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Abstract

Effectiveand efcient genertion of keypointsfrom an
image is a well-studiedproblemin theliterature andforms
the basisof numepus ComputerVision applications. Es-
tablishedleades in the eld are the SIFT and SURFal-
gorithmswhich exhibit great performanceundera variety
of image transformationswith SURFin particular consid-
eredasthemostcomputationallyef cient amongsthehigh-
performancemethoddo date

In this paper we proposeBRISK, a novel methodfor
keypoint detection,descriptionand matcting. A compe-
hensiveavaluationon bendimarkdatasetsevealsBRISKS
adaptive high quality performanceasin state-of-the-aral-
gorithms,albeitat a dramaticallylower computationatost
(an order of magnitudefasterthan SURFin cases). The
keyto speedies in the applicationof a novel scale-space
FASTbaseddetectorin combinationwith the assemblyof
a bit-string descriptorfromintensitycomparisonsetrieved
by dedicatedsamplingof eact keypointneighborhood.

1. Intr oduction

Decomposingan imageinto local regionsof interestor
“featues'is awidely appliedtechniquen ComputeVision
usedto alleviate compleity while exploiting local appear
anceproperties. Image representationpbject recognition
andmatching 3D sceneeconstructiormandmotiontracking
all rely onthe presencef stable representatie featuresn
the image, driving researchandyielding a plethoraof ap-
proachedo this problem.

The ideal keypoint detector nds salientimageregions
suchthat they are repeatablydetecteddespitechangeof
viewpoint; more generallyit is robustto all possibleim-
agetransformations Similarly, the ideal keypoint descrip-
tor capturegshe mostimportantanddistinctive information
contentenclosedn the detectedsalientregions, suchthat
thesamestructurecanberecaynizedif encounteredMore-

1The referenceimplementationof BRISK can be downloadedfrom
http://www.asl.ethz.ch/people/lestefan/personal/
BRISK

and roland.siegwart g@mavt.ethz.ch

over, ontop of ful lling thesepropertieso achiese the de-
sired quality of keypoints, the speedof detectionand de-
scriptionneedsalsoto be optimizedto t within the time-
constraintof thetaskat hand.

In principle, state-of-the-artalgorithmstarget applica-
tions with either strict requirementsn precisionor speed
of computation. Lowe's SIFT approach 9] is widely ac-
ceptedas one of highestquality options currently avail-
able, promisingdistinctivenessand invarianceto a variety
of commonimagetransformations- however, theattheex-
penseof computationatost. On the otherendof the spec-
trum,acombinatiornof theFAST [14] keypointdetectorand
the BRIEF [4] approachto descriptionoffersa muchmore
suitablealternatve for real-timeapplications However, de-
spitethe clearadwantagein speedthe latter approactsuf-
fersin termsof reliability androbustnessasit hasminimal
toleranceto imagedistortionsandtransformationsin par
ticular to in-planerotation and scalechange. As a result,
real-timeapplicationdike SLAM [6] needto employ prob-
abilisticmethodqd 5] for dataassociatiorio discoser match-
ing consensus.

The inherentdif culty in extracting suitable features
from animageliesin balancingwo competinggoals:high-
quality descriptionand low computationalrequirements.
This is wherethis work aimsto seta newv milestonewith
the BRISK methodology Perhapghe mostrelevant work
tackling this problemis SURF[2] which hasbeendemon-
stratedto achiere robustnessandspeedonly, asevidentin
our results,BRISK achiezescomparableguality of match-
ing atmuchlesscomputatiortime. In anutshell this paper
proposes novel methodfor generatingkeypointsfrom an
image,structuredasfollows:

Scale-spacekeypoint detection Pointsof interestare
identi ed acrosshoththeimageandscaledimensionsis-
ing a salieng criterion. In orderto boostef ciency of
computation keypoints are detectedn octave layersof
theimagepyramid aswell asin layersin-between.The
locationand the scaleof eachkeypoint are obtainedin
the continuousdomainvia quadraticfunction tting.

