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Abstract old is dependenbn the scene,possiblyfluctuatingcam-

Imagedifferencingis usedfor manyapplicationsinvolv-
ing change detection.Althoughit is usuallyfollowedby a
thresholdingopemation to isolate regions of change there
are few methodsavailablein theliterature specificto (and
appropriate for) change detection. We describefour dif-
ferent methoddor selectingthresholdsthat work on very
differentprinciples. Either the noiseor the signalis mod-
elled, and the modelcovers either the spatial or intensity
distribution characteristics.Themethodsare: 1/a Normal
modelis usedfor the noiseintensitydistribution, 2/ signal
intensitiesare testedby makinglocal intensitydistribution
comparisonsn the two image frames(i.e. the difference
mapis not used),3/ the spatial propertiesof the noiseare
modelledby a Poissondistribution, and4/ thespatialprop-
ertiesof the signalare modelledas a stablenumberof re-
gions(or stableEuler number).

1 Introduction

Due to its simplicity image differencingis a popular
methodfor changedetection. It only requirescalculat-
ing the absolutevaluesof the differencebetweerthe cor-
respondingpixelsin two images,and large valuesin the
differencemap thenindicatelocationsof change. Com-
mon applicationsof image differencing include object
tracking[25], intrudersunweillancesystemd3, 5], vehicle
suneillancesystemq7, 8, 11], andinterframedatacom-
pression2]. Therearealsomary examplesof its usefor
analysingsatelliteimagedq20] to measurdanderosionde-
forestation,urbangrowth, crop developmentetc.,andfor
analysingmedicalimageso measureell distribution[10],
etc.

The differencemapis usually binarisedby threshold-
ing it at somepre-determinedalueto obtaina change/no-
changeclassification However, thethresholdvalueis crit-
ical, sincetoo low a valuewill swampthe differencemap
with spuriouschangeswhile too high a value will sup-
presssignificantchanges.The propervalueof the thresh-

eralevels,aswell asviewing conditions(e.g.illumination)

which maychangeovertime. Thisindicateghatin general
thethresholdvalueshouldbecalculatediynamicallybased
on the imagecontent,andthat experimentallyselectinga

value(e.g.Jain[8], Koller etal. [11]) is notappropriatdor

arobustautonomougision system.

As anextensionto globalthresholddeterminatiorthere
arevariousotherprocedureghat canimprove changede-
tection. Local thresholdingcan be useful, particularly
when the sceneillumination varies locally over time.
Noisy differencemapscanbe muchimproved by remov-
ing smallisolatedchangepixels, merging closeregionsof
change,incorporatingconnectvity, and performing hys-
teresisthresholding[1, 11, 18, 25. Ratherthan differ-
encingadjacenframesin temporaimagesequenceback-
groundimagescanbe dynamicallygeneratedl12, 18, 25|,
andthesearedifferencedwith eachimageinstead. How-
ever, theseissueswill notbefurtherexploredin this paper

Several generalapproachesre possiblefor determin-
ing thresholdgor changedetection Firstthesignal,noise,
or both can be modelled. Second,either their intensity
and/or spatial propertiescan be modelled. In this paper
we considerall of the four combinationsof pairs of ob-
ject andproperty(signal/noiseandintensity/spatiabistri-
bution) anddescribefour techniquegor thresholddetermi-
nationthatfall into eachof thesecateyories(seetable1).
Notethatmoststandardntensityimagethresholdingech-
niguesbelongto the signal/intensityclass.

| | noise | signal |
intensity || Normalmodel | intensitydistributions
spatial || Poissormodel | stablenumberof regions

Table 1: Techniquedor thresholdselectiondescribedn
this paper



2 Previouswork on threshold selection

Although there are mary techniquesfor determining
imagethresholdvaluesfor binarisingintensityimageq19]
mostof themmake assumptionshatdo not hold for stan-
darddifferenceimages therebyinvalidatingtheir applica-
tion. For instancemary methodsexpectthe intensityhis-
togramto be bimodal,andsomecannotcopeif the modes
aretoo dissimilarin size,or if they arenot approximately
Normal. We know of ratherfew thresholdingtechniques
specificallydesignedo be effective for differencemaps;
thesearedescribedelow.

Yang and Levine [25] employed a two stageprocess
to selectlocal and global thresholdsfor differencededge
mapsusingthe full imagesequenceFirst, for eachedgel,
the medianabsolutedeviation (MAD,) of all the edgelsat
thatlocationover the sequencés calculated.The edgels
local differencanapthresholds thensetto 2.5 x 1.4826 x
MAD.. Next, a histogramis formed from thoseedgels
which areabove their local thresholdvalues. The median
absolutedeviation MAD ;, calculatecbver the histogramis
usedto generate globalthreshol®.5 x 1.4826 x MADy,.
Edgelsnow aremarkedaschangeonly if they exceedboth
theirlocal andthe globalthresholds.

