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Abstract

This paper introducesa novel colour-basedaf�ne co-
variantregiondetector. Our algorithmis anextensionof the
maximallystableextremalregion(MSER)to colour. Theex-
tensionto colour is donebylookingat successivetime-steps
of an agglomerative clusteringof image pixels. The se-
lectionof time-stepsis stabilisedagainstintensityscalings
and image blur by modellingthedistribution of edge mag-
nitudes. Thealgorithm containsa novel edge signi�cance
measure basedon aPoissonimage noise model,which we
showperformsbetter than the commonlyusedEuclidean
distance. We compare our algorithmto theoriginal MSER
detectoranda competingcolour-basedblob feature detec-
tor, andshowthrough arepeatabilitytestthat our detector
performsbetter. We also extendthe stateof the art in fea-
ture repeatabilitytests,by using scenesconsistingof two
planeswhere oneis piecewisetransparent. Thisnew testis
able to evaluatehow stablea feature is againstchanging
backgrounds.

1. Intr oduction

In recentyearsthere has appearedmany vision algo-
rithms, that use local covariant featuredetectionand de-
scription [1, 5, 7, 8, 9, 10, 14, 15]. Suchmethodsallow
fast3D objectrecognitionfrom single imagesin cluttered
environments,underpartialocclusion.They arealsoappli-
cableto the relatedproblemsof view-matching,andwide-
baselinestereo.

Fromanabstractpointof view, all suchsystemswork in
threesteps.They startwith adetectionstepthatdetectsref-
erenceframesin animage.Theseframesarecovariantwith
imagechangesundereithera similarity transform(transla-
tion, scale,androtation)[7, 15], or anaf�ne transform(also
includesskew anddifferentscalingsof axes)[5, 8, 10, 14].
This is followedby a descriptionstep, wherea local image
patchis sampledin the referenceframe,and convertedto
a descriptorvectorthat canbe comparedwith a setof ref-
erencedescriptorsin the �nal matching step. This allows

thesystemto �nd a sparsesetof correspondencesbetween
sceneandmemory(3D objectrecognition),or betweentwo
viewsof ascene(view-matchingandwide-baselinestereo).
Figure1 shows 428 suchcorrespondencesfound between
two views,usingthedetectorproposedin thispaper.

Figure 1. View correspondence.Left to right: Frontal view of
scene,frontal view with 428correspondingfeaturespaintedin (as
whiteellipses),40� view with correspondingfeaturespaintedin.

Even thoughmostcamerasthesedaysusecolour, most
covariant featuredetectorshave beenbased on grey-scale
images.In thedescriptorstephowever, theuseof colourhas
beencommon[8, 14, 16]. The reasonwhy colour hasnot
beenusedin thedetectionstepis that it normally increases
thecomputationalloadthreetimes,but unlesscareis taken,
theperformanceimprovementis negligible.

We have found threeprior attemptsat colour basedde-
tectionof localcovariantfeatures.CorsoandHager[1] �nd
extremain DoGresponsesde�ned from threelinearprojec-
tions of the RGB space.They alsocomputesuchextrema
on two varianceimagescomputedwith �x edwindow sizes
(thus non-scaleinvariant). The detectedregions are rep-
resented asimage-axis-alignedellipses, and they are thus
only scale(x andy) andtranslationinvariant. Their detec-
tor givesa lower repeatabilitythanthe thegrey-scaleSIFT
detector[7] in their own experiments[1] (unlessthey halve
the aspectratio). UnnikrishnanandHerbert[15] test two
illuminant invariantscalarfunctions,oneinvariant to inde-
pendentscalingsof theRGB channels,and oneinvariantto
a full 3 � 3 perturbationof theRGB space.They proceed
by detectingscaleandrotationinvariantLoG points. They
�nd that theversiononly invariantto independentscalings
of theRGBchannelsperformsbestunderrotationandscale
changes,andmoreimportantlyit performsbetterthanLoG



on a plain grey-scaleimage. They do not evaluatetheir
detectorunderview changes.Forsśen andMoe [5] detect
af�ne covariant regions by approximatingregions from a
scale-spacesegmentationalgorithm as ellipses. We have
downloadedtheir algorithmimplementation[17] andcom-
pareit with oursin theexperimentsection.

