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Abstract

This paper introducesa novel colour-basedafne co-
variantregiondetector Our algorithmis anextensiorof the
maximallystableextremalregion (MSER)}to colour. Theex-
tensionto colouris donebylookingat successivéme-steps
of an agylomeative clustering of image pixels. The se-
lection of time-stepss stabilisedagainstintensityscalings
and imaye blur by modellingthe distribution of edge mag-
nitudes. Thealgorithm containsa novel edge signi cance
measue basedon a Poissonimage noise model,which we
show performsbetter than the commonlyusedEuclidean
distance We compae our algorithmto the original MSER
detectorand a competingcolour-basedblob feature detec-
tor, and showthrough arepeatabilitytestthat our detector
performsbetter We also extendthe stateof the art in fea-
ture repeatabilitytests, by using scenesconsistingof two
planeswhere oneis piecavisetranspaent. Thisnew testis
able to evaluatehow stablea feature is against changing
badgrounds.

1. Intr oduction

In recentyearsthere has appearedmary vision algo-
rithms, that uselocal covariant feature detectionand de-
scription[1, 5, 7, 8, 9, 10, 14, 15]. Suchmethodsallow
fast3D objectrecognitionfrom singleimagesin cluttered
ervironments,underpartialocclusion.They arealsoappli-
cableto the relatedproblemsof view-matching,andwide-
baselinestereo.

Fromanabstracpoint of view, all suchsystemsawvork in
threesteps.They startwith adetectionstepthatdetectgef-
erencdramesin animage.Theseramesarecovariantwith
imagechangesundereithera similarity transform(transla-
tion, scale androtation)[7, 15], or anaf ne transform(also
includesskew anddifferentscalingsof axes)[5, 8, 10, 14].
Thisis followed by a descriptionstep wherealocalimage
patchis sampledin the referenceframe, and cowertedto
a descriptorvectorthat canbe comparedwith a setof ref-
erencedescriptorsan the nal matding step This allows

thesystemto nd asparsesetof correspondencdsetween
sceneandmemory(3D objectrecognition),or betweertwo
views of ascengview-matchingandwide-baselinestereo).
Figure 1 shaws 428 suchcorrespondence®und between
two views, usingthe detectomproposedn this paper
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Figure 1. View correspondenceleft to right: Frontal view of
scenefrontal view with 428 correspondindeaturesaintedin (as
white ellipses) 40 view with correspondindeaturegaintedin.

Eventhoughmostcameraghesedaysusecolour, most
covariant featuredetectorshave beenbasd on grey-scale
images.In thedescriptoistephowever, theuseof colourhas
beencommon[8, 14, 16]. Thereasonwhy colour hasnot
beenusedin the detectionstepis thatit normallyincreases
thecomputationaloadthreetimes,but unlesscareis taken,
the performancemprovementis negligible.

We have found threeprior attemptsat colour basedde-
tectionof local covariantfeatures CorsoandHager[{1] nd
extremain DoG responsede ned from threelinear projec-
tions of the RGB space.They alsocomputesuchextrema
on two varianceimagescomputedwith x edwindow sizes
(thus non-scaleinvariant). The detectedregions are rep-
resented agmage-axis-aligneallipses, andthey arethus
only scale(x andy) andtranslationinvariant. Their detec-
tor givesa lower repeatabilitythanthe thegrey-scaleSIFT
detector{ 7] in their own experimentd 1] (unlessthey halve
the aspectratio). UnnikrishnanandHerbert[15] testtwo
illuminant invariantscalarfunctions,oneinvariant to inde-
pendenscalingsof the RGB channelsand ondnvariantto
afull 3 3 perturbationof the RGB space.They proceed
by detectingscaleandrotationinvariantLoG points. They

nd thatthe versiononly invariantto independenscalings
of theRGB channelgerformsbestunderrotationandscale
changesandmoreimportantlyit performsbetterthanLoG



on a plain grey-scaleimage. They do not evaluatetheir
detectorunderview changes.Fors€n and Moe [5] detect
afne covariantregions by approximatingregions from a
scale-spacseggmentationalgorithm as ellipses. We have
downloadedtheir algorithmimplementatior{ 1 7] andcom-
pareit with oursin the experimentsection.