Jainand Nagel[9], andlater Hsu et al. [7], bypassed
the differencemap and detectedchangeusing hypothe-
sis testing. The imageswere modelledas patchesvhose
intensitieswere describedby bivariate polynomials. For
eachpixel alikelihoodtestchecledwhethertheintensities
within alocalwindow in eachof thetwo imagescouldhave
beendrawn from a singleintensitydistribution. Sincethe
t-testis usedthe thresholdcanthen be relatedto a confi-
dencdevel.

3 Modelling the noiseintensity
3.1 NoiseModels

In mary instancest is reasonabldo assumethat the
imagenoisecanbe modelledby a zeromeanNormal dis-
tribution N (0, o2). In this case analysinghedifferencein
intensityimagesis straightforvard. Differencingfollowed
by taking the absolutevaluewill producethe Normal dis-
tribution 2V (0, 20'2) for positive valuesonly.

Sometimedt is preferredo differenceedgemapsrather
thanintensityimagesasthey canbemorerobustfor change
detectionundervaryingillumination [1, 21, 25]. Unfortu-
natelythis makesdeterminingthedistribution of the noise
moretroublesomeFirstwe notethatthe noisein theedge
mapscanbe modelledby a Rayleighdistribution [24]

T —a2
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if theedgeresponsés of theform 4/ (%)2 + (3%) . De-
notingthe noisein two edgemapsasindependentandom

variablesa andb we wish to calculatethe densityof the
noisein thedifferenceémaged = |a—b|. Initially we con-
siderthe symmetricfunctionc = a — b. Its density f.(c)
equalsthe corvolution of the densitiesof a andb [14]

fole) = / " (e — o) fo(—2)dz.

For the Rayleighfunctions fa(z) = fu(z) = R(z) we
obtain,usingMathematica,
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where L2 (z) is the generalisedLaguerre polynomial.
Sinced = |c|, then fa(z) = 2fc(x); = > 0 (this as-

sumeghat f. is even,althoughit is actuallyundefinedor
negative valuesin theform givenabove).

NS

Figurel: Probabilitydensityfunctionof f. andN (0, 1)

Looking at the plot of f. drawn bold alongsidea Nor-
mal distribution (figure 1) we seethatthey aresimilar, es-
pecially nearthetails. We aremainly interestedn thedis-
tributionfunctiontowardsthetails sincewe wishto thresh-
old outmostof thenoise.Thereforewe canreasonablyap-
proximatefq by aNormaldistribution. Whenthresholding
at zo the probability of incorrectly classifyinga pixel as
motionis

Pr = erfc <L>
F \/Qa
Thisenablesisto choosea suitablethresholdr for agiven
acceptablgroportionof falsemotionpixels.
3.2 Noise Estimation

In practisethe varianceof the noiseis often unknowvn
sowe needto estimatat from theimage. Sincethe differ-
enceimagewill containnotjust noisebut alsoappreciable
amountsof signal due to the motion a robust estimation
techniqueis required. Similar to our previouswork in es-
timating noiselevelsin edgemaps[16] we usethe Least



Medianof SquaregLMedS) methodappliedto the differ-
enceimagehistogram Its advantagesrethatit is efficient
(at leastfor 1D data), and hasa high breakdavn point.
This latter propertyenablest to returnthe correctresult
evenwhenlarge amountsof outliers(i.e. true motion) are
present.lt is straightforward [17] to derive the following
relationbetweerthe LMedSandtheexpectedstandardie-
viation of the noise:

_ LMedS
7= 033724

4 Modédlingthesignal intensity

While it is reasonabléo assumehatthe noisecharac-
teristicsareknown sufficiently suchthatthey canbe mod-
elledanalyticallyandestimatedrom thedifferencemage,
we havenoinformationconcerningheintensitief there-
gionsof changeLikewise,weknaw little aboutthemagni-
tudesof thedifferencemapintensitiegproducedy change,
exceptthatwe would generallyexpectthemto be signifi-
cantly largerthan zero. Sincethis provideslittle help for
thresholdselectionwe do nottry to analysedifferencemap
intensities but considerthe original (pre-differenced)m-
agesinstead. Changeoccurswhen correspondingpixels
in the two imageshave significantly differentintensities,
but it is difficult to quantify whatis meantby significant.
One solutionis to considerin additionto eachindividual
pixel all the intensitiesin a surroundingwindow. Com-
paring two windows is a more tractabletask sincethere
aremary techniqueswvailablefor comparingtwo distribu-
tions,andthis is the approachakenby JainandNagel[9]
andHsuetal. [7]. In contrastto themwe shallusea non-
parametrianethodsothatno assumptionsbouttheinten-
sity distributionsneedto be made. One of the mostpop-
ular is the Kolmogoror-Smirnov testwhich was usedfor
changedetectionin satelliteimageryby Eghbali[4]. It has
thenicepropertythatit is invariantto imagescalingor off-
sets.As analternatve we have alsoexperimentedvith the
Craneérvon Misestestwhich is often more powerful than
theKolmogoros-Smirnov test[22]. Ratherthantestingthe
maximumvalue of the differencebetweenthe two cumu-
lative distributionsit usesinsteadhe summedsquaredlif-
ferences.Thresholdings performedby acceptingas mo-
tion only thosepixels whosedistributions are dissimilar
i.e. their teststatisticis above the critical valuefor a se-
lectedsignificancevalue(e.g.5%).

Following Eghbaliwe normalisethe datato reducesen-
sitivity to large scalevariationsbetweerthe images.Each
window is rescalechndoffsetsothatit haszeromeanand
unit standardieviation.

5 Modeling the spatial distribution of the
noise

If we assumehatthe noiseis white thenits spatialdis-
tributionovertheimagewill berandom.For theanalysisof
spatialdatathereare mary measure®f randomnes§?3],
oftenbasedn theassumptiorthatthe obsenationsfollow
a Poissondistribution. Sincea Poissondistribution hasits
meanequalto its variancehentheratio of thesamplevari-
anceto the samplemeanis a naturaltestfor thatdistribu-
tion, andis calledtherelativevarianceV, = % It is cal-
culatedby first countingthenumberof obsenations(in our
casethe numberof abovethresholdpixelsin thedifference
map)in n windows, {z;}?_,, fromwhichthemeanz, and
variance,s?, of the z; canbe found. Althoughthe testis
sensitve to thewindow sizeandpoint densityit worksad-
equatelyaslongasz is sufficiently large.

For our purposesve do not wish to detectthe spatially
randomnoise,but ratherto avoid it in our thresholdedm-
age.Wethereforeselecthethresholdvhichmaximiseghe
relative variance,thereby maximising “clumpiness” (re-
gionsof change)and minimising the Poissondistribution
(noise).

6 Modelling the spatial distribution of the
signal

Thelocation,size,andnumberof theregionsof change
are generallyunknovn. However, we might expectthat
thesepropertieswill remainfairly stableoverawide range
of thresholdvalues whereaslown atthe noiselevel small
changedn the thresholdvalue can substantiallyalter the
numberof regions. Suchan obsenation suggestshat if
a rangeof thresholdvaluesis found that leadsto a sta-
ble numberof regions, thentheseregionsare unlikely to
comefrom noise,andso a valuefrom this rangewill pro-
vide a suitablethreshold.This approachwassuggestedy
O’'Gorman[13] for intensityimagethresholdinglandwas
recentlyproposedagainby PikazandAverbuch[15]), and
wasappliedto differenceimagesby RosinandEllis [18].
Ratherthan countingthe numberof regionsthe images
Euler numbercanbe used,andwasfound to give almost
identicalresults[18]. The adwantageof calculatingcon-
nectvity over region countingis thatthe Euler numberis
locally countablg[6], andcanbe determinecefficiently in
asinglerasterscanof theimageby justafew linesof code.

A stablethresholdrangewill correspondo a plateau
in the graphof the Euler numbersagainstthresholds.Ini-
tially we assumedhatthe plateausvereperfectlyflat, and
detectedhemby looking for thelongestsuchrangein the
graph[18]. However, giventhenoisy, fragmentedhatureof
imagesthis wasnot foundto bereliableassometimeghe
Euler numbervaried slowly within the stablerange. An
alternatve procedurghatwe have found moreeffective is



to modelthe shapeof thegraphasa decayingexponential.
At low thresholdvaluestherewill be mary regions and
holescausedprimarily by the noise,andthe Euler num-
ber will changerapidly with threshold. At high thresh-
old valuestherewill befew regions,andthe Eulernumber
will be stable.(We only considerthresholdsup until there
areno regionsremaining,andthe Euler numberbecomes
zero). Thereforea suitablepartition point betweerthe sig-
nalandnoiseis the“corner” of thecurve. whichwe find as
the point on the curve with maximumdeviation from the
straightline dravn betweerthe endpointsof the curve.