Weproposeanextensionof thepopularMSERcovariant
region detector[8] to colour. The original MSER detector
�nds regions that are stableover a wide rangeof thresh-
oldings of a grey-scaleimage. We insteaddetectregions
that arestableacrossa rangeof time-stepsin an agglom-
erative clusteringof imagepixels,basedon proximity and
similarity in colour. In additionto extendingtheMSERal-
gorithmto non-scalarfunctions,thealgorithmcontainstwo
importanttheoreticalcontributions:First,wederive anovel
colouredgesigni�cancemeasurefrom thePoissonstatistics
of pixel values.Second,we introducea way to stabilisethe
selectionof clusteringtime-stepsagainst intensity scaling
andimageblur.

In theexperimentsection,weconductarepeatabilitytest
to demonstratethatourdetectorimprovesover theintensity
basedMSERalgorithm[8], andthecolourbasedblob fea-
ture detector[5]. We alsoshow that our detector is actu-
ally fasterthanmost intensitybaseddetectors(not MSER
though).We alsoshow thebene�tsof usingour novel edge
signi�cancemeasure,andof changingtheamountof spatial
neighboursconsideredin theagglomerativeclustering.

2. Maximally StableRegions

The conceptof maximally stableregions (MSR) was
originally de�ned in [8], by consideringthesetof all possi-
ble thresholdingsof a intensityimage,I , to abinaryimage,
E t :

E t (x) =

(
1 if I (x) � t
0 otherwise.

(1)

A maximallystableextremalregion (MSER)is thena con-
nectedregion in E t with little size changeacrossseveral
thresholdings.An evolution thatsuccessively increasesthe
thresholdt in (1) detectsonly darkregions(calledMSER+),
bright regions(calledMSER-)areobtainedby invertingthe
intensity image. The numberof thresholdsfor which the
region is stableis calledthemargin of theregion. Figure2,
left, shows the outputof the MSER detectorwhena mini-
mummargin of 7 hasbeenchosen.Wehavechosento show
theapproximatingellipsesof theregionsinsteadof theac-
tual regions,in orderto betterillustratethat theregionsare
oftennested.

A straightforward way to detect more regions with
MSER,if a colour imageis available,is to run thedetector
on thegrey-scaleimage,andon red-greenandyellow-blue
channels,as was donewith DoG in [1]. This will cause
someduplicate detections. We remove duplicatesin the

Figure2. Comparisonof MSER andMSCRs. Ellipsesshow ap-
proximatingellipsesfor regions. Left: White is MSER+, Black
is MSER-, in total 34 regions. Right: MSCR output, in total 42
regions.

addedchannelsif the region centroid distanceis below 4
pixels,andtheareasdiffer by lessthan10%. We will refer
to thismethodasMSER3.

MSER hasearlierbeenextendedto colour for tracking
by Roth et al. [13]. Their approachrequiresas input an
RGB-spaceGaussianmodel of the objectto be tracked,
andconsequentlyit doesnotdobottomupfeaturedetection
(whichwedo).

2.1.Agglomerativeclustering

To extendtheMSR conceptto colourimages,we de�ne
an evolution processover the imageI : 
 7! R3, where

 = [1: : : L ] � [1 : : : M ] � Z2 is thesetof all imageposi-
tions. This processsuccessively clustersneighbouringpix-
elswith similarcolours.Wewill considertwo setsof neigh-
bouringrelations,onewith horizontalandverticalrelations,
and onewhichalsoincludesdiagonalrelations:

N1 = f (x; y ) 2 
 2 : y = x + (0
1) _ y = x + (1

0)g : (2)

N2 = N1 [ f (x ; y ) 2 
 2 : y = x + (1
1) _ y = x + ( � 1

1 )g :
(3)

