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Abstract

We studythe questionof feature setsfor robustvisualob-
ject recaynition, adoptinglinear SVM basedhumandetec-
tion as a testcase After reviewing existing edge and gra-
dientbaseddescriptos, we showexperimentallythat grids
of Histogramsof OrientedGradient(HOG) descriptos sig-
ni cantly outperformexisting feature setsfor humandetec-
tion. We studythein uence of ead stage of the computation
on performance concludingthat ne-scale gradients, ne
orientation binning, relatively coarse spatial binning, and
high-qualitylocal contrastnormalizationin overlappingde-
scriptor blocks are all importantfor goodresults. The new
appmoad givesnearperfectsepaation on the original MIT
pedestriandatabase so we introducea more challenging
datasetcontainingover 1800annotatechumanimageswith
alargerance of posevariationsandbadkgrounds.

1 Intr oduction

Detectinghumansn imagesis a challengingtaskowing
to their variableappearancandthewide rangeof poseghat
they canadopt. The rst needis a robust featuresetthat
allows the humanform to be discriminatedcleanly evenin
clutteredbackgroundsinderdif cult illumination. We study
theissueof featuresetsfor humandetectionshowving thatlo-
cally normalizedHistogramof OrientedGradientf{HOG) de-
scriptorsprovide excellentperformanceelative to otherex-
isting featuresetsincludingwavelets[17,22]. Theproposed
descriptorsare reminiscentof edgeorientationhistograms
[4,5], SIFT descriptorg12] andshapecontets[1], but they
arecomputedon a densegrid of uniformly spacectellsand
they useoverlappinglocal contrastnormalizationsfor im-
provedperformanceWe make adetailedstudyof theeffects
of variousimplementatiorchoiceson detectomperformance,
taking“pedestriardetection’(thedetectiorof mostlyvisible
peoplein moreor lessuprightposesgsatestcase For sim-
plicity andspeedwe uselinear SVM asabaselineclassi er
throughouthestudy Thenew detectorgiive essentiallyper
fectresultsontheMIT pedestriatestset[18,17], sowe have
createda more challengingsetcontainingover 1800 pedes-

trian imageswith a large rangeof posesand backgrounds.

Ongoingwork suggestshatour featuresetperformsequally
well for othershape-basedbjectclasses.

We brie y discusspreviouswork on humandetectionin
X2, give an overvien of our methodx3, describeour data
setsin x4 andgive a detaileddescriptionand experimental
evaluationof eachstageof the processin x5—6. The main
conclusionsaresummarizedn X7.

2 PreviousWork

Thereis an extensve literature on object detection,but
herewe mentionjust a few relevantpaperson humandetec-
tion[18,17,22,16,20]. See[6] for asurey. Papageagiou et
al [18] describea pedestriametectotbasedn a polynomial
SVM usingrecti ed Haarwaveletsasinputdescriptorsyith
a parts(subwindav) basedvariantin [17]. Depoortereet al
give an optimizedversionof this [2]. Gavrila & Philomen
[8] take a moredirectapproachextractingedgeimagesand
matchingthemto a setof learnedexemplarsusing chamfer
distance.This hasbeenusedin a practicalreal-timepedes-
trian detectionsystem[7]. Viola etal [22] build anefcient
moving persondetectoy using AdaBoostto train a chainof
progressiely morecomplex region rejectionrulesbasedon
Haarlike waveletsand space-timeifferences. Ronfard et
al [19] build an articulatedbody detectorby incorporating
SVM basedimb classi ersover 15t and 2" orderGaussian
Iters in adynamicprogrammingramework similarto those
of Felzenszwlb & Huttenlocher[3] and loffe & Forsyth
[9]. Mikolajczyketal [16] usecombinationsof orientation-
positionhistogramswith binary-thresholdedradientmagni-
tudesto build a partsbasednethodcontainingdetectorgor
facesheadsandfront andsidepro les of upperandlower
body parts. In contrast,our detectorusesa simpler archi-
tecturewith a single detectionwindow, but appeargo give
signi cantly higherperformancen pedestriarimages.

