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Abstract

Two major limitations of real-time visual SLAM algo-
rithmsaretherestrictal range of viewsover which they can
opefateandtheir lack of robustnessvhenfacedwith erratic
camer motionor severe visualocclusion.In this paperwe
describea visual SLAMalgorithmwhich addressesoth of
theseproblems. The key components a novel feature de-
scription methodwhich is both fastand capableof repeat-
able corresppndenceamatding over a wide range of view-
ing anglesandscales.Thisis achievedin real-timeby using
a SIFT-like spatial gradientdescriptorin conjunctionwith
efcient scalepredictionand exemplarbasedfeature rep-
resentation.Resultsare presentedllustrating robust real-
time SLAMopeiation within an of ce ervironment.

1. Intr oduction

Signi cant adwanceshave beenmadein real-time esti-
mationof the 3-D poseof a moving camerausingvision in
uncalibratecervironments.It requiressimultaneougstima-
tion of ascenamap,andis relatedto simultaneouocalisa-
tion andmapping(SLAM) in robotics[3]. Applicationsare
in areassud asWearableComputing,in which the cam-
erais either hand-heldor attachedto a user This makes
it a challengingtask using vision alone. It is besttack-
led by stochasticltering, and pioneeringwork was done
by Davison[2], usingKalman ltering andef cient feature
matching. Eadeand Drummond[4] recentlydemonstrated
a comparake systemusingthe FastSLAM algorithm[12].
Bothapproachegive impressive real-timeperformanceal-
beitover restrictedareasvith smoothmotionsandminimal
visualocclusion.

Unfortunately theserestrictionsare a major stumbling
block to usein real applications. A central dif culty is
the relianceon simple templatematchingfor featurecor-
respondencen orderto achieve real-timeoperation.Under
smoothmotions, Iter preditions of featurelocaions are
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reliable and hencematchingambiguity can be minimised.
However, whenfacedwith erratic motion, suchascamera
shale, or signi cant occlusion,the lack of discrimination
leadsto mismatchand lter instability. Similarly, asfea-
tures are viewed from wider angles,surroundingregions
deviate from the templatesand matchingbecomesunreli-
able,agnin resultingin failure. Matchingambiguityis ad-
dressedo someextent by Pupilli andCalway [13] usinga
particle Iter , althoughthe approachacksfull covariance.
Wide angledviewing canbeaccountedor by warpingtem-
platesbasedn estimatedr assumedurfacenormals asin
[11, 4], but this haslimitations andalsofails to addresghe
ambiguityproblem.Of course recovery from trackingfail-
urecanalwaysheachiezedby relocalisirg thecamerausing
an auxiliary processasdemonstratedh [15] for example,
but this needgto be put off for aslong aspossibleto avoid
repeatede-initialisationandhencereducedperformance.

A moredesirableapproachis to seekgreate discrimina-
tion in featurematchingso as to improve robustnessvhen
Iter uncertaintyincreases.Techniquessuch asthe Scale-
InvariantFeature Transform(SIFT) [9] andmaximally sta-
ble regions[10], for example,have beenshowvn to give reli-
ablefeaturematchingover a wide rangeof viewing angles
andscales.However thesemethodsweredesignedorimar
ily for off-line matchingandobjectrecognition andaim for
full invarianceto compersatefor the lack of view informa-
tion. This makestheminefcient for SLAM systemsin
which estimate®f cameragpositionanddirectionareavail-
able. Thisis exploited by Chekhlov etal. [1], who demon-
stratethat scalepredictionsfrom the SLAM It er canbe
usedto increasdheef ciency of featurematchingusingde-
scriptorssimilarto thatusedn the SIFT. Theresultingalgo-
rithm demonstreessigni cant performancegainsover that
previously achieved,includingthe ability to recorer SLAM
operationfollowing camerashale andocclusion.Wha this
work failedto addresshowever, wasthe issueof wideangle
viewing of featuresandthis provesto beallimitation when
seekingto extendoperationover wider physicalareas.



