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Chapter 9

Object Localisation

9.1 Introduction

A methodfor localisingmulticolouredobjectsin imagesusingMNS signatures,is proposedin

this section. The ideais that an objectof interestis likely to appearin the part of the image

with thehighestpopulationof neighbourhoodswith differentcolours,similar to thecoloursof

theobject.In ourexperiments,theobjectrepresentationis computedfrom oneor moreexample

imageregions.

Theproposedalgorithmwastestedon localisingobjectsin two videosequencesshowing sport

events. The resultsobtainedwereacceptable,given the appearancevariationsof the sought

objectsandtherelatively poorquality of thetestsequences.A comparisonwith a well known

localisationmethodcalledhistogram backprojection wasalsoperformed.In bothexperiments,

theMNS localisationsuccessratewashigherthanthatobtainedusingbackprojection.

9.2 MNS localisation

Assumingcompactobjects,we requirethatall imageneighbourhoodswith colourssimilar to

thesoughtobjectlie in a relatively small imageregion. A templateis placedover selectedim-

agepixelsandthelocationwith mostneighbourhoodssimilar to theobjectinsidethetemplate

region is returnedastheobject’s expectedposition.Note,thattheneighbourhoodsconsidered
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106 Chapter9. ObjectLocalisation

areexactly therepresentative neighbourhoodsstoredin theMNS signature.Therefore,proper-

ties like theareaoccupiedby eachcolour(i.e. thedensityof eachmeasurementin theimage)

arenotexploitedin thereportedexperiments.

TheMNS localisationalgorithmis asfollows: Let
���������
	��
���

bethesetof neighbourhoodsin

thetestimageMNS, with similar measurementsto theexamplemeasurements.Here,similar

arethoseneighbourhoodsfrom theimagesignaturegiving measurementsthatmatched with a

measurementof theexampleimageduringthematchingprocess(describedin Chapter3). We

denotethecentreof aneighbourhoodas
����

. Thelocalisationalgorithmis asfollows:

Algorithm 5: Object localisation

1. Selecta rectangulartemplate� with dimensions��� � ��� .
2. For every imagepixel � in aselectedsubset� of all imagepixels,calculatethecardinal-

ity ��� of theset

� �����! "����#$� ��  �%�'& , where �(� is thetemplatecentredatpixel � .

3. Find thepixel �*),+.-0/ �21 for which ��� is maximum.

4. Returnpixel �*),+.-3/ �41 astheobject’s position

For thereportedexperiments,thesubset� wasselectedto bethecentresof imageneighbour-

hoodswith measurementsthatmatched ameasurementof theobject.

9.3 Histogram backprojection

Thehistogrambackprojection(HB) method,computestheratio of thecolourhistogramof the

objectexampleimage( 5 � ) andtheimagecolourhistogram( 6 � ):

� �7� 5 �
6 � (9.1)



9.4. Experimentalsetup 107

For eachimagepixel, theprobabilityof it belongingto thesoughtobject is computedasthe

countof the 8:9 bin thepixel indexesinto. Replacingeachpixel with thecorrespondingprob-

ability, a greyscaleimageis computed. Object location is establishedas the pixel with the

maximumspatialaverageover acircularneighbourhoodcentredon thepixel.

BothMNS andHB methodsrequireapriori knowledgeof thesizeof thesoughtobjectin order

to chooseanappropriatesearchtemplate/neighbourhood. In addition,bothmethodsarelikely

to fail to locateextendednon-compactobjects. Suchobjectscanbe localisedusinganother

localisationalgorithmproposedin Chapter10.

9.4 Experimental setup

Two experimentswere carriedout, using imagesgrabbedoff two video sequencesof sport

events.Exampleimagesof bothsequencesareshown in Fig. 9.2and9.3. Imageresolutionin

bothexperimentswas ;=<><@?A;�B�C pixels.

