problemthanap-
pearancgFigure 1). Eventhoughthe visual motion of a
humanvarieswith orientationtowardsthe cameraandlimb
con guration, it is muchlessdependenotf the environmen-
tal factorsdescribedabove [2, 7]. Furthermorecamou age
strives to alter the appearancef the subject, while it is
muchmoredif cult for ahumanto camou agemotionpat-
terns.Thus,adetectiorapproactwhichrelieson modelsof
humanappearances lessef cient in ourapplication.

Themotioncueusedasinputto the detectionis robustly
estimateddenseoptical ow [1] u = [u; v], whereu is the
horizontal o w andv the vertical o w betweena pair of
consecutre imagesin a sequence.A setof examplesof
humanandnon-humano w patternss collectedmanually
to sene asinputto thetraining (Section3).

The human o w patternexampleslie on a non-linearly
shapednanifoldin the high-dimensionaspaceof o w pat-
terns.Dueto the high dimensionalityof the state-spacand
therelatively low numberof trainingsamplesye usea Sup-
port VectorMachine(SVM) [3, 5] to learnthe human/non-
humanclassi cationfrom the examplegSection3).

New o w patternscannow be comparedo the trained



SVM andclassi ed ashumanor non-human.A complete
detectiornprocessnvolvesalinearsearchover positionand
scalein each o w image.Thisis discussedn Section4.

Preliminary experimentson video sequencef city
scenegSection5) shavs that the methodis ableto detect
humansof differentorientationandscale,anddiscriminate
well betweerhumanandnon-humarmotion.

2. RelatedWork

Most methodsor humandetectionaim at detectinghuman
appearanceCuesusedareedgeqd8, 10], waveletresponses
[12], color distributions[4], backgroundsubtraction9] or
a combinationof multiple cuessuchasdepthinformation,
color and neural-netmodelsof facepatterns[6]. The de-
tection is often usedas an initialization stepto tracking
[4, 6, 9]. As statedin theintroduction,the appearanceue
is sometimesvery weakin our application,leadingus to
insteadusetheimagemotioncue.

An approachbasedon motion is presentedy Songet
al. [14]. Here,featurepointsfrom two consecutie images
in asequencarecomparedo the correspondingpointson
a 2D kinematicmodelof a human.This approactdoesnot
entirelyrely on motioninformationsincethereis anunder
lying assumptiorthatonecan nd featurescorresponding
to speci ¢ positionson the body. Viola et al. [15] usein-
steada lter -basedapproactto motion patternrecogntion.
Using ve lters for motionin differentdirectionsthey are
ableto detectwalking humansn low imageresolutionwith
avery low error rate. Optical o w is anotherrepresenta-
tion of imagemotion. The model-baseanethodof Fablet
andBlack [7] comparesienseo w patternawvith a genera-
tivemodelof human o w appearancelhemethodrecovers
bothpose orientationandpositionin theimagebut is com-
putationallyheavier thanour patternrecognitionapproach.

SupportVectorMachines(SVM) [3, 5] have previously
proved ef cient for facedetection[13] and genderclassi-
cation [11]. Pedestriardetectionusing SVM from ap-
pearanceuessuchasedgesegmentsin theimage[10] or
wavelet responseg12] hasalso beenreported. Our ap-
proachextendsthis work in thatit detectshuman-like mo-
tion patternsnsteadof appearancpatternsmakingthede-
tectionmorerobustto differencein appearancdueto ervi-
ronment clothingandidentity.

3. Training the SVM

Theproblemof learningabinaryclassi er canbeexpressed
asthat of learningthe functionf : <" | 1 that maps
patternsx ontotheir correctclassi cationy asy = f (x).
In the caseof anSVM, thefunctionf takestheform [3, 5]

f(x)= v ik(x;xi)+ b; 1)

i=1
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Figure2: Examplegrom thetrainingdata,horizontal o w shavn

(scaledplot, seeFigurel). (a) Humanmotion patternsdifferent
orientationsfrom the camera. (b) Non-humanmotion patterns,
mainly from foliageandcars.

whereN isthenumberof trainingpatterns(x;;y;) istrain-
ing patterni with its classi cation, ; andb arelearned
weights,andk(:; :) is akernelfunction. Here,we useara-
dial basisfunctionk(x; x;) = ek * Xik%2 * Thepatterns
for which ; > 0 aredenotedsupportvectos.

The surfacef (x) = 0 de nesa hyperplanghroughthe
featurespaceasde ned by the kernelk(:;:). Theweights
i andbareselectedgothatthenumberof incorrectclassi -
cationsin thetraining setis minimized,while thedistances
from this hyperplando the supportvectorsaremaximized.

Thisis achiezedby solvingthe optimizationproblem[3, 5]

Maximize :
X LR X
Lo i3 Yivi i jk(xiixp) (2
i=1 i=1 j=1
subject to :
X
0 i C; yi i =0: (3

TheconstaniC affectsthetoleranceto incorrectclassi ca-
tions. Using the optimal parameters ;, Eq (1) with ary
supportvector(x;;y;) asindatacanbeusedto nd b. Fora
thoroughdescriptionof thetrainingprocesssee|3, 5].