If we countregions thenthe curve at low thresholds
whichis generategbrimarily by noisewill appearoughly
Gaussiarj15] andthe numberof regionseventuallydrops
to oneat a thresholdof zero. Whenusing Euler numbers
the shapeis differentsincethe numbercanbecomeney-
ative if thereare more holesthanconnecteccomponents.
To avoid difficulties for the cornerdetectionwe startthe
straightline from the first positive peakin the curve (see
for examplefigure 2n).

7 Experimental results

We demonstratéhe variousalgorithmson severalpairs
of framestakenfrom sequencesf 512 x 512 images.For
thetechniqueshatcomparantensitydistributionsthewin-
dow sizewas21 x 21. Thetestfor the Poissordistribution
used64 x 64 windows. Pr wassetto 0.01for theNormal
noiseintensity model, while 5% confidencevalueswere
usedfor theteststatistics Apartfrom theinputimagesthe
remainingimageareshavn invertedto improve visualisa-
tion.

Figures2a&b shav two framesof anoutdoorscenecon-
taining a pedestriarwalking acrossa carpark. The results
of thresholdingthe differencemap (figure 2c) using the
Normal modelfor noiseintensity are shavn in figure 2d.
A reasonabldit usingthe Normal approximationis made
to the differencemap histogram andthe walker hasbeen
thresholdedeasonablywell althoughthereis someresid-
ual noise.Applying the sametechniqueto a differencem-
ageconstructedrom two framesafter runningthe Sobel
edgedetectomproducesa noisierresult(figure 2e). In this
casethedifferencemaphistograrnis notsowell fit nearthe
tail.

Using the methodsfor comparingintensity distribu-
tions, the Kolmogoroas-Smirnos and Cranervon Mises
testsproducethe confidencevaluesin figures2f&g. Both
performedpoorly in this casesinceeitherlittle or no re-
sponsas retainedafterthresholding We alsodemonstrate
arelatedapproacHor comparingtwo setsof values:cor
relation. Pearsors rank correlationcoeficient is shavn
thresholde@t0.05(figure2h) althoughthecoeficientcan-
notstrictly beinterpretedasa probability value. Lik ewise,
a non-parametrienethod,Spearmars rank correlation,is

shawvn after thresholdingin figure 2i. Although the cor
relationresultsarebetterthanthe distribution comparison
results they arestill poor.

Both of the spatialmethods(the Poissonnoise model
and the stable Euler number)producegood results (fig-
ures2j&k). Thecornerfinding procedurds demonstrated
ontheplot of the Eulernumberin figure 2.

Finally, theimagesin figures3a&b areoutdoorimages
from atestsuneillancesite, takenunderavarietyof condi-
tions[5], andarerathermoredemanding.They arepoorly
illuminatedandcontainonly two setsof smallmoving ob-
jects (rabbits). Dueto the low contrastthe thresholdob-
tained by the Normal distribution method retains mary
spuriousnoise points. The distribution comparisonand
correlationmethodsperformedpoorly (figure 3e-)), either
under or over-thresholdingexceptfor Spearmarscorrela-
tion coeficientwhich performedyuitewell. As before the
two spatialmethodsproducedyoodresults(figures3k&l).

8 Conclusions

Future work is requiredto perform more extensive
testing,and to incorporatesomequantitatve assessment.
However, from theresultsabove we canform someinitial
conclusions. First, the Normal model for approximating
thenoiseintensityin combinationwith thenoiseestimation
proceduravorksadequatelyalthoughtheresultstendedo
look speckly Onereasonfor this is that the methodper
formsthethresholdingon alocal pixel basis,in contrasto
mostof the othermethodswhich operateover windows or
regions. Thespecklecouldbereducecdkitherby modifying
the threshold,but more probablypost-processinguchas
erosionwould be simplerandmaorereliable.

Thetwo techniquesve consideredor comparingnten-
sity distributions, the Kolmogoros-Smirnos and Cramér
von Misestests,did not do well. A further disadantage
is that the resultsare fairly sensitve to the window size
which needsto be specifiedas an additional parameter
The correlation methodsfor comparingwindows, Pear
sonsrankcorrelationcoeficientandSpearmarsrankcor-
relation,alsoperformedooorly. TheKolmogoros-Smirnov
andPearsommethodsappearedo be particularlysensitve
to noise,especiallyin regionswith small dynamicranges
of intensities.

Most promising were the spatial methods. Both the
Poissomoisemodelandthe stableEuler numberreliably
gave goodresults which for all theimageseithermatched
or betteredhe Normalnoiseintensitymodelresults.How-
ever, furthertestsarenecessaryo determingherobustness
of the peakfinding andcornerfinding proceduresisedby
thetwo methods.
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