Experiment 1. Thefirst sequencecoversa skatingrace,focusingon a skaterwearinga body

suitwith distinctive colours.Appearancevariationsaredueto changingobjectpose,scaleand

changingbackground.A singleregion wasselectedto representobjectappearance(shown in

Fig. 9.1)(a).

Experiment 2. The secondexperiment,involves locating a canoeistmoving along a river.

Comparedto Experiment1, the effectsof changingbackground,objectpose,viewpoint and

illuminationaremuchmoreapparent(seeFig. 9.1)(b).

For the comparison,the histogrambackprojectionmethodwas implemented,exactly as de-

scribedin [85], using DE?FDE?GD RGB histogramsanda circular neighbourhoodwith radius

20 pixels. RegardingMNS, thedefault settingsof thealgorithmwereused,identicalto those

usedin otherexperimentsdescribedin this thesis.A templateof size C�HI?E<JH wasselectedfor

localisingtheskaterand K�HL?E<JH for localisingthecanoeist.Theexampleregionsselectedfor

eachobjectareshown in Fig. 9.1.
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(a) (b)

(c) (d)

Figure9.1: Exampleregionsselectedfor localising(a)theskaterand(b) thecanoeist.Example

of (c) matchedregionsusedfor MNS localisationfor theimagein (a) (d) theprobabilityimage

producedby histogrambackprojectionfor theimagein (b)
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9.5 Results

Weusethesuccessrate(or ratio) M tomeasurelocalisationperformance,exactlyasproposedby

Huangetal. in [45] for testingthecorrelogramlocalisation1. M is definedasthefractionof all

testframesshowing asignificantpartof theobjectwithin theselectedtemplate/neighbourhood

centredat theestimatedobjectlocation.

In Fig. 9.2 we presentexamplesof successfullocalisationof theskater. Thewhite rectangle

is the templateused,centredat the estimatedobjectlocation. Localisationwassuccessfulin

125of the129 frames,achieving a successrate MONQPJR>S . Threeout of the4 failure frames

werenot showing the athletedueto total occlusion,however we consideredthemaserrors.

Theaveragetimeto localisetheskaterusingMNS was9 milliseconds.Thesamefigurefor HB

was1.69seconds,usingthesettingsdescribedin theprevioussection.

Fig. 9.3shows examplesof localisationof thecanoeist.In many cases,thedramaticvariation

in appearancedid not affect significantlyMNS localisation.Successratewas T>UJS . Themain

causesof errorsweresmall instancesof thecanoeistsignificantlyoccludedby wavesor com-

putergeneratedcaptionsor viewedunderdramaticallydifferentillumination. HB performance

waslower thanMNS, with a successrate MVNOU>TJS .

SoughtObject SuccessRate

Mult. NeighborhoodSignature HistogramBackprojection

Skater 0.97 0.94

Canoeist 0.65 0.56

Table9.1: Localisationresults

9.6 Summary

In this chapter, theproposedMNS methodwasappliedto objectlocalisationi.e. to establish

the locationof the projectionof a soughtobject in an image. Assumingcompactobjectsof

known shapeandwith fairly distinctive colours,analgorithmwasproposed,basedon theidea
1A comparisonwith thatmethodwasnot attemptedin thiswork
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that theobjectis mostlikely to appearin thatpartof theimagewith thehighestpopulationof

neighbourhoodswith colourssimilar to thecoloursof thesoughtobject.

In theexperimentalsection,localisationof objectsin thepresenceof a wide rangeof appear-

ancevariationsis shown. Given the relatively low quality of the imagesandthe appearance

variationspresent,MNS performancewasacceptable.In two reportedexperiments,localisa-

tion successratewas WJX>Y and Z>[JY respectively. Performancewas comparedto histogram

backprojection,awell known methodbasedoncolourhistograms.In bothcases,MNS outper-

formedbackprojection.
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Figure9.2: Examplesof thelocalisedskater

Figure9.3: Examplesof thelocalisedcanoeist