Keypoint description: A samplingpatternconsistingof



pointslying on appropriatelyscaledconcentriccirclesis
appliedat the neighborhoodf eachkeypoint to retrieve
grayvalues:processingocal intensitygradientsthefea-
ture characteristiadirectionis determined. Finally, the
orientedBRISK samplingpatternis usedto obtainpair
wise brightnesscomparisorresultswhich areassembled
into thebinary BRISK descriptor

Oncegeneratedthe BRISK keypoints canbe matched
very ef ciently thanksto thebinarynatureof thedescriptor
With a strongfocuson ef ciency of computation,BRISK
alsoexploits the speedsavings offeredin the SSEinstruc-
tion setwidely supportedbn today’s architectures.

2. Related Work

Identifying local interestpoints to be usedfor image
matchingcan be traceda long way backin the literature,
with Harris and Stephend 7] proposingone of the earli-
estand probably mostwell-known cornerdetectors. The
seminalwork of Mikolajzyk etal.[13] presnteda compre-
hensve esaluationof the mostcompetentdetectionmeth-
ods at the time, which revealedno single all-purposede-
tectorbut ratherthe complementarypropertieof thediffer-
entapproachedependingn the contet of theapplication.
ThemorerecentFAST criterion[14] for keypointdetection
hasbecomancreasinglypopularin state-of-the-annethods
with hardreal-timeconstraintswith AGAST [10] extend-
ing this work for improvedperformance.

Amongstthe bestquality featurescurrentlyin thelitera-
tureis the SIFT[9]. Thehighdescriptve powverandrobust-
nessto illumination and viewpoint changeshasratedthe
SIFT descriptorat the top of therankingslist in the survey
in [11]. However, the high dimensionalityof this descriptor
makesSIFT prohibitively slow. PCA-SIFT[&] reducedhe
descriptorfrom 128to 36 dimensionscompromisinghow-
ever its distinctvenessandincreasinghetime for descrip-
tor formationwhich almostannihilatesghe increasedpeed
of matching. The GLOH descriptor{17] is alsoworth not-
ing here,asit belongsto the family of SIFT-like methods
and hasbeenshawvn to be more distinctive but also more
expensve to computethanSIFT.

The growing demandfor high-quality high-speedea-
tureshasled to more reseach towardsalgorithmsableto
processricher dataat higher rates. Notableis the work
of Agrawal et al.[1] who apply a centersymmetriclocal
binary patternas an alternatve to SIFT's orientation his-
togramsapproach.The mostrecentBRIEF [4] is designed
for supeffast descriptionand matchingand consigs of a
binary string containingthe resultsof simpleimageinten-
sity comparisonsitrandompre-determinegbixel locations.
Despitethe simplicity and ef ciency of this approachthe
methods very sensitve to imagerotationandscalechanges
restrictingits applicationto generatasks.

Probablythe mostappealingeaturesat the momentare
the SURF[2], which have beendemonstratedb be signif-
icantly fasterthan SIFT. SURFdetectionusesthe determi-
nant of the Hessianmatrix (blob detector),while the de-
scriptionis doneby summingHaarwaveletresponseatthe
region of interest.While demonstratingmpressie timings
with respecto the state-of-the-artSURF are, in terms of
speedstill ordersof magnitudeaway from the fastestyet
limited quality featurescurrentlyavailable.

In this paper we presenta novel methodologydubbed
"BRISK' for high-quality fastkeypoint detection,descrip-
tion andmatching. As suggestedy the name,the method
is rotationaswell asscaleinvariantto a signi cant extent,
achieving performancecomparableto the state-of-the-art
while dramaticallyreducingcomputationalcost. Follow-
ing a descriptionof the approachwe presentexperimen-
tal resultsperformedon the benchmarldatasetandusing
the standardizedwvaluationmethodof [12, 13. Namely
we presengvaluationof BRISK with respecto SURFand
SIFT which arewidely acceptedasa standardbf compari-
sonundercommonimagetransformations.