The positions,x, y , andthe colour distance(de�ned in
section2.2) arestoredin a list. For an L � M imagethe
lengthof this list becomeseitherjN 1j = 2LM � L � M
or jN 2j = 6LM � 3L � 3M + 2. Suchneighbourdis-
tancesaresometimescalledcrack edges[11] to emphasise
thattheoutputactuallycorrespondstoapositionin-between
the pixels. Note that the diagonal edgesin N2 shouldbe
normalisedby 1=

p
2 to compensatefor their larger spatial

distance.
For eachtime stept 2 [0: : : T ], the evolution is a map

E t : 
 7! N of labels. Eachuniquelabel de�nes a con-
tiguousregion R � 
 . Any two positionsx; y 2 R are
connectedby a pathof distanceswhich areall smallerthan
dthr(t). Thedesignof thefunctiondthr(t) is thetopicof sec-
tion 2.3. Figure3 shows a sampleof evolutionsE t of the
imagein �gure 2.

The label imageE t is the generalisationof the thresh-
oldedimages(1) in theMSERalgorithm. The label image
E0 is all zeroes,andE t +1 is constructedfrom E t by assign-
ing new regionsto all pairsof pixelswith adistancesmaller



Figure3. Illustrationof evolution usedin colourMSERdetector.
Left to right, top to bottom: dthr = 0:0065, 0:011, 0:023, 0:038.
Eachregion is paintedin adifferent,randomcolour.

Figure4. Imagevarianceasfunctionof intensity. Left: Meanim-
ageof 100 identicalframes.Right: Variancefrom meanasfunc-
tion of intensityfor thethreecolourbands.

thandthr(t). Alternatively, if oneof the pixels in the pair
alreadybelongsto a region, the non-assignedpixel is ap-
pendedto the region, and if both pixels belongto regions
thecorrespondingregionsaremerged.

2.2.Edgesigni�cance

Most digital camerasin usetodayhave sensorsthat es-
sentiallycount the numberof photons,n, falling onto the
detectorover a period of time. This implies that the im-
agenoiseshouldfollow the discretePoissondistribution.
For high valuesof n, a goodcontinuousapproximationis
a Gaussianwith meanandvarianceequalto the expected
intensity [3]. This is easilyveri�ed by the simpleexperi-
mentreproducedin �gure 4. Herethe varianceasa func-
tion of intensityhasbeenestimatedfrom 100 framesof a
static scene. As can be seen,the varianceis indeedlin-
ear in the expectedintensity. This motivatesus to model
the measuredintensity, I , given the expectedintensity � ,
asp(I j� ) = g(�;

p
a� ), wherea is the camera gain that

convertsthephotoncountto a pixel value,andg(�; � ) is a
Gaussianwith mean� andvariance� 2. As canbeseenin
�gure 4, thecamerawhite balancehasresultedin different
gain factorsfor thethreecolourbands.

In ordertoderive ameasureof edgesigni�cance,wenow

Figure5.Edgesigni�cancePDF. Left: Inputimage,Centre:Image
blurredwith a Gaussian(� = 1:2). Right: PDFsfor theedgesig-
ni�cance measure.Solid curve is thePDFfor theoriginal image,
dashedcurve is thePDFafterGaussianblur.

considertheprobability thata pixel locationx hasa larger
meanthanits neighboury :

P(� (x) > � (y )) =
Z 1

0
g(t; � ; � )dt

= 1 � �( � �=� ) = �( �=� ) ; (4)

where� is theCDFof thestandardisednormaldistribution,
and� = � (x) � � (y ) and� =

p
a(� (x) + � (y )) . Since�

is monotonic,theabsolutevalue oftheargumentof � gives
usanorderingof edgesaccordingto statisticalsigni�cance:

d = j�=� j = j� (x) � � (y )j=
p

a(� (x) + � (y )) : (5)

Assumingthat the threecolour bandsareindependent,we
shouldmultiply theirPDFs,andthis insteadgivesus:

d2 =
3X

k=1

(� k (x) � � k (y ))2

ak (� k (x) + � k (y ))
: (6)

Whenwe do not have accessto the gains,we cansimply
setak = 1. We alsohave to replaceeachmean� k (x) with
its maximumlikelihoodestimategivenoneimage,i.e., the
pixel valueI k (x). Thismeasureis sometimesreferredto as
theChi-squareddistance. To demonstratethat(6) is indeed
animprovement,wewill compareit with theEuclideandis-
tance

d2 =
3X

k=1

(I k (x) � I k (y ))2 ; (7)

in theexperimentsection.