Patterns. Thetrainingsetconsistof443humano w pat-
ternsand11688non-humano w patterngFigure2). A ow
patternis herede ned asavectorx = [u1;Uz;:::;Umn ]
whereuy = [uk; vk] isthe o w in thek:th pixel in therect-
angularpatternof sizem n. Here,m = 16andn = 8,
which meanghatdim(x) = 256 Thehuman o w patterns
usedfor training are collectedmanuallyfrom dense o w
images.Thesearecomputed1] from pairsof consecutie
imagesin video sequencewith a large numberof individ-
ualsin differenttypesof ervironment.Non-humarpatterns
arecollectedautomaticallyfrom similar sequencewithout



(a) All detections
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Figure3: Remwing multiple detectionsof the samesubject.(a)
Original setof detections.(b) Setof detectionsafter removal of
multiple candidategseetext).

humans.Eachexamplepatternx; is resampledo a size of
16 8 pixelsandassignedalabely; = 1 if the patternis
humanotherwisey; = 1.

Iterati ve training. Thelearningprocedurenasa compu-
tational complexity of O(N ?) whereN is the numberof
training patterns,which meansthat the computationsbe-
comeinfeasiblefor our large numberof patterns.To enable
efcient learning,theiterative stratgy of Osunaetal. [13]
is thereforeemployed.

After training, 247 humanpatternsand499 non-human
patternsvereusedassupportvectorst

4. Detectionof Humans

A new patternx cannow be classi ed ashumanor non-
humanusingthelearnedfunctiony = f (x) (Eq(1)).

Theinputto thedetectiorisa o wimage,obtainedising
the samerobust o w algorithm[1] asfor the trainingim-
ages.A linear searchover positionsand patternheightsis
performed? For eachpositionandheight,the correspond-
ing imagewindow is extractedandnormalizedto a size of
16 8pixels. Theresultingpatternx isthenclassi edusing
the SVM. Positive answersarereturnedasdetections.

Removing multiple detections. Figure3(a)showvsthere-

sult of a detection.Typically, severalhumanpatterncandi-
datescorrespondingo the sameindividual arefound. To

give a more accurateestimateof the numberof peoplein

the scenehits overlappingmorethan50%will bereplaced
by a single window whoseposition and heightis the spa-
tial weightedmeanof the positionsandheightsof the over-

lappingwindows. Figure 3(b) shaws the resultof sucha
pruningprocedure.

1The high proportion,56%, of humanpatternsusedassupportvectors
indicatesthat more humanexampleswould be bene cial to the perfor
manceof the SVM. Thisis furtherdiscussedn Conclusions.

2The computationakf ciency of the detectioncaneasilybe enhanced
by introducinga thresholdon theabsoluteamountof o w in thecandidate
patternbeforetheclassi cationstepbegins.

5. Experimental Results

The detectionalgorithmwastestedon imagesfrom a city
scenewith carsand peopleof differentscales,moving in
differentdirections.Imagesn thesequencevere360 288
pixelslargeandwerecapturedn 25 Hz.

Figure 4 shows threeframesfrom the samesequence.
Threeof thefour personsnoving in thescends detectedc-
curatelywhile thefourth (apersorin black)isignored.The
reasorfor this could bethatthe o w responsen thatper
sonis weakdueto foreground-backgound similarity (Fig-
ure4(b,d,f)). Thevulnerabilityto o w estimationerrorsis
aweaknes®f themethod.

Figure 5 shonvs anothersequencein which a car is
present. Even thoughthere are somehuman-like motion
patternsin the car ow (Figure 5(b)), the methoddistin-
guishescorrectlybetweerhumanandnon-humarpatterns.
In bothframe 0 and 10 (Figure 5(a,e)),humansare partly
occludedby the car Sincethe methodcan not presently
detectpartly occludedmotion patternsthe detectorignores
theoccludedchumansThisis alsoanimportantissue.

6. Conclusions

An SVM-basedietectoof human-like optical o w patterns
was presented.To detecthumansin a scene,denseopti-
cal ow was rst computedrom a pair of consecutie im-
agesn avideoshotof the scene Windows of differentsize
andpositionin theimagewasthentestedagainstan SVM
whichwaspreviously trainedwith alargenumberof exam-
plesof humanandnon-humano w patterns. The method
wastestedon a numberof imagesfrom acity scene.

Futurework. Thehumantraining setis quite small, due
to themanualpatternacquisition.To obtainalargertraining
set,moreexamplesof humanmotion patternscould be col-
lectedby reinforcementearning,i.e. iterative userguided
incorporationof detectiorresultsin thetrainingset[12].

Furthermoretherobustnes®f themethodto awsin the
computedbptical o w shouldbeinvestigated.

Anotherfuture directionof researchs detectionof par
tially occludedpatterns.Oneoptionis to detectthe motion
of humanbody partsseparately Knowledgeaboutspatial
relationsbetweenthe detectedbody partsarethenusedto
reinforceor suppresshedetections.
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