3 Overview of the Method

This sectiongivesan overview of our featureextraction
chain,whichis summarizedn g. 1. Implementatiordetails
are postponeduntil x6. The methodis basedon evaluating
well-normalizedocal histogramsf imagegradientorienta-
tionsin a densegrid. Similar featureshave seenincreasing
useoverthe pastdecadd4,5,12,15]. Thebasicideais that
local objectappearancandshapecanoftenbecharacterized
ratherwell by the distribution of local intensitygradientsor
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Figurel. An overview of our featureextractionandobjectdetectionchain. The detectowindow is tiled with a grid of overlappingblocks
in which Histogramof OrientedGradientfeaturevectorsareextracted.Thecombinedvectorsarefedto alinear SVM for object/non-object
classi cation. Thedetectionwindow is scannedcrosgheimageat all positionsandscalesandcorventionalnon-maximunsuppression
is runonthe outputpyramidto detectobjectinstancesbut this paperconcentratesn the featureextractionprocess.

edgedirections,evenwithout preciseknowledgeof the cor

respondinggradientor edgepositions.In practicethisis im-

plementedy dividing the imagewindow into small spatial
regions(“cells’), for eachcell accumulatingalocal 1-D his-
togramof gradientdirectionsor edgeorientationsover the
pixelsof the cell. The combinedhistogramentriesform the
representationFor betterinvarianceto illumination, shad-
owing, etc, it is alsousefulto contrast-normaliz¢he local
responsebeforeusingthem. This canbe doneby accumu-
lating ameasuraf local histogrant‘enegy” over somavhat
largerspatialregions(“blocks’) andusingtheresultsto nor-

malizeall of the cellsin theblock. We will referto thenor

malizeddescriptorblocks asHistogram of OrientedGradi-

ent (HOG) descriptors. Tiling the detectionwindow with

a denseg(in fact, overlapping)grid of HOG descriptorsand
using the combinedfeaturevectorin a corventionalSVM

basedwindow classi er gives our humandetectionchain
(seegq. 1).

The useof orientationhistogramshas mary precursors
[13,4,5], but it only reachedmaturity whencombinedwith
local spatial histogrammingand normalizationin Lowe's
Scalelnvariant Feature Transformation(SIFT) approachto
wide baselineimage matching[12], in which it provides
the underlyingimage patch descriptorfor matchingscale-
invariantkeypoints. SIFT-style approacheperformremark-
ably well in this application[12,14]. The ShapeContet
work [1] studiedalternatie cell andblock shapesalbeitini-
tially usingonly edgepixel countswithout the orientation
histogrammingthat makes the representatiorso effective.
Thesuccessf thesesparsdeaturebasedepresentationsas
someavhatovershadwedthe powerandsimplicity of HOG's
asdensdmagedescriptorsWe hopethatour studywill help
to rectify this. In particular our informal experimentssug-
gestthateventhebestcurrentkeypointbasedapproacheare
likely to have falsepositive ratesat least1-2 ordersof mag-
nitudehigherthanour densegrid approachHor humandetec-
tion, mainly becausenoneof the keypoint detectorghat we
areawareof detecthumanbody structuregeliably.

The HOG/SIFTrepresentatiohassereraladvantageslt
capturesdgeor gradientstructurethatis very characteristic
of local shape andit doessoin a local representatiomvith
aneasilycontrollabledegreeof invarianceo localgeometric
and photometrictransformations translationsor rotations
male little differencef they aremuchsmallerthatthelocal
spatialor orientationbin size. For humandetection,rather

coarsespatialsampling, ne orientationsamplingandstrong
local photometrimormalizatiorturnsoutto bethebeststrat-
egy, presumablypecausé permitslimbsandbodysegments
to changeappearancandmove from sideto sidequitealot

providedthatthey maintainaroughlyuprightorientation.

4 Data Setsand Methodology

Datasets.We testedour detectoron two differentdatasets.
The rst is the well-establishedMIT pedestriandatabase
[18], containing509trainingand200testimagef pedestri-
ansin city scenegplusleft-rightre ectionsof these).It con-
tainsonly front or backviews with arelatively limited range
of poses.Our bestdetectorgyive essentiallyperfectresults
onthisdataset,sowe producedanew andsigni cantly more
challengingdataset, INRIA', containingl805 64 128im-
agesof humanscroppedfrom a variedsetof personapho-
tos. Fig. 2 showvs somesamples. The peopleare usually
standing,but appearin ary orientationand againsta wide
variety of backgroundmageincluding crowds. Marny are
bystandersakenfrom theimagebackgroundssothereis no
particularbiason their pose.The databasés availablefrom
http://learinrialpes.fr/datafor researchpurposes.

