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Chapter 9

Object Localisation

9.1 Introduction

A methodfor localisingmulticolouredobjectsin imagesusingMNS signaturesis proposedn
this section. The ideais that an objectof interestis likely to appeaiin the part of theimage
with the highestpopulationof neighbourhoodwiith differentcolours,similar to the coloursof
theobject.In ourexperiments,th@bjectrepresentatiors computedrom oneor moreexample

imageregions.

Theproposedalgorithmwastestedon localisingobjectsin two videosequenceshaving sport
events. The resultsobtainedwere acceptablegiven the appearanceariationsof the sought
objectsandtherelatively poorquality of thetestsequencesi comparisorwith awell knovn

localisationmethodcalledhistogram backprojection wasalsoperformed.n bothexperiments,

the MNS localisationsuccessatewashigherthanthatobtainedusingbackprojection.

9.2 MNSlocalisation

Assumingcompactobjects,we requirethatall imageneighbourhoodsvith colourssimilar to
the soughtobjectlie in arelatively smallimageregion. A templateis placedover selectedm-
agepixelsandthelocationwith mostneighbourhoodsimilar to the objectinsidethetemplate

region is returnedasthe objects expectedposition. Note, thatthe neighbourhoodsonsidered
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106 Chapter9. ObjectLocalisation

areexactly therepresentate neighbourhoodstoredin the MNS signature Therefore proper
tieslike the areaoccupiedby eachcolour (i.e. the densityof eachmeasuremerih theimage)

arenot exploitedin thereportedexperiments.

The MNS localisationalgorithmis asfollows: Let S;, : = 1..n bethesetof neighbourhoodm
the testimageMNS, with similar measurement® the examplemeasurementdlere, similar
arethoseneighbourhoodfrom the imagesignaturegiving measurementhat matched with a
measuremertf the exampleimageduringthe matchingprocesgdescribedn Chapter3). We

denotethe centreof a neighbourhoodsS5. Thelocalisationalgorithmis asfollows:

Algorithm 5: Object localisation

1. SelectarectangulatemplateR with dimensions, ry.

2. Foreveryimagepixel p in aselectedsubsetP of all imagepixels,calculatethecardinal-
ity k, of theset

s= (1€ 8;:5f € R,) ,whereR, is thetemplatecentredat pixel p.

3. Findthepixel pypject for which k;, is maximum.

4. Returnpixel pyyjec: astheobjects position

For thereportedexperimentsthe subsetP wasselectedo bethe centresof imageneighbour

hoodswith measurementhatmatched a measuremerntif the object.

9.3 Histogram backprojection

The histogrambackprojection(HB) method,computegheratio of the colourhistogramof the

objectexampleimage(O;) andtheimagecolourhistogram(Z;):

Ry ==t 9.1)
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For eachimagepixel, the probability of it belongingto the soughtobjectis computedasthe
countof the R; bin the pixel indexesinto. Replacingeachpixel with the correspondingprob-
ability, a greyscaleimageis computed. Objectlocationis establishedas the pixel with the

maximumspatialaverageover a circularneighbourhoodentredon the pixel.

BothMNS andHB methodsequirea priori knowledgeof the sizeof thesoughtobjectin order
to choosean appropriatesearchtemplate/neighbourloal. In addition,both methodsarelikely
to fail to locateextendednon-compacbbjects. Suchobjectscan be localisedusing another

localisationalgorithmproposedn ChapterlO.

9.4 Experimental setup

Two experimentswere carriedout, using imagesgrabbedoff two video sequencesf sport
events. Exampleimagesof both sequenceareshavn in Fig. 9.2and9.3. Imageresolutionin

bothexperimentavas144 x 176 pixels.

Experiment 1. Thefirst sequenceoversa skatingrace,focusingon a skaterwearinga body
suitwith distinctive colours.Appearancevariationsaredueto changingobjectpose,scaleand
changingbackground A singleregion wasselectedo represenbbjectappearancéshavn in

Fig.9.1)(a).

Experiment 2. The secondexperiment,involves locating a canoeistmaving along a river.
Comparedo Experimentl, the effects of changingbackgroundpbjectpose,viewpoint and

illumination aremuchmoreapparen{seeFig. 9.1)(b).

For the comparison the histogrambackprojectionrmethodwas implemented exactly as de-
scribedin [85], using8 x 8 x 8 RGB histogramsand a circular neighbourhoodvith radius
20 pixels. RegardingMNS, the default settingsof the algorithmwereused,identicalto those
usedin otherexperimentdescribedn this thesis.A templateof size60 x 40 wasselectedor
localisingthe skaterand50 x 40 for localisingthe canoeist.The exampleregionsselectedor

eachobjectareshavn in Fig. 9.1.



108 Chapter9. ObjectLocalisation

(@) (b)

(© (d)

Figure9.1: Exampleregionsselectedor localising(a) theskaterand(b) thecanoeistExample
of (c) matchedegionsusedfor MNS localisationfor theimagein (a) (d) the probabilityimage

producedy histogrambackprojectiorfor theimagein (b)
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9.5 Reaults

Weusethesuccessate(orratio) S to measuréocalisationperformanceexactly asproposedy
Huangetal. in [45] for testingthe correlogramocalisation'. S is definedasthefractionof all
testframesshaving a significantpartof the objectwithin the selectedemplate/neighboudod

centredatthe estimatedbjectlocation.

In Fig. 9.2 we presentexamplesof successfulocalisationof the skater The white rectangle
is the templateused,centredat the estimatedbbjectlocation. Localisationwas successfuln
125 of the 129 frames,achieving a successate S = 97%. Threeout of the 4 failure frames
were not shawing the athletedueto total occlusion,howvever we consideredhemaserrors.
Theaveragdimeto localisetheskaterusingMNS was9 milliseconds.The samefigurefor HB

was1.69secondsusingthesettingsdescribedn theprevioussection.

Fig. 9.3 shaws examplesof localisationof the canoeist.In mary casesthe dramaticvariation
in appearancdid not affect significantlyMNS localisation.Successatewas65%. The main
cause®f errorsweresmallinstance®f the canoeissignificantlyoccludedby wavesor com-
putergenerateadaptionsor viewed underdramaticallydifferentillumination. HB performance

waslowerthanMNS, with asuccessate S = 56%.

SoughtObject SuccesRate

Mult. Neighborhoodsignature| HistogramBackprojection
Skater 0.97 0.94
Canoeist 0.65 0.56

Table9.1: Localisationresults

9.6 Summary

In this chapterthe proposedVINS methodwasappliedto objectlocalisationi.e. to establish
the location of the projectionof a soughtobjectin animage. Assumingcompactobjectsof

known shapeandwith fairly distinctive colours,analgorithmwasproposedbasedntheidea

A comparisorwith thatmethodwasnot attemptedn this work
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thatthe objectis mostlikely to appeaiin thatpartof theimagewith the highestpopulationof

neighbourhoodsvith colourssimilar to the coloursof the soughtobject.

In the experimentalsection,localisationof objectsin the presencef a wide rangeof appear
ancevariationsis shavn. Giventhe relatively low quality of the imagesandthe appearance
variationspresentMNS performancevasacceptable ln two reportedexperiments)ocalisa-
tion successatewas97% and65% respectiely. Performancevas comparedo histogram
backprojectionawell knovn methodbasedn colourhistogramsin bothcasesMNS outper

formedbackprojection.
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Figure9.2: Examplesof thelocalisedskater

Figure9.3: Examplesof thelocalisedcanoeist