3.BRISK: The Method

In this section,we describethe key stagesin BRISK,
namelyfeaturedetection,descriptorcompositionand key-
point matchingto the level of detail that the motivated
readercan understandand reproduce. It is importantto
note that the modularity of the methodallows the use of
the BRISK detectolin combinationwith ary otherkeypoint
descriptorandvice versa,optimizingfor the desiredperfor
manceandthetaskat hand.

3.1.Scale-Spac& eypoint Detection

With the focuson ef ciency of computationour detec-
tion methodologyis inspiredby thework of Mair etal.[10]
for detectngregionsof interestin theimage.Their AGAST
is essentiallyan extensionfor accderatedperformanceof
the now popularFAST, provento be a very efcient basis
for featureextraction. With theaim of achieving invariance
to scalewhich is crucial for high-qualitykeypoints,we go
a step further by searchingor maximanot only in theim-
ageplane,but alsoin scale-spacasingthe FAST scores as
a measurdor salieng. Despitediscretizingthe scaleaxis
atcoarseintenalsthanin alternatve high-performancele-
tectors(e.g. the Fast-Hessiaii?]), the BRISK detectores-
timatesthe true scaleof eachkeypoint in the continuous
scale-space.

In the BRISK framework, the scale-spaceyramid lay-
ers consistof n octaves ¢; and n intra-octaves d;j, for
i = f0;1;:::;n  1g andtypically n = 4. The oc-
taves are formed by progressiely half-samplingthe orig-
inalimage(correspondingdo ¢y). Eachintra-octaed; is lo-
catedin-betweerlayers ¢ andci+; (asillustratedin Figure



1). The rst intra-octae dy is obtainedby dovnsampling
the original imagecy by a factor of 1.5, while the rest of
the intra-octave layersare derived by successie halfsam-
pling. Therefore,if t denotesscalethent(c) = 2 and
t(d) =2 15.

It is importantto noteherethatboth FAST andAGAST
provide differentalternatves of maskshapedor keypoint
detection.In BRISK, we mostly usethe 9-16 mask,which
essentiallyrequiresat leag 9 consecutie pixelsin the 16-
pixel circle to eitherbe sufciently brighteror darker than
the centralpixel for the FAST criterionto beful lled.

Initially, the FAST 9-16 detectoris appliedon eachoc-
tave andintra-octae separatelysingthe samethresholdT
to identify potentialregionsof interest.Next, the pointsbe-
longingto theseregionsaresubjectedo anon-maximasup-
pressionin scale-spacerstl y, the pointin questionneeds
tofulll themaximumconditionwith respecto its 8 neigh-
boring FAST scoress in the samelayer The scores is
de ned asthe maximumthresholdstill considenng anim-
agepoint a corner Secondlythe scoresn the layerabove
andbelow will needto belower aswell. We checkinside
equallysizedsquaregpatchestheside-lengths choserto be
2 pixelsin thelayerwith thesuspectedthaximum.Sincethe
neighboringayers(andthereforeits FAST scoresyrerep-
resentedvith a differentdiscretization someinterpolation
is appliedat the boundariesf the patch. Figure 1 depicts
anexampleof this samplingandthe maximasearch.

The detectionof maximaacrosgshe scaleaxis at octave
Co is aspecialcase:in orderto obtainthe FAST scoredfor
avirtual intra-octared 1 below ¢y, we applythe FAST 5-8
maskon cy. However, thescoresn patchof d ; arein this
casenotrequiredto belowerthanthe scoreof theexamined
pointin octare ¢.