Methodology. We selectedl239 of the imagesas positive

training examples,togetherwith their left-right re ections

(2478imagesin all). A x edsetof 12180patchessampled
randomly from 1218 person-fregtraining photosprovided

theinitial negative set.For eachdetectomandparametecom-

binationa preliminarydetectoiis trainedandthe 1218nega-

tive training photosaresearchedxhaustiely for falseposi-

tives("hardexamples'). The methodis thenre-trainedusing
this augmentedset (initial 12180+ hard examples)to pro-

ducethe nal detector The setof hardexamplesis subsam-
pledif necessarysothatthe descriptorof the nal training

set t into 1.7 Gb of RAM for SVM training. This retrain-
ing processsigni cantly improvesthe performanceof each
detector(by 5% at 10 “ FalsePositvesPerWindow tested
(FPPW)for our default detector),but additionalroundsof

retrainingmale little differencesowe do notusethem.

To quantify detectorperformancewe plot DetectionEr-
ror Tradeof (DET) curveson alog-log scale,i.e. missrate
(1 Recall or mﬁ%) versusFPPW Lower val-
uesarebetter DET plotsareusedextensvely in speectand
in NIST evaluations.They presenthe sameinformationas
Recever OperatingCharacteristic$ROC's) but allow small



Figure2. Somesampleémagesfrom our nev humandetectiondatabaseThe subjectsarealwaysupright, but with somepartialocclusions
andawide rangeof variationsin pose appearanceslothing,illumination andbackground.

probabilitiesto be distinguishedmoreeasily We will often
usemissrateat 10 “FPPWasa referencepoint for results.
Thisis arbitrarybut no moresothan,e.g. AreaUnderROC.
In a multiscaledetectorit corresponds$o araw errorrateof
about0:8 falsepositivesper640 480imagetested.(Thefull

detectorhasan even lower falsepositive rate owing to non-
maximumsuppression) Our DET curvesare usually quite
shallov so even very smallimprovementsin missrate are
equialentto large gainsin FPPWat constantmissrate. For
example,for our default detectorat 1e-4 FPPW every 1%
absolutg9% relative) reductionin missrateis equialentto
reducingthe FPPWat constanmissrateby afactorof 1.57.

5 Overview of Results

Before presentingour detailedimplementationand per
formanceanalysis,we comparethe overall performanceof
our nal HOG detectorswith that of some other existing
methods. Detectorsbasedon rectangulafR-HOG) or cir-
cular log-polar (C-HOG) blocks andlinear or kernel SVM
arecomparedvith ourimplementationsf the Haarwavelet,
PCA-SIFT andshapecontet approachesBrie y , theseap-
proachesreasfollows:

GeneralizedHaar Wavelets. Thisis anextendedsetof ori-
entedHaarlik e waveletssimilarto (but betterthan)thatused
in [17]. Thefeaturesarerecti ed responsesrom 9 9 and
12 12oriented1stand2" derivative box lters at45 inter-
valsandthe correspondin@" derivativexy lter .

PCA-SIFT. Thesedescriptorarebasedn projectinggradi-
entimagesonto a basislearnedfrom trainingimagesusing
PCA[11]. Ke & Sukthankarfoundthatthey outperformed
SIFT for key pointbasedmatching,but thisis controversial
[14]. Ourimplementatiorusesl6 16 blockswith thesame
derivative scale,overlap,etc, settingsasour HOG descrip-
tors. The PCAbasisis calculatedusingpositive trainingim-
ages.

ShapeContexts. The original ShapeContexts [1] usedbi-
nary edge-presenceoting into log-polar spacedins, irre-
spectve of edgeorientation. We simulatethis usingour C-
HOG descriptor(seebelon) with just 1 orientationbin. 16
angularand3 radialintervalswith innerradius?2 pixelsand
outerradius 8 pixels gave the bestresults. Both gradient-

strengthand edge-presenckasedvoting were tested,with

the edgethresholdchoserautomaticallyto maximizedetec-
tion performancgthe valuesselectedvere somavhat vari-

able,in theregion of 20-50graylevels).

