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Abstract

Two major limitations of real-timevisual SLAM algo-
rithmsare therestricted rangeof viewsoverwhich they can
operateandtheir lack of robustnesswhenfacedwith erratic
camera motionor severe visualocclusion.In this paperwe
describea visual SLAMalgorithmwhich addressesboth of
theseproblems.Thekey componentis a novel feature de-
scriptionmethodwhich is both fastandcapableof repeat-
able correspondencematching over a wide range of view-
ing anglesandscales.Thisis achievedin real-timebyusing
a SIFT-like spatialgradientdescriptorin conjunctionwith
ef�cient scalepredictionand exemplarbasedfeature rep-
resentation.Resultsare presentedillustrating robust real-
timeSLAMoperationwithin anof�ce environment.

1. Intr oduction

Signi�cant advanceshave beenmadein real-timeesti-
mationof the3-D poseof a moving camerausingvision in
uncalibratedenvironments.It requiressimultaneousestima-
tion of ascenemap,andis relatedto simultaneouslocalisa-
tion andmapping(SLAM) in robotics[3]. Applicationsare
in areassuch asWearableComputing,in which the cam-
era is either hand-heldor attachedto a user. This makes
it a challengingtask using vision alone. It is best tack-
led by stochastic�ltering, andpioneeringwork wasdone
by Davison[2], usingKalman�ltering andef�cient feature
matching.EadeandDrummond[4] recentlydemonstrated
a comparable systemusingthe FastSLAM algorithm[12].
Bothapproachesgive impressivereal-timeperformance,al-
beit over restrictedareaswith smoothmotionsandminimal
visualocclusion.

Unfortunately, theserestrictionsare a major stumbling
block to use in real applications. A central dif�culty is
the relianceon simple templatematchingfor featurecor-
respondencein orderto achieve real-timeoperation.Under
smoothmotions,�lter predictionsof featurelocations are

reliableandhencematchingambiguitycanbe minimised.
However, whenfacedwith erraticmotion, suchascamera
shake, or signi�cant occlusion,the lack of discrimination
leadsto mismatchand �lter instability. Similarly, as fea-
tures are viewed from wider angles,surroundingregions
deviate from the templatesandmatchingbecomesunreli-
able,again resultingin failure. Matchingambiguityis ad-
dressedto someextentby Pupilli andCalway [13] usinga
particle �lter , althoughthe approachlacksfull covariance.
Wideangledviewing canbeaccountedfor by warpingtem-
platesbasedonestimatedor assumedsurfacenormals,asin
[11, 4], but this haslimitationsandalsofails to addressthe
ambiguityproblem.Of course,recovery from trackingfail-
urecanalwaysbeachievedby relocalising thecamerausing
an auxiliary process,asdemonstratedin [15] for example,
but this needsto beput off for aslong aspossibleto avoid
repeatedre-initialisationandhencereducedperformance.

A moredesirableapproachis to seekgreater discrimina-
tion in featurematchingsoas to improve robustnesswhen
�lter uncertaintyincreases.Techniquessuch asthe Scale-
InvariantFeatureTransform(SIFT) [9] andmaximallysta-
ble regions[10], for example,havebeenshown to give reli-
ablefeaturematchingover a wide rangeof viewing angles
andscales.However thesemethodsweredesignedprimar-
ily for off-line matchingandobjectrecognition,andaimfor
full invarianceto compensatefor thelack of view informa-
tion. This makes them inef�cient for SLAM systems, in
which estimatesof camerapositionanddirectionareavail-
able.This is exploitedby Chekhlov et al. [1], who demon-
stratethat scalepredictionsfrom the SLAM �lt er can be
usedto increasetheef�ciency of featurematchingusingde-
scriptorssimilar to thatusedin theSIFT. Theresultingalgo-
rithm demonstratessigni�cant performancegainsover that
previouslyachieved,includingtheability to recoverSLAM
operationfollowing camerashakeandocclusion.What this
work failedto address,however, wastheissueof wideangle
viewing of features,andthis provesto bea limitation when
seekingto extendoperationover wider physicalareas.