Consideringmagesalieny asa continuougjuantitynot
only acrossthe imagebut alsoalongthe scaledimension,
we performa sub-pixel andcontinuousscalere nementfor
eachdetectednaximum.In orderto limit compleity of the
re nementprocesswe rst t a 2D quadraticfunctionin
the least-squaresenseto eachof the threescores-patches
(asobtainedn thelayerof thekeypoint,theone abwee, and
the onebelaw) resultingin threesub-pidel re ned salieny
maxima. In orderto avoid resamplingwe considera 3 by
3 scorepatchon eachlayer Next, thesere ned scoresare
usedto t a 1D parabolaalongthe scaleaxis yielding the

nal scoreestimateandscaleestimateatits maximum.Asa

nal step,we re-interpolateheimagecoordinatedetween
the patchedn the layersnext to the determinedscale. An
exampleof the BRISK detectionin two imagesof the Boat
sequencéde nedin Sectiornd) is shavn up-closein Figure
2.

log,(t) t: scale

i+1 4

intra-cctaved; F

FAST scores

Figure 1. Scale-spacénterestpoint detection: a keypoint (i.e. salieny

maximum) is identi ed at octave ¢; by analyzingthe 8 neighboring
salieny scoresin ¢; aswell asin the correspondingscores-patchem

the immediaely-neighboringayersabove andbelow. In all three layers
of interest,the local salieny maximumis sub-pixel re ned beforea 1D

parabolais tted alongthe scale-axisto determinethe true scaleof the
keypoint. Thelocationof thekeypointis thenalsore-interpolatedetween
the patchmaximaclosesto the determinedscale.

(a) Boatimagel
Figure2. Close-upof a BRISK detectionexampleon imagesl and?2 of
the Boat sequencexhibiting smallzoomandin-planerotation. The size
of the circles denotethe scaleof the detecteckeypointswhile the radials
denotetheir orientation.For clarity, the detectionthresholds sethereto a
strictervaluethanin thetypical setupyielding slightly lower repeatability

(b) Boatimage2

3.2.Keypoint Description

Givena setof keypoints(consistingof sub-pixel re ned
imagelocationsandassociatedoating-point scalevalues),
theBRISK descriptolis composesabinarystringby con-
catenatingheresultsof simplebrightnescomparisoriests.
Thisideahasbeendemonstrateth [4] to be very ef cient,
however herewe employ it in a far more qualitatve man-
ner In BRISK, we identify the characteristiairection of
eachkeypoint to allow for orientation-normalizedlescrip-
tors and henceachieve rotationinvariancewhich is key to
generakobustnessAlso, we carefully selectthe brightness
comparisonsvith thefocuson maximizingdescriptveness.
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Figure 3. The BRISK samplingpatternwith N = 60 points: the small
blue circlesdenotethe samplinglocations;the bigger red dashectircles
aredravn at aradius correspondingo the standarddeviation of the
Gaussiarkernelusedto smooththeintensityvaluesatthe samplingpoints.
The patternshovn appliesto ascaleoft = 1.

3.2.1 Sampling Pattern and Rotation Estimation

The key conceptof the BRISK descriptormales use of
a patternusedfor samplingthe neighborhoodf the key-

point. The pattern,illustratedin Figure3, de nesN loca-
tionsequallyspacedn circlesconcentrionith thekeypoint.
While this patternresembleshe DAISY descriptor{15], it

is importantto note thatits usein BRISK is entirely dif-

ferent,asDAISY wasbuilt speci cally for densematching,
deliberatelycapturingmoreinformationandthusresulting
to demandingpeedandstoragerequirements.

In orderto avoid aliasingeffectswhensamplingtheim-
ageintensity of a point p; in the pattern,we apply Gaus-
siansmoothingwith standarddeviation ; proportionalto
thedistancébetweerthepointsontherespectie circle. Po-
sitioning and scalingthe patternaccordinglyfor a partic-
ular keypoint k in the image, let us considerone of the
N (N 1)=2sampling-poinpairs(p;; p;j). Thesmoothed
intensity values at these points which are | (p;; ;) and
I (pj; ;) respectiely, are usedto estimatethe local gra-

dientg(pi; p;) by

i §) 1(Pis i),
kpj pik’

Consideringhe setA of all sampling-poinpairs:

a(pi;pj) = (p;  Pi) 1)

A= (piip))2R? REJiI<NAj<inij2N

2
we de ne a subseDf short-distancgairingsS andanother
subseDf L long-distancepairingsL :