Results. Fig. 3 shavs the performancedf the variousdetec-
torsonthe MIT andINRIA datasets. The HOG-basedle-
tectorggreatlyoutperfornthewavelet,PCA-SIFTandShape
Contet ones giving nearperfectseparatioronthe MIT test
setand at leastan order of magnitudereductionin FPPW
ontheINRIA one. Our Haarlik e waveletsoutperformMIT
waveletshecauseve alsouse2™ orderderivativesandcon-
trastnormalizethe outputvector Fig. 3(a)alsoshavs MIT' s
bestpartsbasedandmonolithic detectorqthe pointsarein-
terpolatedrom [17]), howeverbewvarethatanexactcompar
isonis not possibleaswe do not know how the databasén
[17] wasdivided into training andtest partsandthe nega-
tive imagesusedarenot available. The performancesf the
nal rectangulafR-HOG) and circular (C-HOG) detectors
arevery similar, with C-HOG having the slight edge. Aug-
mentingR-HOG with primitive bar detectors(oriented2"
derivatives— "R2-HOG') doublesthe featuredimensionbut
further improvesthe performancgby 2% at 10 4 FPPW).
Replacingthe linear SVM with a Gaussiarkerneloneim-
provesperformancéy about3%at10 * FPPW atthe cost
of muchhigherrun times'. Using binary edgevoting (EC-
HOGQG) insteadof gradientmagnitudeweightedvoting (C-
HOG) decreaseperformanceby 5% at 10 4 FPPW while
omitting orientationinformationdecrease# by muchmore,
evenif additionalspatialor radialbinsareadded(by 33%at
10 4 FPPW,for both edges(E-ShapeCnd gradients(G-
ShapeC))PCA-SIFT also performspoorly. Onereasonis
that,in comparisorto [11], mary more(80 of 512)principal
vectorshave to beretainedo capturethe sameproportionof
thevariance.This may be becausehe spatialregistrationis
wealerwhenthereis no keypoint detector

6 Implementation and Performance Study

We now give detailsof our HOG implementationsand
systematicallystudythe effectsof thevariouschoicesonde-

1We usethe hardexamplesgeneratedy linear R-HOG to train the ker-
nel R-HOG detectoraskernelR-HOG generatesofew falsepositivesthat
its hardexamplesetis too sparseo improve thegeneralizatiorsigni cantly.
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Figure3. Theperformancef selectedletectoron (left) MIT and(right) INRIA datasets.Seethetext for details.

tectorperformanceThroughouthis sectionwe referresults
to our default detectorwhich hasthe following properties,
describedbelon: RGB colour spacewith no gammacor-

rection; [ 1;0; 1] gradient Iter with no smoothing linear
gradientvoting into 9 orientationbinsin 0 =180 ; 16 16
pixel blocksof four 8 8 pixel cells; Gaussiarspatialwin-

dowwith = 8pixel; L2-Hys(Lowe-styleclippedL2 norm)
block normalization block spacingstrideof 8 pixels(hence
4-fold coverageof eachcell); 64 128 detectionwindow;

linear SVM classi er.

Fig. 4 summarizeshe effectsof thevariousHOG param-
eterson overall detectionperformanceThesewill beexam-
inedin detailbelon. Themainconclusionsarethatfor good
performancepne shoulduse ne scalederivatives (essen-
tially no smoothing) mary orientationbins,andmoderately
sized,stronglynormalized pverlappingdescriptomlocks.

6.1 Gamma/Colour Normalization

We evaluatedseveral input pixel representationsiclud-
ing grayscaleRGB andLAB colour spaceptionally with
powerlaw (gammakqualizationThesenormalizationdhave
only a modesteffect on performanceperhapsbecausehe
subsequerdescriptonormalizatiorachievessimilarresults.
We do use colour information when available. RGB and
LAB colour spacegive comparablaesults,but restricting
to grayscalereducesperformancedy 1.5%at 10 4 FPPW
Squareootgammacompressiotof eachcolourchanneim-
proves performanceat low FPPW (by 1% at 10 4 FPPW
but log compressions too strongandworsensit by 2% at
10 4 FPPW