In this papemwetacklethis problemby utilising anexem-
plar basedepresentationf featureregions(corresponding
to af ne transformation®f theinitialisationregion), which
when combinedwith the descriptorgives increasedwide
angle matching. However, it turns out that for real-time
operation,this canonly be achiezed by adoptinga differ-
entscalepredictionstratgy to thatusedin [1]. Thisresults
in analternatve formulaion andinitial resultssuggesthat
robustnesss 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 Resultsarethenpresentedhaving successful
real-timeSLAM operationin anof ceernvironment,includ-
ing withstandingcamerashale, occlusionandwide angled
viewing.

2.Visual SLAM Using StochasticFiltering

We useastochasticltering framework in asimilarman-
nerto thatin [2, 4, 1], basedaroundan unscentealman
lter (UKF) [7], primarily for easeof implementationThe
systemhasthe usualpredictorcorrectorstructureasillus-
tratedin Fig 1. As ead videoframeis processedye aim
to estimatethe current3-D canera poseand updae esti-
matesof the 3-D positionof scenepoints,all with respect
to a known world coordinateframe. The lIter statethere-
fore hasthe form x = (v;z), wherev = (q;t) encodes
the camergposevia the quatenion q, representindghe ori-

denoteghe 3-D positionvectorsfor M scenepoints. Dur-
ing SLAM operation the numberof pointswill changeas
pointsare addedo andremovedfrom themap,andthusthe
lter statedimensiomeeddo bevariable.

The It er requiresa processmodeland an obsenation
model[7], de ning the statedynamicsandthe relationship
betweenthe stateand measurementtaken from the video
frames. We assumea constantposition motion model for
thecameraj.e. arandomwalk, which givesgreaterobust-
nessto erratic motion [13], and we also assumethat the
scends rigid. Thisleadsto thefollowing processnodel

q;z) (1)

wheren = (n ;n,) is a 6-D noisevector assumedo
befrom N (0;Qn), q(n;) is theincrementalquaternion
correspondingo the Euler anglesde ned by n, , and
denotesquaternionmultiplication. Note the non-additve
noisecomponenwithin the quaternionpart, which is nec-
essarnyto give anunbiasedlistributionin rotationspacg1].
The Iter obsenationsare assumedo be corruptedpo-
sitions of projectedscenepoints within the currentvideo
frame. For a given scenepoint, its projection corresponds
to a transformationinto the cameraco-ordinate system

f;n)=(+n; q()
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Figure 1. Stochastic ltering for visual SLAM, illustrating
predictorcorrectoroperationin which measurementeundwithin
predictedsearciregionsareusedto updae camergposeandscene
mapestimates.

followed by perspectie projectiononto the image plane.
Thus, for the mth point, this gives a 2-D image point
u(zm;v) = ( R(Q)(zm t)), whereR(q) denotesthe
rotationmatrix correspondindo the normalisedquaternion
g and () denotesstandardpin-hole projectionfor a cali-
bratedcamera.The obsevation modelis thenthe concate-
nationof the projectedpointswith additive noise:

h(x;w) = (u(z1;v) + wesiisu(zm;v) +ww) (2

wherethe multivariatenoise vectorw is from N (0; Ry).

The lter providessuccessie estimate®f themean state
andits covariance.As illustratedin Fig. 1, aniterationin-
volvesgeneratinga meanandcaovariancepredictionfor the
next statevia the processmodelin (1), collectingmeasure-
mentsof featurepositionsfrom thecurrentvideoframe,and
thenupdatingthe meanand covariancesusingthe Kalman
equationdasedon the obsenation modelin (2). Both the
processandobsenation modelsarenon-linearandthuswe
requireanapproximaion to theKF, henceour useof theun-
scentecKF. Crucidly, themeanandcovariancepredictions
from the lter areusedto constrainthe searchfor features
asillustratedin Fig. 1. This utilises the global structure
built up within the scenemapandcanbeimplementedus-
ing theunscentedransform[7]. To minimisecomputation,
candidatdeaturepointswithin seach regions,indicatedin
yellow in Fig. 1, aredetectedusingafastsalientpoint oper
ator (we usethatpropo®dby RosterandDrummond[14]),
andthe mostlikely featurepositionsarethenfoundby com-
parisonwith featuremeasurementsikenaroundeachscene
point at initialisation. This comparisonis critical for suc-
cessfuloperationof the Iter andit is the main concernof
this paper Wereturnto it in the next section.