S=1(pi;pj) 2 Aj kp;
L = f(pi;pj) 2 Aj Kp;

pik<
pik>

max g A

min 9 A: (3)

The thresholddistancesare setto max = 9:75t and

mn = 1367t (t is the scaleof k). Iteratingthroughthe

point pairsin L, we estimatethe overall characteristigat-

terndirectionof thekeypointk to be:
o _1 X

g: :E

g, a(pi; pj): (4)

(piipj)2L

Thelong-distanceairsareusedfor thiscomputationpased
ontheassumptiorthatlocal gradientsannihilateeachother
andarethusnotnecessarin theglobalgradientdetermina-
tion —thiswasalsocon rmed by experimentingwith varia-
tion of thedistancehreshold m;, .

3.2.2 Building the Descriptor

For theformationof therotation-andscale-normalizede-
scriptor BRISK appliesthe sampling pattern rotatedoy
= arctan2(gy; gx) aroundthekeypointk. Thebit-vector
descriptordy is assembledby performing all the short-
distanceintensitycomparison®f pointpairs(p; ;p; ) 2 S
(i.e. in therotatedpattern),suchthateachbit b corresponds
to:
b= L 1Py ) > 1(pis i)
0, otherwise (5)

8(pi;p;)2S

While theBRIEF descriptoiis alsoassembledia bright-
nesscomparisons BRISK has some fundamentaldiffer-
encesapartfrom the obvious pre-scalingand pre-rotation
of the samplingpattern.Firstly, BRISK usesa determinis-
tic samplingpatternresultingin a uniform sampling-point
densityatagivenradiusaroundthekeypoint. Consequently
the tailored Gaussiarsmoothingwill not accidentallydis-
tort the information content of a brightnesscomparisorby
blurring two closesampling-pointsn a comparison.Fur
thermore BRISK usesdramaticallyfewer sampling-points
than pairwisecomparisongi.e. a single point participates
in more comparisons)limiting the compleity of looking-
up intensity values. Finally, the comparisonsherearere-
strictedspatiallysuchthatthe brightnessariaionsareonly
requiredto be locally consistent. With the samplingpat-
ternandthe distancethresholdsasshavn above, we obtain
a bit-string of length512. The bit-string of BRIEF64 also
contains512 bits, thus the matchingfor a descriptorpair
will be performedequallyfastby de nition.

3.3.Descriptor Matching

Matchingtwo BRISK descriptords a simple computa-
tion of their Hammingdistanceasdonein BRIEF [4]: the
numberof bits differentin thetwo descriptords a measure
of their dissimilarity. Notice thatthe respectre operations
reduceto abitwise XOR followedby abit count,which can
bothbecomputedvery ef ciently ontoday's architectures.



3.4.Noteson Implementation

Here,we give avery brief overview of someimplemen-
tation issueswhich contrikute signi cantly to the overall
computationalperformanceand the reproducibility of the
method. All the BRISK functionality builds on the com-
mon2D featureinterfaceof OpenCV2.2allowing easyinte-
grationandinterchangeabilityvith existing featureqSIFT,
SUREF, BRIEF etc.).

The detectionprocesausesthe AGAST implementation
[10] for computingsalieny scores.The non-maximasup-
pressiorbene tsfrom early terminationcapabilitylimiting
the salieng/ scorescalculationto a minimum. Building
the image pyramid makes use of someSSE2and SSSE3
commandsbothconcerninghe halfsamplingaswell asthe
downsamplingoy afactorof 1:5.

In orderto ef ciently retrieve gray valueswith the sam-
pling pattern,we generatea look-up table of discretero-
tatedandscaledBRISK patternversions(consistingof the
sampling-pointlocationsand the propertiesof the Gaus-
siansmoothingkernelaswell asthe indexing of long and
shortdistancepairings)consumingaround40MB of RAM
— which is still acceptabldor applicationsconstrainedo
low computationapower.