6.2 Gradient Computation

Detectorperformances sensitve to the way in which
gradientsare computed,but the simplestschemeturns out
to be the best. We testedgradientscomputedusing Gaus-
siansmoothingfollowed by one of several discretederiva-

tive masks. Several smoothingscaleswere testedinclud-
ing =0 (none). Maskstestedincludedvarious1-D point
derivatives(uncentred 1; 1], centred[ 1;0; 1] andcubic-
correctedl; 8;0;8; 1])aswell as3 3 Sobelmasksand
2 2diagonalones % § ; 2 (themostcompactcen-
tred 2-D derivative masks).Simple1-D [ 1, 0; 1] masksat

=0 work best. Using larger masksalways seemsto de-
creasgperformanceandsmoothingdamaged signi cantly:
for Gaussiarderivatives,moving from =0 to =2 reduces
the recall rate from 89%to 80% at 10 * FPPW. At =0,
cubiccorrectedl-D width 5 Iters areabout1% worsethan
[ 1,0;1]at10 4 FPPW while the2 2 diagonaimasksare
1.5%worse. Usinguncentred 1; 1] derivative masksalso
decreaseperformancgby 1.5%at 10 4 FPPW), presum-
ably becauserientationestimationsuffers asa resultof the
x andy lIters beingbasedatdifferentcentres.

For colour images,we calculateseparategradientsfor

eachcolourchannel andtake the onewith the largestnorm
asthe pixel's gradientvector

6.3 Spatial/ Orientation Binning

The next stepis the fundamentahonlinearityof the de-
scriptor Eachpixel calculatesa weightedvote for an edge
orientationhistogramchannebasedntheorientationof the
gradientelementcentredon it, andthe votesare accumu-
latedinto orientationbins over local spatialregionsthatwe
call cells Cellscanbeeitherrectangulaor radial (log-polar
sectors). The orientationbins are evenly spacedover 0 —
180 (“unsigned”gradient)or 0 —360 (“signed” gradient).
To reducealiasing,votesareinterpolatedilinearly between
the neighbouringbin centresin both orientationand posi-
tion. Thevoteis afunction of the gradientmagnitudeat the
pixel, eitherthe magnituddtself, its squarejts squareroot,
or a clippedform of the magnituderepresentingsoft pres-
ence/absencef an edgeat the pixel. In practice,usingthe
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Figure4. For detailsseethetext. (a) Using ne derivative scalesigni cantly increaseshe performance( c-cor' is the 1D cubic-corrected
point derivative). (b) Increasingthe numberof orientationbins increaseperformancesigni cantly up to about9 bins spacedover 0 —
180 . (c) Theeffect of differentblock normalizationschemegseex6.4). (d) Using overlappingdescriptoblocksdecreasethe missrate
by around5%. (e) Reducingthe 16 pixel magin aroundthe 64 128 detectionwindow decreasethe performancédy about3%. (f) Using

aGaussiarkernelSVM, exp(  kxi
magnitudetself givesthebestresults.Takingthesquareoot
reduceperformanceslightly, while usingbinary edgepres-
encevotingdecreasei signi cantly (by 5%at10 * FPPW.
Fine orientationcodingturnsout to be essentiafor good
performance whereas(see below) spatial binning can be
rathercoarse. As g. 4(b) shows, increasingthe number
of orientationbinsimprovesperformancesigni cantly upto
about9 bins, but makeslittle differencebeyond this. This
is for binsspacedver0 —180 , i.e. the “sign' of the gradi-
entis ignored.Includingsignedgradientgorientationrange
0 —360, asin the original SIFT descriptor)decreaseshe
performanceevenwhenthe numberof binsis alsodoubled
to presere the original orientationresolution. For humans,
the wide rangeof clothing andbackgroundcolourspresum-
ably makesthe signsof contrastsuninformative. However
notethatincluding signinformationdoeshelp substantially
in someotherobjectrecognitiontasks e.g. cars,motorbikes.

6.4 Normalization and Descriptor Blocks
Gradientstrengthssary over a wide rangeowing to local
variationsin illumination and foreground-backgound con-
trast, so effective local contrastnormalizationturns out to
be essentialfor good performance. We evaluateda num-

x2k?), improvesthe performancéy about3%.
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Figure5. Themissrateat 10 * FPPWasthe cell andblock sizes
change Thestride(block overlap)is x edathalf of theblock size.
3 3blocksof 6 6 pixel cellsperformbest,with 10.4%missrate.

ber of different normalizationschemes.Most of them are
basedon groupingcellsinto larger spatialblocks and con-
trastnormalizingeachblock separatelyThe nal descriptor
is thenthe vectorof all component®f the normalizedcell
responsegrom all of the blocksin the detectionwindow.