We proposeanextensionof the popularMSER covariant
region detector[8] to colour The original MSER detector
nds regionsthat are stableover a wide rangeof thresh-
oldings of a grey-scaleimage. We insteaddetectregions
that are stableacrossa rangeof time-stepsn an agglom-
eratie clusteringof imagepixels, basedon proximity and
similarity in colour. In additionto extendingthe MSER al-
gorithmto non-scalafunctions,thealgorithmcontainswo
importanttheoreticakontributions: First, we derive anowel
colouredgesigni cancemeasurdrom thePoissorstatistics
of pixel values.Secondwe introducea way to stabilisethe
selectionof clusteringtime-stepsagainstintensity scaling
andimageblur.

In theexperimentsectionwe conductarepeatabilitytest
to demonstratéhatour detectoimprovesover theintensity
basedMSER algorithm[8], andthe colourbasedblob fea-
ture detector[5]. We alsoshaw that our detector is actu-
ally fasterthan mostintensity baseddetectorgnot MSER
though).We alsoshaw thebene tsof usingour novel edge
signi cancemeasureandof changingheamountof spatial
neighbourgonsideredn theagglomeratie clustering.

2. Maximally StableRegions

The conceptof maximally stableregions (MSR) was
originally de nedin [8], by consideringhe setof all possi-
ble thresholding®f aintensityimage,| , to abinaryimage,
E::

1 ifI(x) t
0 otherwise.

Ei(x) = 1)
A maximally stableextremalregion (MSER)is thenacon-
nectedregion in E; with little size changeacrossseveral
thresholdings An evolution thatsuccessiely increaseshe
threshold in (1) detectonly darkregions(calledMSER+),
brightregions(calledMSER-)areobtainedby invertingthe
intensityimage. The numberof thresholdsfor which the
regionis stableis calledthe margin of theregion. Figure2,
left, shaws the outputof the MSER detectorwhena mini-
mummaugin of 7 hasbeenchosenWe have choserto shav
the approximatingellipsesof the regionsinsteadof the ac-
tual regions,in orderto betterillustratethattheregionsare
oftennested.

A straightforvard way to detect more regions with
MSER,if acolourimageis available,is to run the detector
on the grey-scaleimage,andon red-greerandyellow-blue
channels,aswas donewith DoG in [1]. This will cause
someduplicae detections. We remaove duplicatesin the
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Figure2. Comparisorof MSER and MSCRs. Ellipsesshowv ap-
proximatingellipsesfor regions. Left: White is MSER+, Black
is MSER-, in total 34 regions. Right: MSCR output, in total 42
regions.

addedchannelsf the region centroid distances below 4
pixels,andthe areadiffer by lessthan10% We will refer
to this methodasMSER3.

MSER hasearlierbeenextendedto colour for tracking
by Roth et al. [13]. Their approachrequiresasinput an
RGB-spaceGaussianmodel of the objectto be tracked,
andconsequentljt doesnotdo bottomup featuredetection
(which we do).

2.1.Agglomerative clustering

To extendthe MSR conceptto colourimageswe de ne
an evolution processover theimagel : 7! R®, where

= [1:::L] [1:::M] Z2isthesetof all imageposi-
tions. This processuccessiely clustersneighbouringpix-
elswith similar colours.Wewill considettwo setsof neigh-
bouringrelations,onewith horizontalandverticalrelations,
and onewhich alsoincludesdiagonalrelations:

Ni=f(y)2 2ry=x+@)_y=x+@g:
Ni[ fOGy)2 2y =x+(D_y=x+ (e
3)

The positions,x, y, andthe colour distance(de ned in
section2.?2) arestoredin alist. ForanL M imagethe
length of this list becomeseitherjN 1j = 2LM L M
or jN,j = 6LM 3L  3M + 2. Suchneighbourdis-
tancesaresometimesalledcradk edges[11] to emphasise
thattheoutputactuallycorrespond#o apositionin-between
the pixels. Note H1atthe diagoral edgesin N, shouldbe
normalisedby 1= 2 to compensatéor their larger spatial
distance.

For eachtime stept 2 [0:::T], theevolutionis a map
E: : 7! N of labels. Eachuniquelabel de nes a con-
tiguousregion R . Any two positionsx;y 2 R are
connectedy a pathof distancesvhich areall smallerthan
dinr(t). Thedesignof thefunctiondy,(t) is thetopic of sec-
tion 2.3 Figure 3 shavs a sampleof evolutionsE; of the
imagein gure 2.