We furthermoreusetheintegral imagealongwith a sim-
plied Gaussiarkernelversioninspiredby [2]: the kernel
is scalablewhen changing without ary increasein com-
putationalcompleity. In our nal implementatiorwe use
asan approximationa simple squarebox mean Iter with

oating pointboundarieandsidelength = 2:6

Thuswe do not needtime-consumingsaussiarsmooth-
ing of thewholeimagewith mary differentkernels but we
insteadretrieve single valuesusing an arbitrary parameter

We alsointegraed animproved SSEHamming distance
calculatorachiezing matchingat 6 times the speedof the
currentOpenCVimplementatiorasusedfor examplewith
BRIEFin OpenCV

4. Experiments

Our proposedmethod has beenextensiely testedfol-
lowing the now establisheavaluationmethodanddatasets
in the eld rst proposedby Mikolajczyk and Schmid
[12, 13]. Forthesale of consisteng with resultspresented
in other works, we also usedtheir MATLAB evaluation
scriptswhich are available online. Eachof the datasets
containsa sequenceof six imagesexhibiting an increas-
ing amountof transformation. All comparisonshere are
performedagainstthe rst imagein eachdataset. Figure
4 shavs oneimagefor eachdatasetinalyzed.

The transformationscover view-point change(Grafti
andWall), zoomandrotation(Boat),blur (BikesandTrees),
brightnesschangeglLeuven) aswell asJPEGcompression

(e) Leuven (f) Bikes (g) Trees
Figure 4. Datasetsusedfor evaluation: viewpoint change(Grafti and
Wall), zoom and rotation (Boat), JPEG compressionUbc), brightness
changegLeuven),andblur (BikesandTrees).

(Ubc). Sincethe viewpoint changescenesare planar the
image pairs in all sequencesre provided with a ground
truthhomograply usedto determinehecorrespondingsey-
points. In the restof the sectionwe presentquantitatie
resultsconcerninghe detectoranddescriptorperformance
of BRISK comparedo SIFT (OpenCV2.2mplementation)
aswell as SURF (original implementation). Our evalua-
tion usessimilarity matchingwhich considersary pair of
keypointswith descriptordistancebelow a certainthresh-
old amatch—in contrasto e.g. nearesheighbormmatching,
wherea databasés searchedor the matchwith the lowest
descriptordistance.Finally, we alsodemonstate BRISK's
big advantagein computationakpeedby listing compara-
tive timings.

4.1.BRISK Detector Repeatability

Thedetectorepeatabilityscoreasde nedin [13] is cal-
culatedas the ratio betweenthe correspondingkeypoints
andthe minimumtotal numberof keypointsvisible in both
images. The correspondenceare identi ed by looking at
the overlap areaof the keypoint region in oneimage(i.e.
the extractedcircle) andthe projectionof the keypoint re-
gion from the otherimage (i.e. ellipse-like): if the region
of intersectionis larger than 50% of the union of the two
regions, it is consideredh correspondenceNote that this
methodis largely dependenbn the assignmenbf the key-
pointcircleradius,i.e. theconstanfactorbetweerscaleand
radius. We choosehis suchthatthe averageradii obtained
with the BRISK detectorapproximatelymatchthe average
radii obtainedwith the SURFandSIFT detectors.

The assessmendf repeatabilityscores(a selectionof
resultsis shawvn in Figure 5) is performedusing constant
BRISK detectionthresholdsacrossone sequence For the
sale of afair comparisorwith the SURFdetectoywe adapt
therespectre Hessiarthresholdsuchthatit outputsapprox-
imatelythe samenumberof correspondences thesimilar
ity basedmnatchingsetup.

As illustratedin Figure 5, the BRISK detectorexhibits
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equivalentrepedability asthe SURFdetectoraslong asthe
imagetransformationgppliedarenot toolarge. Giventhe
clearadwantagein computationalkost of the BRISK over
the SURF detectorhowever, the proposedmethodconsti-
tutesa strongcompetitor evenif the performanceat larger
transformationsppeardo beslightly inferior.