Thereare, however, several additionalcomponentsthat
needto be in placefor real-time SLAM operation. We
brie y describehesehere;readersarereferredto [2, 4, 13]
for moredetails.To bootstraghe Iter we positionthecam-
eraparallelto a testpatternin the scene with known fea-
ture points,andthis setsthe scalefactoraswell asprovid-
ing aninitial mapwith which to begin tracking the camera
pose.Asthecameranovesaway from thetestpattern,new
scenepoints are initialised into the map concurrentwith



tracking. Potentialpoints are selectedrom candidate2-D
salientpointsin unexploredregionsandtheir 3-D position
initialised using factoredsamplingalong the correspond-
ing projectian ray in cornjunctionwith featurematchingin
subsequentrames. As depth estimatescorverge, the new
points are incorporatednto the map, althoughcareneeds
to be taken to ensurecorrectinitialisation of covariances
[2, 1]. Astrackingproceedshe 3-D positionestimateson-
verge, henceenablingwider areaoperation. Pointswhich
fail to be matchedover successie framesare prunedfrom
themapin orderto minimisecomputation Both theinitial-
isationof new pointsandthesubsequerttackingof camera
posethereforedependsritically on successfuimatchingof
featuresacrosdramesandit is on this thatwe now concen-
trate.

3. Robust Feature Matching for Visual SLAM

Matching featuresacrosssuccessie video framesis a
challengingtask to achieve in real-time, especiallywhen
operatingin clutteredernvironmentsand over wide view-
ing angles,when perspectve effects can became signi -
cant. Templatematching,as usedin [2, 4], is an attrac-
tive option for SLAM sinceit minimisesimage process-
ing effort, whichis essentiafor real-time operation.When
searctregionsaresmall,which reduceghechance®f mis-
match,the approachcanbe effective, althoughasviewing
anglesncreasematchingwill becomeproblenatic. Thelat-
ter can be addressedy warping templates,asin [11, 4]
for example, but this haslimitations. A greaterdif culty
occurswhen the cameraposebecomesuncertain, due to
suddererraticmotionor occlusionfor example,andsearch
regions correspondinglyincrease resultingin widespread
mis-matchdueto thelack of discriminatoninherentn tem-
platematchingandleadingto trackingfailure (an example
of thisis shavn in Fig. 6). Greaterdiscriminationin feature
matchingis thereforerequiredif increasedobustressis to
be obtained.

3.1.ScalePrediction in Feature Matching

Considerablevork hasbeendonein developing robust
featurematchingfor off-line systemsjn applicationssuch
asobjectrecognition,andtechniquessuchasthe SIFT de-
velopedby Lowe [9], have demonstratedhighly discrimi-
natematching. However, thesemethodsare very general,
in thatthey assumehatno a priori informationis available
aboutcameraviews, andhenceattemptto build in sufcient
invarianceto compensatéor this lack of prior knowledge.
The situationin a SLAM systemis different, in that esti-
matesof thecamergposeareavailable,andthustheuseof a
“full invariance'descripbr is wasteful. Instead, the camera
poseestimatesan be usedto reducethe needfor full in-
variancein the descriptorandhenceminimise computation

and potertially increaserobustness. This is the approach
adoptedn [1], wherethe estimatesof camerapositionare
usedto predictthechangesn scalebetweerfeaturedn dif-
ferentframes.Thisin turnis usedto computespatialgradi-
entdescriptorssimilar to thoseusedin the SIFT, at scales
which compensatéor the changein camergposition.