In thispaperwetacklethisproblemby utilising anexem-
plar basedrepresentationof featureregions(corresponding
to af�ne transformationsof theinitialisationregion),which
when combinedwith the descriptorgives increasedwide
anglematching. However, it turns out that for real-time
operation,this canonly be achieved by adoptinga differ-
entscalepredictionstrategy to thatusedin [1]. This results
in analternative formulation andinitial resultssuggestthat
robustnessis signi�cantly increased.The paperis organ-
isedasfollows. In the next sectionwe brie�y outline the
SLAM system, followed by a detaileddescriptionof the
featurematchingprocess, which is the main contribution
of thepaper. Resultsarethenpresentedshowing successful
real-timeSLAM operationin anof� ceenvironment,includ-
ing withstandingcamerashake, occlusionandwide angled
viewing.

2. Visual SLAM UsingStochasticFiltering

Weuseastochastic�ltering framework in asimilarman-
ner to that in [2, 4, 1], basedaroundanunscentedKalman
�lter (UKF) [7], primarily for easeof implementation.The
systemhasthe usualpredictor-correctorstructureas illus-
tratedin Fig 1. As each video frameis processed,we aim
to estimatethe current3-D camera poseand update esti-
matesof the 3-D positionof scenepoints,all with respect
to a known world coordinateframe. The �lter statethere-
fore hasthe form x = (v ; z), wherev = (q; t ) encodes
thecameraposevia thequaternion q, representingtheori-
entation,andthe positionvectort , andz = (z1; : : : ; zM )
denotesthe3-D positionvectorsfor M scenepoints. Dur-
ing SLAM operation,thenumberof pointswill change,as
pointsareaddedto andremovedfrom themap,andthusthe
�lter statedimensionneedsto bevariable.

The �lt er requiresa processmodelandan observation
model[7], de�ning thestatedynamicsandthe relationship
betweenthe stateandmeasurementstaken from the video
frames. We assumea constantpositionmotion model for
thecamera,i.e. a randomwalk, which givesgreaterrobust-
nessto erratic motion [13], and we also assumethat the
sceneis rigid. This leadsto thefollowing processmodel

f (x ; n) = (t + n � ; � q(n ! ) 
 q; z) (1)

where n = (n � ; n ! ) is a 6-D noise vector, assumedto
be from N (0; Qn ), � q(n ! ) is the incrementalquaternion
correspondingto the Euler anglesde�ned by n ! , and 

denotesquaternionmultiplication. Note the non-additive
noisecomponentwithin thequaternionpart,which is nec-
essaryto giveanunbiaseddistribution in rotationspace[1].

The �lter observationsare assumedto be corruptedpo-
sitions of projectedscenepoints within the currentvideo
frame. For a given scenepoint, its projection corresponds
to a transformationinto the cameraco-ordinatesystem

prediction

measurement

update

3-D pose and map

Unscented
Kalman Filter

Figure 1. Stochastic �ltering for visual SLAM, illustrating
predictor-correctoroperationin whichmeasurementsfoundwithin
predictedsearchregionsareusedto updatecameraposeandscene
mapestimates.

followed by perspective projectiononto the imageplane.
Thus, for the mth point, this gives a 2-D image point
u(zm ; v ) = �( R(q)(zm � t )) , whereR(q) denotesthe
rotationmatrix correspondingto thenormalisedquaternion
q and�() denotesstandardpin-holeprojectionfor a cali-
bratedcamera.Theobservationmodelis thentheconcate-
nationof theprojectedpointswith additivenoise:

h(x; w) = (u(z1; v ) + w1; : : : ; u(zM ; v ) + wM ) (2)

wherethemultivariatenoisevectorw is from N (0; Rw ).
The�lter providessuccessiveestimatesof themean state

andits covariance.As illustratedin Fig. 1, an iterationin-
volvesgeneratinga meanandcovariancepredictionfor the
next statevia theprocessmodelin (1), collectingmeasure-
mentsof featurepositionsfrom thecurrentvideoframe,and
thenupdatingthemeanandcovariancesusingtheKalman
equationsbasedon theobservationmodelin (2). Both the
processandobservationmodelsarenon-linearandthuswe
requireanapproximation to theKF, henceouruseof theun-
scentedKF. Crucially, themeanandcovariancepredictions
from the �lter areusedto constrainthesearchfor features
as illustrated in Fig. 1. This utilises the global structure
built up within thescenemapandcanbe implementedus-
ing theunscentedtransform[7]. To minimisecomputation,
candidatefeaturepointswithin search regions,indicatedin
yellow in Fig. 1, aredetectedusingafastsalientpoint oper-
ator(weusethatproposedby RostenandDrummond[14]),
andthemostlikely featurepositionsarethenfoundby com-
parisonwith featuremeasurementstakenaroundeachscene
point at initialisation. This comparisonis critical for suc-
cessfuloperationof the �lter andit is themainconcernof
thispaper. Wereturnto it in thenext section.