2.3.Distrib ution of EdgeSigni�cance Magnitudes

Thedistributionof theedgesigni�cancemeasure(6) be-
tweenneighbouringpixelsin anRGBimageis farfrom uni-
form. Due to the high degreeof spatialcorrelationin an
imagewe tendto have many smallvalues,andincreasingly
fewer largeones.Figure5 shows anestimatedprobability
densityfunction (PDF) of (6) for an image,andalsohow
thePDFis affectedby applyingGaussianblur to theimage.
The Euclideandistance(7) follows a similar, but slightly
morejaggeddistribution.

If we were to linearly increasethe threshold dthr with
the time-step,we would end up with an imageevolution
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Figure6. Left: EmpiricalCDFsandtheapproximating X 2
3 CDFs

on a logarithmicscale.Solid curve is empiricaldistanceCDF for
the original image,dashedcurve is distanceCDF after Gaussian
blur. Thin curvesareapproximatingX 2

3 CDFs. Right: The re-
sultantnumberof edgesprocessedafter eachtime step. Dotted
straight lineis desiredcurve.

wherechangesarevery fastin the beginning,andveryslow
at the endof the evolution. In order for the imageevolu-
tion toprogressatasimilar ratefor differenttimestepsin a
givenimage,we shouldinsteadchangethedistancethresh-
old accordingto the inverseof the cumulativedistribution
function (CDF), c(x) = P(d < x). This will also have
thebene�t of stabilisingtheevolutionunderimageblur and
contrastchanges.In orderto stabilisetheevolutionwith re-
spectto smallimagecontentchanges,weshouldnotusethe
exactinverse oftheCDF, but aregularisedversion.If weas-
sumethat the normaliseddifferencebetweentwo pixels is
Gaussian,the edgesigni�cance measure(6) will follow a
scaledChi-squareddistribution [3]. For grey-scaleimages
weshoulduseX 2

1 , andfor colourimagesX 2
3 :

c1(x) = erf(
p

x=� ) and (8)

c3(x) = �

r
4x
��

e� x=� + erf(
p

x=� ) : (9)

For X 2
1 , we have � = �= 2 andfor X 2

3 , � = 3�= 2, where�
is themean,which we canestimateby thesampleaverage.
Figure6, left, shows the estimateddistanceCDFs for the
blurredandnon-blurredimagesin �gure 5.

Note that gradientmagnitudes,i.e. (7), have previously
beenshown to follow theWeibull distribution [6]. We set-
tled for theX 2

1 andX 2
3 distributionshere,sincethey gave a

goodenough�t, andareeasierto estimate.
After estimationof themean,evolution thresholdscanbe

computedasdthr(t) = c� 1(t=T) for t 2 [0; T]. For speed,
we storevaluesof c� 1 in a lookup table. The numberof
time-stepsT is heuristicallyset to T = 200. In �gure 6,
right, we plot the actualnumberof edgesprocessedafter
eachevolution time-step.This shouldideally bea straight
line, andas canbe seenwe comereasonablyclose. One
could also imaginesorting the distancesandpicking L �
M =T new edgesin eachtime-step. This turns out to be
a badidea,sincesuchan approachwould inevitably cause
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Figure7. Evolution for a singlepixel. Left: Thepixel is indicated
by a cross.Centre:Region areaasfunctionof distancethreshold.
Right: Detail of regionareafunction.

someedgeswith the samedistanceto be split acrosstwo
time-steps.