Thematchingalgorithmoperatesisfollows. Whenmap
pointsareinitialised,descriptorsarebuilt atmultiple scales.
Thisis aoneoff overhea which is doneconcurrentlywith
SLAM operation.In subsequenframes,descriptorsat po-
tential correspondingointsare generatedht frameresolu-
tion andthe estimatedchangein camerapositionobtained
from the Iter is usedto predictwhich of the original de-
scriptorsthey shouldbe comparedvith. Theuncertaintyin
camergoositionasindicatedby the estimatectovarianceis
alsousedto de ne a rangeof scaledescriptorson which
to basethe comparison.Thus,ascamerapositionbecomes
uncertain the rangeof descriptorstestedwidens,hencein-
creasinghelik elihoodof determningacorrectmatch.This
is particularly signi cant in relocatingthe camerashould
tracking be interrupted. Equally important is that when
trackingis consistentthen computationalef ciency is in-
creasedy reducingthe rangeof potentialcandidateghat
needto be tested. The resultirg algorithm was shovn to
give robust performancecapableof recovering SLAM op-
erationevenafterseverecamerashale or total visualocclu-
sion.

3.2.Exemplar BasedFeature Matching

A limitation of the above approachhowever is that the
spatial gradientdescriptorshave restrictedview anglein-
variance.As the cameranovesaway from wherepointsare
initialised and featuresare viewed from increasingangles,
matchingbecomedessreliableandtrackingstability is re-
duced.lt is thisissuethatwe addressn thispaper To doso,
we empby anexemplarapproachn which a givenfeature
point is representedy multiple descriptorscorresponding
to a setof af ne transformation®f the region surrounding
the point. The motivation hereis thatwe approximatethe
changein appearancef afeaure by anafne transforma-
tion andthattheresultingsetof descriptorsill populatethe
areaof “descriptorspace'correspondingdo differentview-
ing angles.A similarapproacho modellingchangesn fea-
ture appearancwasadoptedvy LepetitandFua[8].

A dif culty with thisapproachhowever, is thatthenum-
ber of descriptorsthatneedto be generatd at initialisation
becomedargeif multiple scalesareusedasin [1]. To over-
comethis we employ analternatve strateyy to compensate
for scalechanges.At initialisation, descriptorsare gener
atedfor af ne transformation®f the region surroundinga
feature.In subsequenframes,descriptorsare generatecht
scalesdeterminedfrom the esimatesof cameraposition,
with descriptorsatmultiple scalesbeinggeneratedvhenthe
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Figure 2. Featurematching using spatial gradient descriptors,
afne exemplarsandscaleprediction.

camerapodgtion becomeauncetain. This is the reverseof
thestraegy adoptedn [1], in thatscaleis now accountedor
in the currentframeratherthanin theinitialisationframe.
But in doingso, it freesup time atinitialisationto generate
descriptordor the setof af newarps,andallows real-time
operation.

Figure2illustrateghefeaturemachingalgorithm.Hav-
ing identi ed a 2-D point for initialisation, we generatea
setof af ne transformation®f the surroundingregion. We
exclude pure 2-D rotationssincetheseare accommodated
for by compensatingor dominantorientationwhengener
atingthedescriptorg9]. Thisleavesa 3-D parameterisation
for the transformationof theformA = R 1SR , where
R denotesa2-D rotationby angle andS = diags;; s;]
de nes the scalingalong eachdimension[8]. In the ex-
perimentsve sampledhis parameterisatiom orderto give
aroundé0af ne warpsperfeature.Spatialgradientdescrip-
tors,compromisingpf setsof orientationhistogramg9], are
thengeneratedor eachaf ne “patch’, giving the setof de-
scriptorsd; ::: dk . In theexperimentswve usedpatchsizes
of 22 22and4 4 histogramsgiving descriptorswith
128elements.