Thereare,however, several additionalcomponentsthat
needto be in place for real-time SLAM operation. We
brie�y describethesehere;readersarereferredto [2, 4, 13]
for moredetails.To bootstrapthe�lter wepositionthecam-
eraparallel to a testpatternin the scene,with known fea-
turepoints,andthis setsthescalefactoraswell asprovid-
ing an initial mapwith which to begin tracking thecamera
pose.As thecameramovesaway from thetestpattern,new
scenepoints are initialised into the map concurrentwith



tracking. Potentialpoints areselectedfrom candidate2-D
salientpointsin unexploredregionsandtheir 3-D position
initialised using factoredsamplingalong the correspond-
ing projection ray in conjunction with featurematchingin
subsequentframes. As depth estimatesconverge, the new
pointsare incorporatedinto the map,althoughcareneeds
to be taken to ensurecorrect initialisation of covariances
[2, 1]. As trackingproceedsthe3-D positionestimatescon-
verge, henceenablingwider areaoperation. Pointswhich
fail to bematchedover successive framesareprunedfrom
themapin orderto minimisecomputation.Both theinitial-
isationof new pointsandthesubsequenttrackingof camera
posethereforedependscritically on successfulmatchingof
featuresacrossframesandit is on this thatwenow concen-
trate.

3. Robust FeatureMatching for Visual SLAM

Matching featuresacrosssuccessive video framesis a
challengingtask to achieve in real-time, especiallywhen
operatingin clutteredenvironmentsand over wide view-
ing angles,when perspective effects can become signi�-
cant. Templatematching,as usedin [2, 4], is an attrac-
tive option for SLAM since it minimisesimageprocess-
ing effort, which is essentialfor real-timeoperation.When
searchregionsaresmall,whichreducesthechancesof mis-
match,the approachcanbe effective, althoughasviewing
anglesincreasematchingwill becomeproblematic. Thelat-
ter can be addressedby warping templates,as in [11, 4]
for example,but this haslimitations. A greaterdif�culty
occurswhen the cameraposebecomesuncertain,due to
suddenerraticmotionor occlusionfor example,andsearch
regions correspondinglyincrease,resulting in widespread
mis-matchdueto thelackof discriminationinherentin tem-
platematchingandleadingto trackingfailure (anexample
of this is shown in Fig. 6). Greaterdiscriminationin feature
matchingis thereforerequiredif increasedrobustnessis to
beobtained.

3.1.ScalePrediction in FeatureMatching

Considerablework hasbeendonein developingrobust
featurematchingfor off-line systems,in applicationssuch
asobjectrecognition,andtechniquessuchastheSIFT de-
velopedby Lowe [9], have demonstratedhighly discrimi-
natematching. However, thesemethodsarevery general,
in thatthey assumethatno a priori informationis available
aboutcameraviews,andhenceattemptto build in suf�cient
invarianceto compensatefor this lack of prior knowledge.
The situationin a SLAM systemis different, in that esti-
matesof thecameraposeareavailable,andthustheuseof a
`full invariance'descriptor is wasteful.Instead,thecamera
poseestimatescanbe usedto reducethe needfor full in-
variancein thedescriptorandhenceminimisecomputation

and potentially increaserobustness.This is the approach
adoptedin [1], wherethe estimatesof camerapositionare
usedto predictthechangesin scalebetweenfeaturesin dif-
ferentframes.This in turn is usedto computespatialgradi-
entdescriptors,similar to thoseusedin theSIFT, at scales
whichcompensatefor thechangein cameraposition.