2.4.DetectingStableRegions

An alternative illustration of region evolution is shown
in �gure 7. Heretheareaof theregion to which a selected
pixel belongsis plottedasa functionof thecurrentmerger
thresholddthr. As canbe seenin this plot, the areafunc-
tion hasplateausof little or no areachange,andit is these
plateauswewantto detectasstableregions.

For eachregion in thelabelimagethealgorithmremem-
berstheareaa� anddistancethresholdd� at which the re-
gion appeared.Whenever the areaincreasesmore than a
given percentagebetweentwo time steps(i.e., at +1 =at >
athr), a� andd� are re-initialised. Typical value is athr =
1:01. For eachnew time-stepthe algorithmcomputesthe
slope,s, of thecurvebetweend� anddt :

s =
at � a�

dt � d�
: (10)

If s is the best (i.e., smallest) since the previous re-
initialisation,theregion is stored,possiblyreplacinganear-
lier region. For stability reasons,wealsoavoid choosingthe
�rst distanceastheoptimal.Themargin of theregion is set
to thedistancebetweentheinitialisationpointandpointbe-
forethenext initialisationpoint, i.e., m = dy � d� . For each
region, now representedby a binarymaskv : 
 7! f 0; 1g,
wealsocomputeandstoretheraw moments� k ;l upto order
2, andthecolourmoments� of order0:

� k ;l (v) =
X

x

X

y

xk yl v(x; y) and (11)

� (v) =
X

x

X

y

I (x; y)v(x; y) : (12)

Althoughtheabove is thede�nition of themoments,no in-
tegration is requiredin practise. All momentscanbe up-
datedincrementally, asnew pixels join a region, or two re-
gionsmerge. Sincethemomentsarelinearfunctionsof the
regionmaskv, a regionmergersimply meansanaddition:

v = v1 + v2 )

(
� k ;l (v) = � k ;l (v1) + � k ;l (v2) ;
� (v) = � (v1) + � (v2) :

(13)



From the raw momentswe then computethe region area
a, centroidm, inertiamatrix C, andaveragecolourp, see
e.g.[11]. Thesemeasuresde�ne an approximatingellipse
for thedetectedregionas:

R(m; C) = f x : (x � m)T C � 1(x � m) � 4g: (14)

2.5.Restricting the Number of Regions

Theabovedescribedprocedureproducesahugenumber
of regions,which areprunedby requiringthat the margin,
m = dy � d� is above agiven thresholdm > mmin (typ-
ically set to 0:003). After this procedure,we arestill left
with somesmallunstableregionsin texturedareas.Wedeal
with this simply by alsorequiringthat the areais above a
thresholda > amin (typically setto 60). Finally we require
that the minor axis of the approximatingellipse is larger
than 1:5 pixels. This last constraintremoves regions that
arevery long andnarrow, sincesuchregionstendto appear
moreoftenwhenalignedto theimagegrid, andthis makes
themhighly unstable.The outputof the maximallystable
colour region (MSCR)algorithmafterpruningis shown in
�gure 2, right. Comparethis to the output of the MSER
detectorin � gure2, left. We canobserve that the MSER
detectorsometimescombinesobjectandshadow, while this
is lessoftenthecasefor MSCR.

2.6.Impr oving the DistanceComputation

Thedistancemeasurementsthatcontrol theevolution of
the image(6) area very crudeform of measurement,po-
tentially sensitive to imagenoise. We have tried two ways
of improving thedistancecomputation:Image smoothing.
Hereeachcolourbandof the input imageis blurredwith a
Gaussian�lter , asis commonin many segmentationalgo-
rithms,seee.g. [4]. Edgesmoothing. Hereeachof thefour
edgedirections(see(2) and(3)) aretreatedasedgeimages,
andeachisseparatelysmoothed.Thesetwoapproacheswill
becomparedin a repeatabilitytestin section3.4.

We let the standarddeviation of the Gaussian�lter be
speci�edby thesideof thespatialsupport,as� =

p
N=5,

e.g., for a 5 � 5 �lter we get � = 1:0. This will make the
Gaussianssimilar to binomial�lters of thesamesize.