In orderto matchthe samefeaturein later frames,de-
scriptorsat one or more scaksare generatedaboutcandi-
date points. The scalesare determinedby the changein
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camergositionasindicatedby therelative changan depth
fromthe3-D mappointcorcernedrq andr, in Fig. 2). Itis

importantto build in theuncergintyin theestimategaram-
etersfrom the Ite r to ensurerobust matching,especially
when tracking is interruptedand loss of position occurs.
This canbe doneefciently by usingthe unscentd trans-
form to computecovariane valuesfor therelative depthof

featuresand usethis to determinea rangeof scalesover

which to computedescriptorgfor a given paint in the cur-

rent frame. Thus,in Fig. 2 descrptors at two scdes are
beinggeneratedor eachcandidatepoint in framen. The

matchedpoint is then selectedas that associatedvith the

descriptothaving theminimumeuclideandistancepelov a
given threshold,to one of the exemplardescriptorsgener

atedatinitialisation.

4. Results

We testedthe new algorithm by performing SLAM in
an of ce ernvironmentusing a calibratedhand-heldweb-
camwith aresolutionof 320 240 pixels. Trackingwas
initialised with four known map points correspondingo
the cornersof a planarblack rectangleon a white back-
groundplacedin the scene.Performanceassessmercom-
mencedonce the test pattern becameout of view. We
also conpared performancewith feature matchingbased
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 hascompleity of order N 3®) and
that speedup would be achiezed when using either an
EKF or a fastSLAM implementation. Our interesthere
hasbeenin gaining more robust feature matchingwhilst
maintainingsimilar processingtime, rather than on opti-
mising overall SLAM speed.Videoresultscanbe found at
www.cs.bris.ac.uk/Rese arch/Vision/Realtime/



4.1.Performanceagainstview point changes

Inthe rst experimentwe comparethemathingcapabil-
ities of thenew algorithmwith thatin [1]. Forthiswegener
ateda syntheticsequenceonsistingof the cameramaoving
in front of atexturemappedlanarsurface. Thecameravas
rotatingabouta x edorigin on the plane,enablingmatch-
ing performanceo be recordedagainstviewing angle. To
ensurefair comparisonthe samefeaturepoints were ini-
tialised into the scenemap for both methods. Figure 3a
shavsthe percentagef correctmatchegor eachfeatureall
framesfor bothmethodsandfor thecasewhenonly asingle
descriptowasgeneratedtinitialisationin thenew method,
i.e. without exemgars. The latteris similar to the method
in [1] exceptthatthe scalecompensatioris reversed.Note
that matchingperformancaes signi cantly betterwhenex-
emplarsareincluded. This is con rmedin Fig. 3b, which
shaws the bestmatchingdescriptorerror for eachfeature
aguinstviewing ande. Whereaserrors begin to increase
signi cantly atanglesaround40 degreesfor the methodin
[1], errorsremainlow up to around60 degreesfor the new
method.

4.2.Feature Matching Performance

We obsered similar gains in performancewith live
SLAM operation. As an ill ustration,Fig. 4 showvs views
through the camerawith projectedmap points superim-
posedfor thethreedifferentmethods.Theellipsesindicate
searchregionsderived from the Iter, green(light grey) in-
dicatesa matchandred (dark grey) indicatesa mis-match.
When the camerais positiona roughly fronto-parallelto
initialised featuresasin theleft column,all threemethods
give good matches.However, asthe camerapansaround,
it is only the new methodwith exemplarsthat can main-
tain goodmatchingperformane. Thisis con rmed in Fig.
5awhich shaws the averege percentag®f matchesover all
framesfor the nev method(red/darkline) andthe method
in [1], averagedover 20 runs. The signi cant differenceis
betweenframes200 and 800, when there was signi cant
changesn viewing angle. Betweenframes900 and 1500
therewereboutsof canmerashale andocclusion(indicated
by sudderdropsin matches)ut viewing anglewassimilar
tothatat initialisationandsobothmethodsgive comparable
performance.