4.2. Evaluation and Comparison of the Overall
BRISK Algorithm

Sinceour work aimsat providing anoverall fastaswell
asrobust detection,descriptionand matching,we evaluate
thejoint performancef all thesestagesn BRISK andcom-
pareit to SIFT and SURF. Figure 6 shows the precision-
recall curvesusingthreshold-basedimilarity matchingfor
a selectionof imagepairsof differentdatasets Again, for
this assessmente adaptthe detectionthreshotls suchthat
they outputan approximatelyequalnumberof correspon-
dencesin the spirit of fairness. Note that the evaluation
resultsherearedifferentfrom theonesin [3], whereall de-
scriptorsare extractedon the sameregions (obtainedwith
the Fast-Hessiamletector).

As illustratedin Figure 6, BRISK performscompeti-
tively with SIFT and SURFin all datasetsaand even out-
performsthe othertwo in somecases.Thereducedperfor
manceof BRISK in the Treesdatasets attributedto thede-
tectorperformancewhile SURFdetect2606and2624re-
gionsin theimagesyespectiely, BRISK only detect2004
regions in image 4 comparedto 5949 found in image 1
to achieve the approximatelysamenumberof correspon-
dences.The sameholdsfor the otherblur datasetBikes:
salieny asassessewvith FAST is inherentlymore sensi-
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Figure®6. Evaluationresultsshaving precision-recth curves(of all detec-
tion, extractionandmatchingstagegointly) for BRISK, SURFandSIFT.

Resultsareshawvn for viewpoint changega andb), purein-planerotation
(c), zoomandrotation(d), blur (e andf), brightnesshangegg) andJPEG
compressiorfh). The numberof similarity correspondencesreindicated
in the gures peralgorithm. The red dottedline in (f) shavs the perfor

manceof BRISK descriptorextractedfrom SURFregions,yielding 2274
correspondence®verall, BRISK exhibits competitve performancen all

casesandevenoutperformsSIFT andSURFin somecases.

tiveto blur thanblob-like detectorsWe thereforealsoshov
the evaluationof the BRISK descriptorextractedfrom the
SURF regions for the Treesdataset,demonstratingagain
thatthe descriptomperformancés comparabldéo SURFE
Evidently SIFT performs signi cantly worse in the
Trees,Boat,andUbc datasetsywhich canbe explainedwith
the limited detectorrepeatabilityin thesecases. On the
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Figure 7. Comparisonof different BRISK versionsto 64 byte BRIEF
BRIEF, aswell asboth SU-BRISK (single-scaleunrotatedandS-BRISK
(single-scalepreextractedfrom AGAST keypointsdetectedn theoriginal
image. Notice thatthe BRISK patternwasscaledsuchthatit matcheghe
BRIEF patchsize. The standardversionof BRISK hadto be extracted
from our scale-ivariantcornerdetectionwith adaptedhresholdto match
thenumberof correspondenceshey are850in the Wall pair and1530in
theBoatpair.

otherhand,SIFT andBRISK handlethe importantcaseof
purein-planerotationvery well andbetterthanSURFE

In orderto completethe experimentalsection,we want
to make thelink to BRIEF. Figure7 shavs acomparisorof
the unrotated single-scaleBRISK version(SU-BRISK)to
64 byte BRIEF featureson the same(singlescale) AGAST
keypoints. Also includedarethe rotationinvariant, single-
scaleS-BRISK,aswell asthe standarBRISK. The exper
imentis conductedvith two imagepairs: on the onehand,
we usedthe rst twoimagesn theWall dataseproving that
SU-BRISKandBRIEF64areexhibiting a very similar per
formancein the absenceof scalechangeandin-planero-
tation. Notice that this is really the situationBRIEF was
designedfor. On the other hand, we appliedthe differ-

ent versionsto the rst two imagesof the Boat sequence:

this experimentdemonstratesomeadwantageof the SU-
BRISK over BRIEF in termsof robustnessagainst small
rotation (10 ) andscalechangeg10%). Furthemore, the
well known andintuitive price for both rotationandscale
invarianceis easilyobsenable.