The labelimageE; is the generalisatiorof the thresh-
oldedimages(1) in the MSER algorithm. The labelimage
E isall zeroesandE,.; is constructedrom E; by assign-
ing new regionsto all pairsof pixelswith adistancesmaller

N2=



Figure3. lllustration of evolution usedin colour MSER detector
Left to right, top to bottom: di,r = 0:0065, 0:011, 0:023, 0:038.
Eachregionis paintedin a different,randomcolour.

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

thandy,(t). Alternatively, if oneof the pixelsin the pair
alreadybelongsto a region, the non-assignegbixel is ap-
pendedto the region, andif both pixels belongto regions
thecorrespondingegionsaremeiged.

2.2.Edgesigni cance

Most digital camerasn usetoday have sensorghat es-
sentially countthe numberof photons,n, falling onto the
detectorover a period of time. This implies that the im-
age noiseshouldfollow the discretePoissondistribution.
For high valuesof n, a good continuousapproximationis
a Gaussianwith meanand varianceequalto the expected
intensity[3]. This is easilyveri ed by the simple experi-
mentreproducedn gure 4. Herethe varianceasa func-
tion of intensity hasbeenestimatedrom 100 framesof a
static scene. As can be seen,the varianceis indeedlin-
earin the expectedintensity This motivatesus to model
the measuredntensity |, given the expectedintensity
asp(lj ) = o(; " a), wherea is the camen gain that
convertsthe photoncountto a pixel value,andg(; )isa
Gaussiarwith mean andvariance 2. As canbeseenin
gure 4, the camerawhite balancehasresultedin different
gain factorsfor thethreecolourbands.

In orderto derive ameasuref edgesigni cance,wenow
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Figure5. Edgesigni cancePDF. Left: Inputimage,Centre:Image
blurredwith a Gaussian{ = 1:2). Right: PDFsfor the edgesig-

ni cance measureSolid curwe is the PDFfor the original image,
dashecturve is the PDF after Gaussiarblur.

considerthe probability thata pixel locationx hasa larger
meanthanits neighboury :
z 1

oit, ; )at

0
=)=(0=) 4

=1 (
where istheCDF of thestangardisedormaldistribution,
and = (x) (y)and = a( (x)+ (y)).Since
is monotonic theabsolutevalue oftheargumentof  gives
usanorderingof edgesaccordingo statisticalsigni cance:

W= & F ;6

Assumingthatthe threecolour bandsareindependentye
shouldmultiply their PDFs,andthis insteadgivesus:

PC()> (¥)

d=j= i=j ()

Xk wy)? .

o= ;
eer &)+ k(y))

(6)

Whenwe do not have accesdo the gains, we cansimply
setay = 1. We alsohave to replaceeachmean (x) with

its maximumlik elihoodestimategivenoneimage,i.e., the
pixel valuel  (x). Thismeasuras sometimeseferredto as
the Chi-squaeddistance To demonstrat¢hat(6) is indeed
animprovementwewill comparet with the Euclideandis-
tance

2:>@ 2.
d () (YD @)

k=1
in the experimentsection.

2.3.Distrib ution of Edge Signi cance Magnitudes

Thedistribution of theedgesigni cancemeasurg6) be-
tweenneighbouringpixelsin anRGBimageis farfrom uni-
form. Due to the high degreeof spatialcorrelationin an
imagewe tendto have mary smallvalues,andincreasingly
fewer large ones. Figure 5 shawvs an estimatedorobability
densityfunction (PDF) of (6) for animage,andalsohow
the PDFis affectedby applyingGaussiarblur to theimage.
The Euclideandistance(7) follows a similar, but slightly
morejaggeddistribution.

