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Abstract
Goal
A very fast,highquality cornerdetector.

Con tributions

1.The segment-test algorithm for detecting fea-
tures.

2.Machinelearningusedto createverye�cient im-
plementation: the FAST feature detector.

3.Extensive testingof the newdetectoragainstex-
isting ones.

Results

1.Extremelyfast featuredetector:usesless than
7% of theavailableCPUtime in livevideofeeds.

2.Veryhighquality: FAST outperformedtheother
detectorsin repeatability.

3.Veri�able results : the cornerdetectorand
testingdatasetsareavailablefor download.

The Segment-T est Algorithm
If � N contiguouspixelsin a Bresenhamcircleof
radius r arounda centre pixel p are all brighter
than p by somethresholdor all darker than p by
somethreshold,then thereis a featureat p.
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r = 3 and N = 12. Pixels11{16and 1{6 areall
brighter than p, sop is a feature.

FAST: Features from Accelerated
Segment Test
Thesegment testalgorithmis usefulbecauseit can
be madeto be very computationallye�cient.

Considerthe casewhereN = 12andr = 3: Pixels
1 and 9 are tested �rst. If theseare similar in
intensity to p, then p cannotbe a feature. Then
5 followed by 13 are tested,with the samelogic
appliedat each step.

For N = 12,at least12pixelsneedto be testedto
tell if p is a feature,but only 2 tests may be
required to tell that p is not a feature.

Problems:

1.N = 12is not the bestchoice
2.The orderingof questionsis not optimal
3.Multiple featuresare detectedadjacent to one

another(seethe accompanying paper for the so-
lution to this).

Even FAST er
The segment-test algorithmcanbe implemnted ef-
�ciently by learninga decisiontreeusingID3 [1].

� Every pixel can be classi�ed as a feature or
non-feature (accordingto the segment-test al-
gorithm).

� Every pixel has16 attributes, correspondingto
the 16pixelsin the ring (for r = 3). Attributes
are:
1 if intensity > centre + threshold(i.e. brighter),

-1 if intensity < centre � threshold(i.e. darker),
0 otherwise.

� A decisiontree canclassifya pixel asa feature
or non-feature,giventhe attributes.

The FAST cornerdetectoris then learnedas fol-
lows:

1.Classifyandextractattributesfor all pixelsin a
videosequence.

2.For each pixel,ask: is attribute `� ' equal to
0, 1 or -1?
This splits the list of pixelsin to 3 sublists:

list 1: attribute � is 1,
list 2: attribute � is 0,
list 3: attribute � is -1.

The questionis chosento give the greatesten-
tropy reduction.

3.For each sublist,aska newquestionwhich splits
each sublistin to a further 3 sublists.

4.Repeat the processfor all sublistsuntil the en-
tropy is reducedto zero,i.e. the sublistcontains
eitherall featuresor all non-features.

For speed,the resultingtreeof questionsis output
directly asC code and compiled.This appearsas
a longlist of nestedif-elsestatements:

Approximately onethird of the C-code generated
for the 9 point FAST detector,shown in a very
smallfont. A total of 4235linesof codearegener-
ated.
For N = 9 and r = 3 only 2.26questionsare
requiredon averageto classifya pixel.

Rep eatabilit y Evaluation
Thesamesceneviewedfromtwo di�erent positions
shouldyieldfeatureswhich correspondto thesame
real-world 3D locations[2]. Repeatability is mea-
suredas the percentageof featuresdetectedfrom
view1 which arealsodetectedin view2.

to match frame 2

Warp frame 1

features in frame 2

positions to detected

warped feature

compare 

Detect features in frame 1 Detect features in frame 2

A geometricmodelisusedto computehow to warp
frame1 to frame2. Lucas-Kanade(with simulated
annealing)is usedto alignall pairsof imagessmul-
taneously.

To test the detectorthoroughly, several data sets
whereusedwith di�erent properties:

Two examplarsfrom each test dataset:(left) pla-
nar texture,(centre) geometriccorners,(right) bas-
relieftexture. Notethe largechangesin viewpoint.

Thesetest repeatability for:
Planar: mostlya�ne warping.
Geometric: backgroundvarying seperately from

foreground.
Bas-relief: non-a�ne warping.

Whic h FAST is best?
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Repeatability for FAST on the bas-reliefdataset.

FAST with N = 9 is bestFAST detector.
Notethat FAST with N < 9 respondsstronglyto
edges.For further tests,only resultsfor the best
FAST (N = 9) and the originalFAST (N = 12)
will be shown.

How good is FAST?

To test FAST'squality, it is comparedto a variety
of detectors:[3, 4, 5, 6, 7].

Fast 9
Fast 12
Harris
Shi & Tomasi
DoG
Harris-Laplace
SUSAN
Random
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Repeatability resultsfor the threedatasets.

FAST with N = 9 signi�cantly outperformsthe
otherdetectors.

Noise Performance

Fast 9
Fast 12
Harris
Shi & Tomasi
DoG
Harris-Laplace
SUSAN
Random
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FAST performsquite poorly whenthe amount of
addednoisegetslarge. The smallnumber of pix-
elsaccessedleave little opportunity to smooth out
noise.Note that the noiseis addedin addition to
considerableamounts of imagingnoise.

Speed Evaluation
The followingdetectorshave beencompared:

� The treebasedFAST-9andFAST-12

� The originalFAST-12

� E�cien t DoGandHarris implementations

� The heavily optimizedSUSANreferenceimple-
mentation.

Detector Opteron2.6GHzPentium III 850MHz
ms % ms %

FAST 9 1.33 6.65 5.29 26.5
FAST 12 1.34 6.70 4.60 23.0
Old FAST 12 1.59 7.95 9.60 48.0
SUSAN 7.58 37.9 27.5 137.5
Harris 24.0 120 166 830
DoG 60.1 301 345 1280

ThebestFAST detector(in termsof both repeata-
bility and speed)is over 5 times fasterthan the
the quickestnon-FAST detector.

Conclusions
1.FAST 9 producesvery high quality features,as

measuredby repeatability.

2.Machine learningis usedto producea very e�-
cient implemtation of FAST.

Skeptical?
Get the sourcecode and the test datasetsfrom:
http://mi.eng.cam.ac.uk/~er258/work/fast.html
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