Toillustratethekey componentsf thenew method Figs
5b and 5¢ showv the exemplarsseleted as the bestmatch
over all framesfor threefeaturesandthe changesn scale
compensatiomver all framesfor onefeature, respectiely.
Notethewide rangeof exemplarsused,ndicatingthe com-
pensatiorfor viewing angle andthechangesn scalerange,
particularlyduring boutsof shale andocclusion.In thelat-
ter, the blue and green lines indicatethe upperand lower
levelsof the scalerange.Figure5d shavs processingimes

Figure4. Featwe matchingperformanceduring SLAM, compari-
sonbetweernthe nev methodandthatin [1] : (top) new method;
(middle) new methodwithout exemplars;(bottom) methodin [1].

per framefor onerun in which 26 featureswere mapped,
with steadystae operationat around17-20fps. As noted
ealier we would antidpatethatincreasedrameratewould

beachiezed usingan EKF implementation.

4 .3.Erratic Motion and Occlusion

In the nal experimentswe illustratedthe ability of the
newv methodto recover following bouts of camerashale
andvisual occlusion. As notedearlier, robushessto such
unpredictablecameramotion is essentialif visual SLAM
algorithmsare to be usel in real applicationsandthis as-
pectof performanceas one of the main motivationsfor the
work describedhere. It is alsoworth emphasisinghat it
is clearly unrealisticto aim to maintaintracking during all
formsof erraticmotion; sufciently severechangesn cam-
eraposition, especiallywhen combinedwith visual occlu-
sion, canalways break SLAM operation. However, if re-
peatede-initialisationandhencereducecperformances to
beavoided,thensufcient robustness:ieedgo bebuilt in to
withstandthetypesof erraticmovementhatmayoccurdur-
ing “normaluse'in realapplicationsThisincludesadegree
of camerashale, temporary occlusionand perhapscombi-
nationsof thetwo. Thealgorithmpresentedheredoesman-
ageto recoverfrom suchepisodesasillustratedin Figures6
and?7. In theformerwe have comparederformancewith a
standardvisual SLAM algorithm usingtemplatematching
in the form of normalisedcorrelation,similar to that used
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Figure 6. Performanceomparisorof the new method(bottomtwo rows) with thatbasedon normalisedcrosscorrelationmatching(top
two rows). Notethe successfutecovery of the new methodfollowing camerashale andthefailure of the correlationsystem.

in [2]. The g uresshowv both the view throughthe cam- anceestimateobtainedin the nev methodincreasessig-
erawith projectedmappointsandassociatedearctregions ni cantly, resultingin large searchregions, and that the
andanexternal3-D view shaving the estimatedcamergo- descriptorsenabé successfumatchingover suchregions
sition, its trajectoryandthe associategbositioncovariance, whenshaking ceases.In contrast,the covarianceestimate
indicatedby anellipsoid. in the templatematchingversiondoesnot grow so much
i . dueto falsematchesbtained,dueto the lack of discrimi-
In Fig. 6 the framesshav SLAM operationbeforedur- nation,which further preventsrelocationonceshakinghas
ing andafterfairly severecamerashale. Themainthing to ceasedA particularlyimpressie exampleis shavn in Fig.
noteis thatthe templatematchingapproach(toptworows) 7 \heresevere visual occlusionis combinedwith move-
fails completelyafterthe shale, whilst the nev methodsuc- mentof the camerato a differentviewing point. Despite

cessfullyrecovers. Note alsothat during shale the covari-



Figure7. Framedllustrating the performanceof the nev methodduring SLAM operationshowing recovery from severevisual occlusion

duringwhich thecameraundegoesa large changen position.

this the newv methodsuccessfullyrecovers. The template
matchingmethodfailed conmpletelyin this example.

5. Conclusions

We have preenteda nev method for visual SLAM
which demonstratesmproved performanceover existing
methods.The useof af ne exemplarscombinedwith scale
prediction and feature descriptiongives robust matching,
even allowing recovery of operationfollowing signi cant
camerashale andvisual occlusion. The demonstratedm-
provementin matchingcapability over that in [1] would
suggesthatthis new approad is to be preferred. Current
work is focusedonimproving thewide areaoperatiorof the
system particularlyin featuremanagemen&andwe aimto
extendthe methodinto areassuchasthekidnappedcamera
problem.
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