NotethatimagesmoothingcompressesthedistancePDF
(see�gure 5). This is also the casefor edgesmoothing.
This implies that the margin threshold,mmin (seesection
2.5) shouldbeloweredaccordingly.

2.7.PerformanceIssues

To speedup re-labelingafter region mergers, we incre-
mentally maintaintheboundingboxes oftheactiveregions.
Evenbetterperformancecouldprobablybeobtainedby us-
ing theunion/�nd algorithm[2]. Table1 givesaveragecom-
putationtime (of 10 runs)for the �rst 800� 640 imagein

the'Graf�ti' testseton a 3GHzPentium4 CPU.Thegrey-
scalemethodsaredownloadedat [18]. Theblob detectoris
downloadedat [17]. As canbe seenin table1, our detec-
tor is signi�cantly fasterthantheothercolourbaseddetec-
tor, andalsofasterthanall grey-scalebasedmethodsexcept
MSER.

grey-scalemethod computationtime (seconds)
MSER 0.26
Harrisaf�ne 2.63
Hessianaf�ne 3.50
IBR 13.5
EBR 144.9

colourmethod computationtime (seconds)
MSCR(N2)+edgeblur 1.67
MSCR(N1)+edgeblur 1.01
Blob detector 4.95

Table1. Averagecomputationtimeson 'Graf�ti1' image.

3. Repeatability Test

In orderto demonstratethestabilityof thedevelopedfea-
ture,we make useof theaf�ne covariantfeatureevaluation
softwareavailableat [18]. Thissoftwarecomparesdetected
featuresin two viewsof ascenethatdiffer by aknown view
change(ahomography), andcheckswhethercorresponding
featuresareextractedin bothviews. It wasusedin a recent
performanceevaluationof af�ne covariantregion detectors
[10], wherethe original MSER detectorcomparedwell to
theotherdetectorsin all of thesequences,andwasactually
the winner in several of them. For clarity of presentation,
we will thusonly includetheMSERcurvesfrom [10], and
asktheinterestedreaderto look up theresultsfor otherde-
tectors.We wil l show repeatabilitygraphsof thefollowing
methods:

1. MSERdetector, downloadedat [18]

2. MSER3detector, seesection2.

3. Blob detector, downloadedat [17]

4. MSCRwith edgesmoothing(N = 7, mmin = 0:0015).

Seesection2.6 for detailson MSCR smoothing.The im-
agesin thetestsetsareavailableonthewebat [18], seealso
�gure 1 for anillustrationof the view changeexperiment.

3.1.Repeatability Measure

The repeatabilitymeasureusedis basedon the overlap
errorof theellipses� a and� b in view 1 and2 respectively:

� o(� a ; � b) = 1 �
jR (� a) \ R(H T � bH )j

jR (� a) [ R(H T � bH )j
: (15)



Figure8. Repeatabilityratesandnumberof correspondencesfor
viewpoint change.Top row shows repeatabilityrates,andbottom
row shows numberof correspondences.Left columnis 'Graf�ti'
sequence,right columnis 'Wall' sequence.

HereH is thegroundtruthhomography thattransformsfea-
turesbetweenthe two views, \ and[ areset(i.e., region)
intersectionandunion respectively, j � j is theareaof a re-
gion,andR(� ) is thesetof imagepositionsenclosedby the
ellipse:

R(� ) = f x : (x � m)T C � 1(x � m) � 4g with (16)

� =
1
4

�
C � 1 � C � 1m

� m T C � 1 m T C � 1m � 4

�
: (17)

Here m and C are the centroid and inertia matrix of
the region. Two regions are countedas correspondingif
� o < 40%, and the repeatabilityscoreis computedas the
ratio betweenthe numberof region-to-region correspon-
dencesandthesmallerof thenumberof regionsin thepair
of images. Only regions locatedin the part of the scene
presentin bothimagesareconsidered[10].

3.2.Sequences

The�rst two sequences(called'Graf�ti' and'Wall') test
stability acrossview-point change.Figure8 shows the re-
peatabilityratesandnumberof correspondencesfound for
thedifferentmethods.