In fact, we typically overlapthe blocks so that eachscalar
cell responseontributesseseralcomponentso the nal de-
scriptorvector, eachnormalizedwith respecto a different
block. This may seemredundanbut goodnormalizationis

critical andincludingoverlapsigni cantly improvesthe per

formance Fig. 4(d) shavsthatperformancéncreaseby 4%
at10 4 FPPWaswe increasehe overlapfrom none(stride
16)to 16-fold areal 4-fold linearcoverage(stride4).

We evaluatedtwo classeof block geometriessquareor
rectangulabnespartitionedinto gridsof squareor rectangu-
lar spatialcells, andcircular blocks partitionedinto cellsin
log-polarfashion. We will referto thesetwo arrangements
asR-HOGandC-HOG (for rectangulaandcircularHOG).

R-HOG. R-HOGblockshave mary similaritiesto SIFT de-
scriptors[12] but they are usedquite differently They are
computedn densegrids at a single scalewithout dominant
orientationalignmentandusedaspartof alargercodevector
thatimplicitly encodespatialpositionrelative to the detec-
tion window, whereasSIFT's are computedat a sparseset
of scale-ivariantkey points,rotatedto align their dominant
orientationsandusedindividually. SIFT's areoptimizedfor
sparsewide baselinematching,R-HOG's for denserobust
coding of spatialform. Other precursordnclude the edge
orientationhistogramsof Freemar& Roth[4]. We usually
usesquareR-HOG's,i.e. & &gridsof pixel cellseach
containing orientationbins,where& ; areparameters.

Fig. 5 plotsthemissrateat10 4 FPPWw.r.t. cell sizeand
block sizein cells. For humandetection,3 3 cell blocks
of 6 6 pixel cells perform best, with 10.4% miss-rateat
10 4 FPPW In fact, 6-8 pixel wide cells do bestirrespec-
tive of the block size— aninterestingcoincidenceashuman
limbs are about6-8 pixels acrossin our images.2 2 and
3 3 blockswork best. Beyondthis, the resultsdeteriorate
adaptvity to localimagingconditionsis wealenedwhenthe
block becomegoo big, andwhenit is toosmall (1 1 block
/ normalizationover orientationsalone)valuablespatialin-
formationis suppressed.

Asin[12], it isusefulto downweightpixelsneartheedges
of the block by applyinga Gaussiarspatialwindow to each
pixel beforeaccumulatingorientationvotesinto cells. This
improvesperformancey 1% at 10 4 FPPWfor a Gaussian
with = 0:5 block_width.

We alsotried including multiple block typeswith differ-
entcell andblocksizesin theoveralldescriptor Thisslightly
improvesperformancéby around3%at10 4 FPPW), atthe
costof greatlyincreasedlescriptorsize.

BesidessquareR-HOG blocks, we also testedvertical
(2 1cell)andhorizontal(1 2 cell) blocksanda combined
descriptoincludingbothverticalandhorizontalpairs. Verti-
cal andvertical+horizontapairsaresigni cantly betterthan
horizontalpairsalone,but not asgoodas2 2 blocks (1%
worseat10 4 FPPW.

C-HOG. Our circular block (C-HOG) descriptorsare rem-
iniscentof ShapeContets [1] exceptthat, crucially, each
spatial cell containsa stack of gradient-weightedrienta-
tion cellsinsteadof a single orientation-independergdge-
presenceount. The log-polargrid wasoriginally suggested
by theideathatit would allow ne codingof nearbystruc-
ture to be combinedwith coarsercoding of wider context,
andthe factthat the transformatiorfrom the visual eld to
theV1 cortex in primateds logarithmic[21]. Howeversmall
descriptorswith very few radialbinsturnoutto give thebest
performancesoin practicethereis little inhomogeneityor
contet. It is probablybetterto think of C-HOG's simply as
anadwancedorm of centre-surroundoding.