Thematchingalgorithmoperatesasfollows. Whenmap
pointsareinitialised,descriptorsarebuilt atmultiplescales.
This is a oneoff overhead which is doneconcurrentlywith
SLAM operation.In subsequentframes,descriptorsat po-
tential correspondingpointsaregeneratedat frameresolu-
tion andthe estimatedchangein camerapositionobtained
from the �lter is usedto predictwhich of the original de-
scriptorsthey shouldbecomparedwith. Theuncertaintyin
camerapositionasindicatedby theestimatedcovarianceis
also usedto de�ne a rangeof scaledescriptorson which
to basethecomparison.Thus,ascamerapositionbecomes
uncertain,therangeof descriptorstestedwidens,hencein-
creasingthelikelihoodof determiningacorrectmatch.This
is particularly signi�cant in relocatingthe camerashould
tracking be interrupted. Equally important is that when
tracking is consistent, thencomputationalef�ciency is in-
creasedby reducingthe rangeof potentialcandidatesthat
needto be tested. The resulting algorithm was shown to
give robustperformance,capableof recoveringSLAM op-
erationevenafterseverecamerashakeor totalvisualocclu-
sion.

3.2.Exemplar BasedFeatureMatching

A limitation of the above approachhowever is that the
spatialgradientdescriptorshave restrictedview anglein-
variance.As thecameramovesawayfrom wherepointsare
initialised andfeaturesareviewed from increasingangles,
matchingbecomeslessreliableandtrackingstability is re-
duced.It is this issuethatweaddressin thispaper. To doso,
we employ anexemplarapproachin which a given feature
point is representedby multiple descriptorscorresponding
to a setof af�ne transformationsof theregion surrounding
the point. The motivation hereis that we approximatethe
changein appearanceof a feature by anaf�ne transforma-
tionandthattheresultingsetof descriptorswill populatethe
areaof `descriptorspace'correspondingto differentview-
ing angles.A similarapproachto modellingchangesin fea-
tureappearancewasadoptedby LepetitandFua[8].

A dif�culty with thisapproach,however, is thatthenum-
berof descriptorsthatneedto begenerated at initialisation
becomeslargeif multiplescalesareusedasin [1]. To over-
comethis we employ analternative strategy to compensate
for scalechanges.At initialisation, descriptorsaregener-
atedfor af�ne transformationsof the region surroundinga
feature.In subsequentframes,descriptorsaregeneratedat
scalesdeterminedfrom the estimatesof cameraposition,
with descriptorsatmultiplescalesbeinggeneratedwhenthe
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Figure 2. Featurematching using spatial gradient descriptors,
af�ne exemplarsandscaleprediction.

cameraposition becomesuncertain. This is the reverseof
thestrategyadoptedin [1], in thatscaleisnow accountedfor
in the currentframeratherthanin the initialisationframe.
But in doingso,it freesup time at initialisationto generate
descriptorsfor thesetof af� newarps,andallows real-time
operation.

Figure2 illustratesthefeaturematchingalgorithm.Hav-
ing identi�ed a 2-D point for initialisation, we generatea
setof af�ne transformationsof thesurroundingregion. We
excludepure2-D rotationssincetheseareaccommodated
for by compensatingfor dominantorientationwhengener-
atingthedescriptors[9]. This leavesa3-D parameterisation
for the transformationsof the form A = R� 1

� SR� , where
R� denotesa 2-D rotationby angle� andS = diag[s1; s2]
de�nes the scalingalong eachdimension[8]. In the ex-
perimentswesampledthisparameterisationin orderto give
around60af�ne warpsperfeature.Spatialgradientdescrip-
tors,compromisingof setsof orientationhistograms[9], are
thengeneratedfor eachaf�ne `patch',giving thesetof de-
scriptorsd1 : : : dK . In theexperimentswe usedpatchsizes
of 22 � 22 and4 � 4 histograms,giving descriptorswith
128elements.