The following two sequences(called 'Bik es' and
'Trees') teststability acrossde-focusblur. Figure9 shows
the repeatability rates and number of correspondences
foundfor thedifferentmethods.

As canbeseen,theMSCRdetectorhasa betterrepeata-
bility than MSER in sequences'Wall' and 'Bi kes', they
tie in 'Trees', and the MSER detectordoesbetter in the
'Graf�ti' sequence.The MSER3 methodaddsmore cor-
respondencesto MSER,but therepeatabilityis notaffected
(it improves in two sequences,but degradesin two). The

Figure9. Repeatabilityratesandnumberof correspondencesfor
de-focusblur. Top row shows repeatabilityrates,andbottomrow
shows numberof correspondences.Left column is 'Bik es' se-
quence,right columnis 'Trees'sequence.

MSCRdetectoralsogivesmorecorrespondences,exceptin
the'Trees'sequence.We canalsoseethat theothercolour
baseddetector, theBlob featuredetector, doessigni�cantly
worse. With the exceptionfor the ' Graf�ti' sequence,we
do consistentlybetter. The reasonfor this is probablythat
theBlob featuredetectoris basedon a segmentation.Thus,
whenever thechoiceariseswhetherto mergetwo regionsor
not, the algorithmhasto choose.The MSER andMSCR
algorithms,on theotherhand,will outputbothalternatives.

Four more sequencesare available at [18]. Thesetest
stability acrosszoom+rotation,shutterchanges,andJPEG
compression.They arenot includedherefor lack of space.
Theresultsfor thosesequencesaresimilar, with theexcep-
tion for theJPEGartifacts,which theMSCRalgorithmap-
pearsto bemoresensitive to thantheothermethods.

3.3.Two layer scenes

The repeatabilitytestsperformedby Mikolajczyk et al.
[10] arequite usefulfor comparingdetectorsthat areused
to matchplanar, andnearplanarscenes.However, the test
doesnotrevealhow sensitive adetectoris to backgroundin-
terference.A low backgroundinterferenceis importantfor
3D scenematching,andrecognitionof non-planarobjects.
Sincewesuspectthattheuseof colourwouldhelpdiscrim-
inateforegroundfrom background,we will now extendthe
repeatabilitytestto two layerscenes,see�gure 10.

Wegenerateatwo layerscene,by controlledblendingof
thetwo scenes' Graf�ti' and'Wall', whichareavailableon-
line at [18]. First,wegenerateanopacitymaskfor thefore-
groundlayer, startingfrom a 100� 75 imagecomposedof
uniformly distributedrandomnumbersin range[0; 1]. This
imageis �rst blurredwith a Gaussiankernel,with � = 2:4,



Figure10.Generationof a two layerscenewith groundtruth.

Figure11.Repeatabilityratesandnumberof correspondencesfor
viewpoint changeon two-layer scene. Top row shows number
of correspondencesin backgroundandforegroundlayersrespec-
tively. Bottomrow shows repeatabilityandtotal numberof corre-
spondences.

and then up-sampledto the resolutionof the foreground
layer, and �nally thresholdedsuchthat 25% of the pixels
areones.For all imagesexceptthe�rst one,we thentrans-
form the maskusingthe groundtruth homography for the
foregroundlayer, andblur it with a Gaussianwith � = 1:0,
see�gure 10. Finally we blendeachof thecolourbandsin
thetwo layersusingaweightedsum:

mk (x) = (1� mask(x))L 1;k (x)+ mask(x)L 2;k (x) : (18)

Figure 11 shows the repeatabilityratesand numberof
correspondencesfor the two-layer sceneshown in �gure

Figure 12. Discriminationplots for repeatability. Eachpoint is
the result of two repeatabilitytestson the sameimagepair, the
vertical axis hasthe optimal featureenabled,and the horizontal
hasthefeaturedisabledor replacedwith acompetingfeature.Left
to right: edgemeasure,neighbourset,imageblur, andnoblur.