We evaluatedtwo variants of the C-HOG geometry
oneswith a singlecircular centralcell (similar to

the GLOH featureof [14]), and oneswhosecen- @
tral cell is dividedinto angularsectorsasin shape

contets. We presentresultsonly for the circular
centrevariants,as thesehave fewer spatial cells
thanthedividedcentreonesandgivethesameper
formancein practice. A technicalreportwill provide fur-
ther details. The C-HOG layout hasfour parameters the
numbersf angularandradial bins; the radiusof the central
bin in pixels; andthe expansionfactorfor subsequentadii.
At leasttwo radial bins (a centreanda surround)and four
angularbins (quartering)are neededor goodperformance.
Including additionalradial bins doesnot changethe perfor
mancemuch, while increasingthe numberof angularbins
decreasegperformancelby 1.3% at 10 4 FPPWwhen go-
ing from 4 to 12 angularbins). 4 pixelsis the bestradius
for the centralbin, but 3 and5 give similar results.Increas-
ing the expansionfactorfrom 2 to 3 leavesthe performance
essentiallyunchangedwWith theseparameterqjeitherGaus-
sianspatialweightingnor inverseweightingof cell votesby
cell areachangeghe performancebut combiningthesetwo
reducesslightly. Thesevaluesassumene orientationsam-
pling. Shapecontets (1 orientationbin) requiremuch ner
spatialsubdvisionto work well.

Block Normalization schemes.We evaluatedfour differ-
entblock normalizationrschemegor eachof theabore HOG
geometries. Let v be the unnormalizeddescriptorvector,
kvkyg beits k-norm for k=1; 2, and beﬁ small constant.
The schemesre: (a) L2-norm v ! v= kvkZ+ 2; (b)
L2-Hys L2-norm followed by clipping (limiting the maxi-
mum valuesof v to 0.2) andrenormalizing,asin [12]; (c)
L1-normv ! v=(kvk; + ); and(d) L1-sqgrt L1-normfol-
lowedby squarerootv ! v=(kvk; + ), whichamounts
to treatingthe descriptorvectorsasprobability distributions
andusingthe Bhattacharyaistancebetweerthem.Fig. 4(c)
shavsthatL2-Hys,L2-normandL1-sqgrtall performequally
well, while simple L1-norm reducesperformanceby 5%,
and omitting normalizationentirely reducesit by 27%, at
10 4 FPPW Someregularization is neededaswe evalu-



atedescriptorglenselyincluding on emptypatchesput the
resultsareinsensitve to 'svalueoveralargerange.

Centre-surround normalization. We alsoinvestigatedan
alternatve centre-surroundtyle cell normalizationscheme,
in which the imageis tiled with a grid of cells and for
eachcell the total enegy in the cell andits surroundinge-
gion (summedover orientationsand pooledusing Gaussian
weighting)is usedto normalizethecell. Howeveras g. 4(c)
(“windownornt’) shavs, thisdecreasegerformanceelative
to the correspondingblock basedscheme(by 2% at 10 4
FPPW, for poolingwith =1 cell widths). Onereasonis
thatthereareno longerary overlappingblockssoeachcell
is codedonly oncein the nal descriptor Including several
normalizationgor eachcell basedndifferentpoolingscales

providesnoperceptibleehangdn performancesoit seems
thatit is the existenceof severalpoolingregionswith differ-
ent spatialoffsetsrelative to the cell thatis importanthere,
notthe poolingscale.

To clarify this point, considerthe R-HOG detectorwith
overlappingblocks. The coefcients of the trainedlinear
SVM give a measuref how muchweighteachcell of each
blockcanhavein the nal discriminationdecision.Closeex-
aminationof g. 6(b,f) shavs thatthe mostimportantcells
aretheoneghattypically containmajorhumancontourges-
pecially the headand shouldersand the feet), normalized
w.r.t. blocks lying outsidethe contour In otherwords —
despitethe comple, clutteredbackgroundghat are com-
monin our training set— the detectorcuesmainly on the
contrastof silhouettecontoursagainstthe backgroundnot
oninternaledgesor on silhouettecontoursagainstthe fore-
ground. Patternedclothing and posevariationsmay make
internalregionsunreliableascues,or foreground-to-contar
transitionsmay be confusedby smoothshadingand shad-
owing effects. Similarly, g. 6(c,g)illustratethatgradients
insidetheperson(especiallyerticalones)typically countas
negative cues presumablypecausehis suppressefalsepos-
itivesin which long vertical lines trigger vertical headand
leg cells.