If we wereto linearly increasethe threshotl dy,, with
the time-step,we would end up with an image evolution
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Figure6. Left: Empirical CDFsandthe approximaing X2 CDFs
on alogarithmicscale.Solid curve is empiricaldistanceCDF for
the original image,dashedcurve is distanceCDF after Gaussian
blur. Thin curvesare approximatingX? CDFs. Right: The re-
sultantnumberof edgesprocessedfter eachtime step. Dotted
straight lineis desiredcune.

wherechangesreveryfastin the baginning,andvery slow

at the end of the evolution. In orderfor the imageevolu-

tion to progressat a similar ratefor differenttime stepsin a
givenimage,we shouldinsteadchangehe distancehresh-
old accordingto the inverseof the cumulativedistribution

function (CDF), c¢(x) = P(d < x). This will alsohave

thebene t of stabilisingthe evolution underimageblur and
contrastthangeslin orderto stabilisethe evolution with re-

spectto smallimagecontentchangesywe shouldnotusethe
exactinverse ofthe CDF, butaregularisedversion.If weas-
sumethat the normaliseddifferencebetweentwo pixels is

Gaussianthe edgesigni cance measurg6) will follow a
scaledChi-squaredlistribution [3]. For grey-scaleimages
we shoulduseX ?, andfor colourimagesX 2:

ci(x) = erf(p x= ) and (8)
"X p
)= e +erf( x=): (9
For X2, wehave = =2andfor X2, = 3=2, where

is the mean,which we canestimateby the sampleaverage.
Figure 6, left, shavs the estimateddistanceCDFsfor the
blurredandnon-blurredmagesin gure 5.

Note that gradientmagnitudesi.e. (7), have previously
beenshawn to follow the Weibull distribution [6]. We set-
tled for the X2 andX 2 distributionshere,sincethey gave a
goodenought, andareeasierto estimate.

After estimatiorof themean evolution threshold€anbe
computedasdy(t) = ¢ 1(t=T) fort 2 [0; T]. For speed,
we storevaluesof ¢ ! in a lookup table. The numberof
time-stepsT is heuristicallysetto T = 200 In gure 6,
right, we plot the actualnumberof edgesprocessedfter
eachevolution time-step. This shouldideally be a straight
line, and as can be seenwe comereasonablyclose. One
could alsoimaginesorting the distancesand picking L
M =T new edgesin eachtime-step. This turnsout to be
a badidea,since suchan approachvould inevitably cause
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Figure7. Evolution for asinglepixel. Left: The pixel is indicated
by a cross.Centre:Region areaasfunction of distancethreshold.
Right: Detail of region areafunction.

someedgeswith the samedistanceto be split acrosstwo
time-steps.

2.4.Detecting Stable Regions

An alternatve illustration of region evolution is shavn
in gure 7. Herethe areaof the region to which a selected
pixel belongsis plottedasa function of the currentmeiger
thresholddy,,. As canbe seenin this plot, the areafunc-
tion hasplateausof little or no areachangeandit is these
plateausve wantto detectasstableregions.

For eachregionin thelabelimagethe algorithmremem-
berstheareaa anddistancethresholdd atwhichthere-
gion appeared.Whenever the areaincreasesnorethana
given percentagdetweentwo time steps(i.e., a;+1 =& >
amnr), @ andd arere-initialised. Typical valueis ag, =
1:01. For eachnew time-stepthe algorithm computeshe
slope,s, of thecurve betweerd anddk:

at a

s= 4 d (20)
If s is the best (i.e,, smallest)since the previous re-
initialisation,theregionis stored possiblyreplacinganear
lier region. For stability reasonswe alsoavoid choosinghe
rst distanceasthe optimal. Themargin of theregionis set
to the distancebetweertheinitialisation pointandpoint be-
forethenext initialisationpoint,i.e., m = dy, d . Foreach
region, now representethy abinarymaskv : 7! f 0; 1g,
we alsocomputeandstoretheraw moments .| upto order
2, andthe colourmoments of orderO:

ki(V) = x¥y'v(x;y) and (11)

X

(V) =

Xy

L Y)V(X Y) (12)

Althoughtheabove is thede nition of themomentsnoin-
tegrationis requiredin practise. All momentscan be up-
datedincrementallyasnew pixelsjoin aregion, or two re-
gionsmege. Sincethe momentsarelinearfunctionsof the
region maskv, aregion meigersimply meansanaddition:

ki(V) + kr(v2);
(Vi) + (v2):

ki (V) =

(v) =

Vvvi+ vy )

(13)



From the raw momentswe then computethe region area
a, centroidm, inertiamatrix C, andaveragecolourp, see
e.g.[11]. Thesemeasuresle ne anapproximatingellipse
for thedetectedegion as:

R(m:C)=fx:(x m)TC Yx m) 4g: (14)

2.5.Restricting the Number of Regions

Theabove describedrocedurgproducesa hugenumber
of regions, which are prunedby requiringthat the mamgin,
m = dy d isabove agiventhresholdm > mm, (typ-
ically se to 0:003). After this procedurewe arestill left
with somesmallunstableegionsin texturedareas We deal
with this simply by alsorequiringthat the areais above a
thresholda > ani, (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 andnarrawv, sincesuchregionstendto appear
moreoftenwhenalignedto theimagegrid, andthis makes
themhighly unstable. The outputof the maximallystable
colour region (MSCR) algorithmafter pruningis shovn in
gure 2, right. Comparethis to the output of the MSER
detectorin gure 2, left. We canobsenre thatthe MSER
detectorsometimesombinesobjectandshadaev, while this
is lessoftenthe casefor MSCR.

2.6.1mpr oving the DistanceComputation

Thedistancemeasurementhatcontrolthe evolution of
the image(6) area very crudeform of measurementpo-
tentially sensitve to imagenoise. We have tried two ways
of improving the distancecomputationimage smoothing
Here eachcolourbandof theinputimageis blurredwith a
Gaussianlter, asis commonin many segmentationalgo-
rithms,seee.g. [4]. Edgesmoothing Hereeachof thefour
edgedirections(see(2) and(3)) aretreatedasedgeimages,
andeachis separatelgmoothedThesewo approachewill
becomparedn arepeatabilitytestin section3.4.

We let the standarddeviation of the Gaussianbteﬂe
speci ed by the sideof the spatialsupportas = N=5,
eg., fora5 5 lter weget = 1:0. Thiswill make the
Gaussiansimilarto binomial Iters of thesamesize.

Notethatimagesmoothingcompressethedistancd?DF
(see gure 5). This is alsothe casefor edgesmoothing.
This implies that the mamgin threshold,m;, (seesection
2.5) shouldbeloweredaccordingly

2.7.Performancelssues

To speedup re-labelingafter region meigers we incre-
mentally maintairthe boundingboxes oftheactive regions.
Evenbetterperformanceouldprobablybe obtainedby us-
ing theunion/ nd algorithm[2]. Tablel givesaveragecom-
putationtime (of 10 runs)for the rst 800 640imagein

the'Graf ti' testsetona3GHzPentium4 CPU.Thegrey-
scalemethodsaredowvnloadedat[18]. Theblob detectolis
downloadedat [17]. As canbe seenin table 1, our detec-
tor is signi cantly fasterthanthe othercolourbaseddetec-
tor, andalsofasterthanall grey-scalebasednethodsexcept
MSER.

grey-scalemethod computatiortime (seconds)

MSER 0.26
Harrisaf ne 2.63
Hessiaraf ne 3.50
IBR 13.5
EBR 144.9

colourmethod computatiortime (seconds)

MSCR(N)+edgeblur | 1.67
MSCR(N1)+edgeblur | 1.01
Blob detector 4.95

Tablel. Averagecomputatiortimeson'Graf til' image.

3. Repeatability Test

In orderto demonstrat¢éhestability of thedevelopedfea-
ture,we make useof theafne covariantfeatureevaluation
softwareavailableat[18]. Thissoftwarecomparesietected
featuredn two views of ascenehatdiffer by aknown view
changgahomograpki), andcheckswhethercorresponding
featuresareextractedin bothviews. It wasusedin arecent
performancevaluationof af ne covariantregion detectors
[10], wherethe original MSER detectorcomparedwell to
the otherdetectorsn all of the sequencesndwasactually
the winnerin several of them. For clarity of presentation,
we will thusonly includethe MSER curvesfrom [10], and
asktheinterestedeaderto look up theresultsfor otherde-
tectors.We will shav repeatabilitygraphsof the following
methods:

1. MSERdetectordowvnloadedat[15]

2. MSER3detectoyseesection2.

3. Blob detectordownloadedat[17]

4. MSCRwith edgesmoothingN = 7, mpip = 0:0015.

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

3.1.Repeatability Measure

The repeatabilitymeasurausedis basedon the overlap
errorof theellipses , and 4, in view 1 and2 respectiely:

R(a)\ R(HT bH)j .

ol as =1 - -
(i o) R(a)[ R(HT pH)j

(15)




Figure 8. Repeatabilityratesand numberof correspondencefer
viewpoint change.Top row shows repeatabilityrates,andbottom
row shavs numberof correspondenced.eft columnis 'Graf ti'
sequenceright columnis 'Wall' sequence.