10. The total repeatabilityhasbeencomputedasthe sum
of correspondencesfor the two layers, divided by mini-
mum of the numberof featuresin the overlappingregions
of thetwo images.It is interesting to comparetheseresults
to the sequencesin �gure 8, sincethe two-layer sceneis
composedof thesesequences.We can seethat the num-
berof correspondencesfor MSCRrelative to MSERisnow
signi�cantly higher, it is now alsoconsistentlyhigherthan
for theMSER3method.We canalsoseethat the thefore-
groundlayergivesalmostasmany correspondencesasthe
'Graf�ti' sequence.This is probablybecausethe opacity
maskactually createsmany regions in the foregroundby
cutting up large regions of uniform colour. To conclude,
thesegraphsshow thatMSCRgivesa smallbut signi�cant
improvementin repeatability, andincreasesthe numberof
correspondencesby morethan50%comparedto MSER.

3.4.MSCR variants

We have tried a number of different variants of the
MSCR algorithm, andherewe comparetheseto the edge
blur method.In �gure 12 we show discriminative repeata-
bility graphsfor thefollowing cases:

1. edgemeasure(6) vs. (7)
2. neighboursetN2 vs. N1

3. edgeblur vs. imageblur.
4. edgeblur vs.noblur

Eachpoint in �gure 12 correspondsto oneof the20 im-
agepairsfrom thefour sequencesin section3.2. As canbe
seen,mostpointsareabove thediagonal,andthusthecho-
senalgorithmvarianthasaconsistentlyhigherrepeatability
thanthe othervariants.We canalsoseethat the choiceof
blur is the mostcrucial improvement,while the useof N1

insteadof N2 canberecommendedfor speed,seetable1.

3.4.1 EdgeSigni�cance Measure

The two edge signi�cance measures(6) and (7) differ
slightly in which regions they allow the detectorto �nd.
Thesedifferencesarebestvisible in imageswith bothdark
regionsandhighlights,asin �gure 13. Herewe have used
a margin thresholdof m = 0:0015 with (7), which gave
611 regions. For (6) we then picked a thresholdsuchthat



Figure13. Comparisonof Euclideanandnormalisedcolour dis-
tances.Top row: detectedblobsoverlaid on a gamma-corrected
input image.Bottomrow: Detectedregions(usinga nongamma-
correctedinput) paintedwith their averagecolours.Left column:
Euclideandistances,Right column:Normaliseddistances.

611regionswerealsodetected.Thusthis �gure shouldgive
an idea ofin which order regionsareranked with the two
measures.As canbeseenin the �gure, theEuclideandis-
tancemeasuretendsto generatemoreregionsin highlight
areas,while thenormaliseddistancegivesmoreregionsin
theshadows.

4. Discussion

In this paperwe have implementedandtesteda colour
basedfeature detector, and comparedit with the corre-
spondingintensity-baseddetector, anda competingcolour
baseddetector. We have shown thatour methodhasbetter
repeatabilityin mostscenes,andconsistentlygivesahigher
numberof correspondences(morethana 50% increasein
thetwo layerscene),while still beingfasterthanmostgrey-
scalebaseddetectors.We have alsodesigneda novel re-
peatabilitytestthatevaluatesadetector'sability to separate
foregroundandbackground.In �gure 2 wehavealsohinted
at anotherpossibleadvantagewith the useof colour: bet-
terseparationbetweenobjectandshadow. An evaluationof
thiseffectwill howeverrequireatestschemebasedonafull
3D scene,suchastheonein [12].

Althoughwe have chosento describetheMSCRfeature
detectoras a detectorfor �nding af�ne-covariant regions,
its useshouldnotbelimited to de�ning theaf�ne framefor
local imagedescriptors[9, 10]. As canbegatheredfrom the
illustrationin �gure 13, many scenesareactuallyrecognis-
ablein theblob representation,indicatingthat thedetector
outputcouldactuallybeusedasit is, perhapsasoneof the
featuresin aperceptionsystemof a robot.
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