6.5 DetectorWindow and Context

Our 64 128detectionwindow includesaboutl16 pixels
of mamin aroundthe personon all four sides. Fig. 4(e)
shaws thatthis borderprovidesa signi cant amountof con-
text that helpsdetection. Decreasingt from 16 to 8 pixels
(48 112 detectionwindow) decreasegperformancedy 6%
at10 * FPPW Keepinga 64 128window but increasing
thepersorsizewithin it (againdecreasingheborder)causes
a similar lossof performanceeventhoughthe resolutionof
the personis actuallyincreased.

6.6 Classier

By default we usea soft (C=0:01) linear SVM trained
with SVMLight [10] (slightly modi ed to reducememory
usagefor problemswith largedensedescriptovectors).Us-

ing a GaussiarkernelSVM increaseperformancédy about
3%at10 4 FPPWatthecostof amuchhigherruntime.

6.7 Discussion

Overall, thereare seseral notable ndings in this work.
The fact that HOG greatly out-performswavelets and that
ary signi cant degreeof smoothingbeforecalculatinggra-
dientsdamageghe HOG resultsemphasizeshat much of
the availableimageinformationis from abruptedgesat ne
scalesandthatblurring thisin the hopeof reducingthesen-
sitivity to spatialpositionis a mistale. Instead,gradients
shouldbecalculatedchtthe nest availablescalein thecurrent
pyramid layer, recti ed or usedfor orientationvoting, and
only thenblurredspatially Giventhis, relatively coarsespa-
tial quantizatiorsufces (8 8 pixel cells/ onelimb width).
On the otherhand, at leastfor humandetection,it paysto
sampleorientationrather nely: both waveletsand shape
contets loseout signi cantly here.

Secondly stronglocal contrastnormalizationis essen-
tial for good results,and traditional centre-surroundstyle
schemesare not the best choice. Better results can be
achiezed by normalizingeachelement(edge,cell) several
timeswith respectto differentlocal supports,and treating
theresultsasindependensignals. In our standarddetector
eachHOG cell appeardgour timeswith differentnormaliza-
tions and including this “redundant'informationimproves
performancdrom 84%to 89%at 10 4 FPPW

7 Summary and Conclusions

We have shawn that usinglocally normalizedhistogram
of gradientorientationsfeaturessimilar to SIFT descriptors
[12] in a denseoverlappinggrid givesvery goodresultsfor
persondetection reducingfalsepositive ratesby morethan
anorderof magnitudeelative to thebestHaarwaveletbased
detectorfrom [17]. We studiedthe in uence of variousde-
scriptorparametersind concludecthat ne-scalegradients,
ne orientationbinning, relatively coarsespatial binning,
andhigh-qualitylocal contrasinormalizationin overlapping
descriptorblocks are all importantfor good performance.
We alsointroduceda new and more challengingpedestrian
databaseyhichis publicly available.

Futur e work: Althoughour currentlinear SVM detectoris
reasonablefcient —processing@ 320 240scale-spacin-
age(4000detectionwindows)in lessthana second-thereis
still roomfor optimizationandto furtherspeedup detections
it would be usefulto develop a coarse-to- neor rejection-
chainstyle detectohasedon HOG descriptors We arealso
workingonHOG-basedletectorghatincorporatenotionin-
formation using block matchingor optical ow elds. Fi-
nally, althoughthe current x ed-template-styleletectorhas
provendif cult to beatfor fully visible pedestrianshumans
are highly articulatedand we believe thatincluding a parts
basednodelwith a greaterdegreeof local spatialinvariance
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Figure 6. Our HOG detectorscue mainly on silhouettecontours(especiallythe head,shouldersandfeet). The mostactive blocks are
centredon the imagebackgroundust outsidethe contour (a) The averagegradientimageover the training examples. (b) Each“pixel”

shavs the maximumpositive SVM weightin the block centredon the pixel. (c) Likewise for the negative SVM weights.(d) A testimage.
(e) It'scomputedR-HOG descriptor (f,g) The R-HOG descriptomweightedby respectiely the positive andthe negative SVM weights.

would help to improve the detectionresultsin moregeneral
situations.
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