HereH is thegroundtruthhomograph thattransformdea-
turesbetweenthe two views,\ and[ areset(i.e., region)
intersectionandunionrespectiely, j j is theareaof are-
gion,andR ( ) isthesetof imagepositionsenclosedy the
ellipse:

R()=fx:(x m)TC Y(x m) 4g with (16)
1 c!? C 'm
"4 m'C! m'™C m 4 (7)

Here m and C are the centroid and inertia matrix of

the region. Two regions are countedas correspondingf

o < 40%, andthe repeatabilityscoreis computedasthe
ratio betweenthe numberof region-to-region correspon-
dencesaandthe smallerof the numberof regionsin the pair

of images. Only regions locatedin the part of the scene
presenin bothimagesareconsidered10].

3.2.Sequences

The rst two sequencegcalled'Graf ti' and'Wall') test
stability acrossview-point change.Figure 8 shows the re-
peatabilityratesand numberof correspondencdsund for
thedifferentmethods.

The following two sequences(called 'Bikes' and
"Trees')teststability acrossde-focusblur. Figure9 shavs

the repeatability rates and number of correspondences

foundfor the differentmethods.

As canbeseenthe MSCRdetectohasa betterrepeata-
bility than MSER in sequencedWall' and 'Bikes', they
tie in 'Trees', and the MSER detectordoesbetterin the
‘Graf ti* sequence.The MSER3 methodaddsmore cor-
respondence® MSER, but therepeatabilityis not affected
(it improvesin two sequenceshut degradesin two). The

Figure 9. Repeatabilityratesand numberof correspondencesr
de-focusblur. Top row shaws repeatabilityrates,andbottomrow
shavs numberof correspondencesLeft columnis 'Bik es' se-
quenceright columnis 'Trees'sequence.

MSCRdetectoralsogivesmorecorrespondencesxceptin
the'Trees'sequenceWe canalsoseethatthe othercolour
baseddetectorthe Blob featuredetectoy doessigni cantly
worse. With the exceptionfor the'Grafti’ sequencewe
do consistentlybetter The reasonfor this is probablythat
the Blob featuredetectoris basedn a sgmentation. Thus,
wheneerthechoiceariseswhetherto meigetwo regionsor
not, the algorithmhasto choose. The MSER and MSCR
algorithms,ontheotherhand,will outputbothalternatves.
Four more sequencesire available at [18]. Thesetest
stability acrosszoom-+rotation shutterchangesand JPEG
compressionThey arenotincludedherefor lack of space.
Theresultsfor thosesequencearesimilar, with the excep-
tion for the JPEGartifacts,which the MSCR algorithmap-
peargo be moresensitve to thanthe othermethods.

3.3.Two layer scenes

The repeatabilitytestsperformedby Mikolajczyk et al.
[10] arequite usefulfor comparingdetectorghat areused
to matchplanar andnearplanarscenes However, the test
doesnotrevealhow sensitve adetectoiis to backgroundn-
terference A low backgroundnterferencds importantfor
3D scenematching,andrecognitionof non-planarobjects.
Sincewe suspecthattheuseof colourwould helpdiscrim-
inateforegroundfrom backgroundyve will now extendthe
repeatabilitytestto two layerscenessee gure 10.

We generatea two layersceneby controlledblendingof
thetwo scenesGrafti' and'Wall', which areavailableon-
line at[18]. First,we generatenopacitymaskfor thefore-
groundlayer, startingfrom a100 75imagecomposeaf
uniformly distributedrandomnumbersn range[0; 1]. This
imageis rst blurredwith a Gaussiarkernel,with = 2:4,



Figure10. Generatiorof atwo layerscenewith groundtruth.