In order to matchthe samefeaturein later frames,de-
scriptorsat oneor morescalesaregeneratedaboutcandi-
datepoints. The scalesare determinedby the changein
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Figure3. Syntheticplanarsequencecomparisonbetweenthenew
methodandthatin [1] : (a)percentageof correctmatchesfor each
mappoint; (b) minimum descriptorerror over all featuresagainst
viewing angle.

camerapositionasindicatedby therelativechangein depth
from the3-D mappointconcerned(r 0 andr n in Fig.2). It is
importantto build in theuncertaintyin theestimatedparam-
etersfrom the �lte r to ensurerobust matching,especially
when tracking is interruptedand loss of position occurs.
This canbe doneef�ciently by usingthe unscented trans-
form to computecovariance valuesfor therelative depthof
featuresand usethis to determinea rangeof scalesover
which to computedescriptorsfor a given point in the cur-
rent frame. Thus, in Fig. 2 descriptors at two scales are
beinggeneratedfor eachcandidatepoint in framen. The
matchedpoint is thenselectedas that associatedwith the
descriptorhaving theminimumeuclideandistance,below a
given threshold,to one of the exemplardescriptorsgener-
atedat initialisation.

4. Results

We testedthe new algorithm by performingSLAM in
an of�ce environment using a calibratedhand-heldweb-
camwith a resolutionof 320� 240 pixels. Trackingwas
initialised with four known map points correspondingto
the cornersof a planarblack rectangleon a white back-
groundplacedin thescene.Performanceassessment com-
mencedonce the test pattern becameout of view. We
also comparedperformancewith featurematchingbased
on normalised correlation and the previous method in
[1]. For all experimentsSLAM operationwas in real-
time, typically around 20 fps with around 25 map fea-
tures. It should be noted, however, that our use of the
UKF is not optimal (it hascomplexity of order N 3) and
that speedup would be achieved when using either an
EKF or a fastSLAM implementation. Our interesthere
hasbeenin gaining more robust featurematchingwhilst
maintainingsimilar processingtime, rather than on opti-
misingoverall SLAM speed.Videoresultscanbefoundat
www.cs.bris.ac.uk/Rese arch/Vision/Realtime/ .



4.1.Performanceagainstview point changes

In the�rst experimentwecomparethematchingcapabil-
itiesof thenew algorithmwith thatin [1]. For thiswegener-
ateda syntheticsequenceconsistingof thecameramoving
in front of atexturemappedplanarsurface.Thecamerawas
rotatingabouta �x edorigin on theplane,enablingmatch-
ing performanceto be recordedagainstviewing angle. To
ensurefair comparison,the samefeaturepoints were ini-
tialised into the scenemap for both methods. Figure 3a
showsthepercentageof correctmatchesfor eachfeatureall
framesfor bothmethodsandfor thecasewhenonly asingle
descriptorwasgeneratedat initialisationin thenew method,
i.e. without exemplars. The latter is similar to the method
in [1] exceptthat thescalecompensationis reversed.Note
thatmatchingperformanceis signi�cantly betterwhenex-
emplarsareincluded. This is con� rmedin Fig. 3b, which
shows the bestmatchingdescriptorerror for eachfeature
against viewing angle. Whereaserrors begin to increase
signi�cantly at anglesaround40 degreesfor themethodin
[1], errorsremainlow up to around60 degreesfor thenew
method.

4.2.FeatureMatching Performance

We observed similar gains in performancewith live
SLAM operation. As an ill ustration,Fig. 4 shows views
through the camerawith projectedmap points superim-
posedfor thethreedifferentmethods.Theellipsesindicate
searchregionsderivedfrom the�lter , green(light grey) in-
dicatesa matchandred (darkgrey) indicatesa mis-match.
When the camerais positioned roughly fronto-parallelto
initialisedfeatures,asin the left column,all threemethods
give goodmatches.However, asthe camerapansaround,
it is only the new methodwith exemplarsthat can main-
tain goodmatchingperformance. This is con�rmed in Fig.
5awhich shows theaveragepercentageof matchesover all
framesfor the new method(red/darkline) andthe method
in [1], averagedover 20 runs. Thesigni�cant differenceis
betweenframes200 and 800, when therewas signi�cant
changesin viewing angle. Betweenframes900 and1500
therewereboutsof camerashake andocclusion(indicated
by suddendropsin matches)but viewing anglewassimilar
to thatat initialisationandsobothmethodsgivecomparable
performance.