4.3. Timings

Timings have beenrecordedon a laptop with a quad-
corei7 2.67 GHz processofonly usingonecore,however)
running Ubuntu 10.04 (32-bit), using the implementation
and setupas detailedabove. Table 1 presentghe results
concerningdetectionon the rst imageof the Grafti se-
guencewhile Table2 shavs the matchingtimes. The val-
uesareaveragedover 100runs. Note thatall matchersdo
a brute-forcedescriptordistancecomputationwithout ary
earlyterminationoptimizations.

The timings shov a clearadwvantageof BRISK. Its de-
tectionand descriptorcomputationis typically an order of
magnitudefasterthanthe oneof SURF, which areconsid-
eredto be the fastestrotation and scaleinvariantfeatures
currently available. It is alsoimportantto highlight that

| | SIFT | SURF [ BRISK |

Detectionthreshold 4.4 45700 67
Numberof points 1851 | 1557 1051
Detectiontime [ms] 1611 | 107.9 17.20
Descriptiontime [ms] | 9784 | 559.1 22.08
Total time [ms] 11395 | 667.0 39.28
Time per point (ms) | 6.156 | 0.4284 | 0.03737

Tablel. Detectionandextractiontimingsfor the rst imagein the Grafti
sequencésize:800 640 pixels).

| [ SIFT [ SURF [ BRISK |

Pointsin rst image 1851 | 1557 1051
Pointsin secondmage 2347 | 1888 1385
Total time [ms] 291.6| 194.6 | 29.92
Time per comparison[ns] | 67.12 | 66.20 | 20.55

Table2. Matchingtimingsfor the Grafti imagel and3 setup.

BRISK is easily scalablefor fasterexecutionby reducing
the numberof sampling-pointsn the patternat someex-
penseof matchingquality — which might be affordablein
aparticularapplication.Moreover, scaleand/orrotationin-
variancecan be omitted trivially, increasingthe speedas
well asthe matchingquality in applicationswherethey are
notneeded.

4.4.An Example

Complementaryto the extensve evaluation presented
above, we also provide a real-world exampledemonstrat-
ing matchingusing BRISK. Figure 8 shavs animagepair
exhibiting varioustransformationsA similarity matchwith
athresholdof 90 wasperformed(out of 512 comparisons)
resultingin robustmatcheswithout signi cant outliers.

5. Conclusions

We have presenteédnovel methodhameBRISK, which
tacklesthe classicComputerVision problemof detecting,
describingand matchingimage keypoints for caseswith-
out sufcient a priori knowledge on the sceneand cam-
eraposes. In contrastto well-establishedalgorithmswith
proven high performance,such as SIFT and SURF, the
methodat hand offers a dramaticallyfasteralternatve at
comparablenathing performance- a statementhich we
baseon anextensve evaluationusinganestablishedrame-
work. BRISK reliesonaneasilycon gurablecircularsam-
pling patternfrom which it computesbrightnesscompar
isonsto form a binary descriptorstring. The uniqueprop-
ertiesof BRISK canbe usefulfor a wide spectrumof ap-
plications,in particularfor taskswith hard real-timecon-
straintsor limited computatiorpower: BRISK nally offers
thequality of high-endfeaturesn suchtime-demandingp-
plications.



Figure 8. BRISK matchingexample: a detectionthresholdof 70 is usedand a matchingHammingdistancethresholdof 90. The resultingmatches
are connectedby the greenlines shaving no clear false positves. The authorsprovide a referenceimplementationof BRISK downloadablefrom

http://Iwww.asl.ethz.ch/people/lestef/personal/BRISK

Amongstavenuesfor further researchinto BRISK, we
aimto explorealternatvesto thescale-spacmaximasearch
of salieng scoredo yield higherrepeatabilitywhil st main-
tainingspeed Furthermorewe aim atanalyzingboththeo-
reticallyandexperimentallytheBRISK paternandthecon-

guration of comparisonssuchthattheinformaion content
and/orrobustnes®f thedescriptoris maximized.
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