Figurell. Repeatabilityratesandnumberof correspondencesr

viewpoint changeon two-layer scene. Top row shavs number
of correspondences 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 homograpk for the
foregroundlayer, andblur it with a Gaussiarwith = 1:0,
see gure 10. Finally we blendeachof the colourbandsin
thetwo layersusinga weightedsum:

M (X) = (L maskx))L1.x(X)+ maskx)L ok (x): (18)

Figure 11 shaws the repeatabilityratesand numberof
correspondencefr the two-layer sceneshavn in gure

Figure 12. Discrimination plots for repeatability Eachpoint is
the result of two repeatabilitytestson the sameimage pair, the
vertical axis hasthe optimal featureenabled,and the horizontal
hasthefeaturedisabledor replacedwvith acompetingeature.Left
to right: edgemeasureneighbourset,imageblur, andno blur.

10. The total repeatabilityhasbeencomputedasthe sum
of correspondencefor the two layers, divided by mini-

mum of the numberof featuresin the overlappingregions
of thetwo images.It is intereging to comparetheseresults
to the sequencein gure 8, sincethe two-layer sceneis

composedf thesesequencesWe can seethat the num-
berof correspondencdsr MSCRrelatve to MSERis now

signi cantly higher it is now alsoconsistentlyhigherthan
for the MSER3method. We canalsoseethatthe thefore-
groundlayer givesalmostasmary correspondencessthe
'‘Graf ti' sequence.This is probablybecausdhe opacity
maskactually createsmary regionsin the foreground by

cutting up large regions of uniform colour To conclude,
thesegraphsshav thatMSCR givesa small but signi cant

improvementin repeatability andincreaseshe numberof

correspondencdsy morethan50% comparedo MSER.

3.4.MSCR variants

We have tried a number of different variants of the
MSCR agorithm, and herewe comparetheseto the edge
blur method.In gure 12 we shav discriminatve repeata-
bility graphsfor thefollowing cases:

1. edgemeasurd6) vs.(7)
2. neighboursetN; vs. Nj
3. edgeblur vs.imageblur.
4. edgeblur vs.noblur

Eachpointin gure 12 corresponds$o oneof the 20im-
agepairsfrom thefour sequencem section3.2. As canbe
seenmostpointsareabore the diagonal,andthusthe cho-
senalgorithmvarianthasa consistentlyjhigherrepeatability
thanthe othervariants. We canalsoseethat the choiceof
blur is the mostcrucialimprovement,while the useof N,
insteadof N, canberecommendetbr speedseetablel.

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 mamgin thresholdof m = 0:0015with (7), which gave
611 regions. For (6) we then picled a thresholdsuchthat



Figure 13. Comparisonof Euclideanand normalisedcolour dis-
tances. Top row: detectedblobsoverlaid on a gamma-corrected
inputimage.Bottomrow: Detectedregions(usinga nongamma-
correctednput) paintedwith their averagecolours. Left column:
EuclideandistancesRight column: Normaliseddistances.

611regionswerealsodetectedThusthis gure shouldgive
anidea ofin which order regionsareranked with the two
measuresAs canbe seenin the gure, the Euclideandis-
tancemeasurdendsto generatamoreregionsin highlight
areaswhile the normaliseddistancegivesmoreregionsin
theshadavs.

4. Discussion

In this paperwe have implementedandtesteda colour
basedfeature detectoy and comparedit with the corre-
spondingintensity-basedetectoy anda competingcolour
baseddetector We have shavn that our methodhasbetter
repeatabilityin mostscenesandconsistentlygivesahigher
numberof correspondencegnore thana 50% increasein
thetwo layerscene)while still beingfasterthanmostgrey-
scalebaseddetectors. We have also designeda nowel re-
peatabilitytestthatevaluatesa detectors ability to separate
foregroundandbackgroundin gure 2 we have alsohinted
at anotherpossibleadwvantagewith the useof colour: bet-
terseparatiorbetweerobjectandshadav. An evaluationof
thiseffectwill howeverrequireatestscheméasednafull
3D scenesuchastheonein [12].

Althoughwe have choserto describehe MSCRfeature
detectoras a detectorfor nding af ne-covariantregions,
its useshouldnotbelimited to de ning theafne framefor
localimagedescriptorg9, 10]. As canbegatheredrom the
illustrationin gure 13, mary scenesreactuallyrecognis-
ablein the blob representatiorindicatingthat the detector
outputcouldactuallybe usedasit is, perhapsasoneof the
featuresn aperceptiorsystemof arobot.
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