To illustratethekey componentsof thenew method,Figs
5b and5c show the exemplarsselectedas the bestmatch
over all framesfor threefeaturesandthe changesin scale
compensationover all framesfor onefeature,respectively.
Notethewiderangeof exemplarsused,indicatingthecom-
pensationfor viewing angle,andthechangesin scalerange,
particularlyduringboutsof shakeandocclusion.In thelat-
ter, the blue andgreen lines indicatethe upperand lower
levelsof thescalerange.Figure5d shows processingtimes

Figure4. Feature matchingperformanceduringSLAM, compari-
sonbetweenthenew methodandthat in [1] : (top) new method;
(middle)new methodwithoutexemplars;(bottom)methodin [1].

per framefor onerun in which 26 featuresweremapped,
with steadystate operationat around17-20fps. As noted
ealier, we would anticipatethat increasedframeratewould
beachievedusinganEKF implementation.

4.3.Erratic Motion and Occlusion

In the �nal experimentswe illustratedthe ability of the
new method to recover following boutsof camerashake
andvisual occlusion. As notedearlier, robustnessto such
unpredictablecameramotion is essentialif visual SLAM
algorithmsare to be used in real applicationsand this as-
pectof performanceis one of themainmotivationsfor the
work describedhere. It is also worth emphasisingthat it
is clearly unrealisticto aim to maintaintracking during all
formsof erraticmotion; suf�ciently severechangesin cam-
eraposition,especiallywhencombinedwith visual occlu-
sion, canalways breakSLAM operation. However, if re-
peatedre-initialisationandhencereducedperformanceis to
beavoided,thensuf�cient robustnessneedsto bebuilt in to
withstandthetypesof erraticmovementthatmayoccurdur-
ing `normaluse'in realapplications.This includesadegree
of camerashake, temporaryocclusionandperhapscombi-
nationsof thetwo. Thealgorithmpresentedheredoesman-
ageto recoverfrom suchepisodes,asillustratedin Figures6
and7. In theformerwehavecomparedperformancewith a
standardvisual SLAM algorithmusingtemplatematching
in the form of normalisedcorrelation,similar to that used
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Figure5. FeaturematchingperformanceduringSLAM. (a)-(c)Comparisonbetweenthenew methodandthatin [1]: (a)averagepercentage
of matchesfor both methodsover all frames;(b) bestmatchingwarp for threefeaturesover all framesfor new method; (c) variationin
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Figure6. Performancecomparisonof thenew method(bottomtwo rows) with thatbasedon normalisedcrosscorrelationmatching(top
two rows). Notethesuccessfulrecovery of thenew methodfollowing camerashakeandthefailureof thecorrelationsystem.

in [2]. The �g uresshow both the view throughthe cam-
erawith projectedmappointsandassociatedsearchregions
andanexternal3-D view showing theestimatedcamerapo-
sition, its trajectoryandtheassociatedpositioncovariance,
indicatedby anellipsoid.

In Fig. 6 the framesshow SLAM operationbeforedur-
ing andafter fairly severecamerashake. Themainthing to
noteis that thetemplatematchingapproach(top two rows)
failscompletelyaftertheshake,whilst thenew methodsuc-
cessfullyrecovers. Notealsothatduring shake thecovari-

anceestimateobtainedin the new methodincreasessig-
ni�cantly, resulting in large searchregions, and that the
descriptorsenable successfulmatchingover suchregions
whenshaking ceases.In contrast,the covarianceestimate
in the templatematchingversiondoesnot grow so much
dueto falsematchesobtained,dueto the lack of discrimi-
nation,which further preventsrelocationonceshakinghas
ceased.A particularlyimpressive exampleis shown in Fig.
7, wheresevere visual occlusionis combinedwith move-
ment of the camerato a different viewing point. Despite



Figure7. Framesillustrating theperformanceof thenew methodduringSLAM operationshowing recovery from severevisualocclusion
duringwhich thecameraundergoesa largechangein position.

this the new methodsuccessfullyrecovers. The template
matchingmethodfailedcompletelyin thisexample.

5. Conclusions

We have presented a new method for visual SLAM
which demonstratesimproved performanceover existing
methods.Theuseof af�ne exemplarscombinedwith scale
prediction and featuredescriptiongives robust matching,
even allowing recovery of operationfollowing signi�cant
camerashake andvisualocclusion. Thedemonstratedim-
provementin matchingcapability over that in [1] would
suggestthat this new approach is to be preferred.Current
work is focusedonimproving thewideareaoperationof the
system,particularlyin featuremanagement,andwe aim to
extendthemethodinto areassuchasthekidnappedcamera
problem.
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