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Abstract
We studythequestionof featuresetsfor robustvisualob-

ject recognition, adoptinglinear SVMbasedhumandetec-
tion as a testcase. After reviewing existing edge and gra-
dient baseddescriptors, we showexperimentallythat grids
of Histogramsof OrientedGradient(HOG) descriptors sig-
ni�cantly outperformexisting feature setsfor humandetec-
tion. Westudythein�uenceof each stageof thecomputation
on performance, concludingthat �ne-scale gradients,�ne
orientation binning, relatively coarse spatial binning, and
high-qualitylocal contrastnormalizationin overlappingde-
scriptor blocksare all importantfor goodresults.Thenew
approach givesnear-perfectseparation on theoriginal MIT
pedestriandatabase, so we introducea more challenging
datasetcontainingover 1800annotatedhumanimageswith
a large rangeof posevariationsandbackgrounds.

1 Intr oduction
Detectinghumansin imagesis a challengingtaskowing

to theirvariableappearanceandthewiderangeof posesthat
they can adopt. The �rst needis a robust featureset that
allows thehumanform to be discriminatedcleanly, even in
clutteredbackgroundsunderdif�cult illumination. Westudy
theissueof featuresetsfor humandetection,showing thatlo-
cally normalizedHistogramof OrientedGradient(HOG)de-
scriptorsprovideexcellentperformancerelative to otherex-
isting featuresetsincludingwavelets[17,22]. Theproposed
descriptorsare reminiscentof edgeorientationhistograms
[4,5], SIFT descriptors[12] andshapecontexts [1], but they
arecomputedon a densegrid of uniformly spacedcellsand
they useoverlappinglocal contrastnormalizationsfor im-
provedperformance.Wemakeadetailedstudyof theeffects
of variousimplementationchoiceson detectorperformance,
taking“pedestriandetection”(thedetectionof mostlyvisible
peoplein moreor lessuprightposes)asa testcase.For sim-
plicity andspeed,we uselinearSVM asabaselineclassi�er
throughoutthestudy. Thenew detectorsgiveessentiallyper-
fectresultsontheMIT pedestriantestset[18,17],sowehave
createda morechallengingsetcontainingover 1800pedes-
trian imageswith a large rangeof posesandbackgrounds.
Ongoingwork suggeststhatour featuresetperformsequally
well for othershape-basedobjectclasses.

We brie�y discusspreviouswork on humandetectionin
x2, give an overview of our methodx3, describeour data
setsin x4 andgive a detaileddescriptionandexperimental
evaluationof eachstageof the processin x5–6. The main
conclusionsaresummarizedin x7.

2 PreviousWork

Thereis an extensive literatureon object detection,but
herewe mentionjust a few relevantpaperson humandetec-
tion [18,17,22,16,20]. See[6] for asurvey. Papageorgiouet
al [18] describeapedestriandetectorbasedonapolynomial
SVM usingrecti�ed Haarwaveletsasinputdescriptors,with
a parts(subwindow) basedvariantin [17]. Depoortereet al
give an optimizedversionof this [2]. Gavrila & Philomen
[8] take a moredirectapproach,extractingedgeimagesand
matchingthemto a setof learnedexemplarsusingchamfer
distance.This hasbeenusedin a practicalreal-timepedes-
trian detectionsystem[7]. Viola et al [22] build anef�cient
moving persondetector, usingAdaBoostto train a chainof
progressively morecomplex region rejectionrulesbasedon
Haar-like waveletsandspace-timedifferences.Ronfard et
al [19] build an articulatedbody detectorby incorporating
SVM basedlimb classi�ersover 1st and2nd orderGaussian
�lters in adynamicprogrammingframeworksimilarto those
of Felzenszwalb & Huttenlocher[3] and Ioffe & Forsyth
[9]. Mikolajczyket al [16] usecombinationsof orientation-
positionhistogramswith binary-thresholdedgradientmagni-
tudesto build a partsbasedmethodcontainingdetectorsfor
faces,heads,andfront andsidepro�les of upperandlower
body parts. In contrast,our detectorusesa simplerarchi-
tecturewith a singledetectionwindow, but appearsto give
signi�cantly higherperformanceonpedestrianimages.

3 Overview of the Method

This sectiongivesan overview of our featureextraction
chain,which is summarizedin �g. 1. Implementationdetails
arepostponeduntil x6. The methodis basedon evaluating
well-normalizedlocal histogramsof imagegradientorienta-
tions in a densegrid. Similar featureshave seenincreasing
useover thepastdecade[4,5,12,15]. Thebasicideais that
localobjectappearanceandshapecanoftenbecharacterized
ratherwell by thedistribution of local intensitygradientsor

1



colour

Normalize
gamma & gradients

Compute into spatial &
Weighted vote

orientation cells

Input
image over detection

window

Collect HOG's

SVM
Linear non-person

classification

Person /

spatial blocks
over overlapping
Contrast normalize

Figure1. An overview of our featureextractionandobjectdetectionchain.Thedetectorwindow is tiled with a grid of overlappingblocks
in whichHistogramof OrientedGradientfeaturevectorsareextracted.Thecombinedvectorsarefedto alinearSVM for object/non-object
classi�cation.Thedetectionwindow is scannedacrosstheimageat all positionsandscales,andconventionalnon-maximumsuppression
is runon theoutputpyramidto detectobjectinstances,but this paperconcentrateson thefeatureextractionprocess.

edgedirections,evenwithout preciseknowledgeof thecor-
respondinggradientor edgepositions.In practicethis is im-
plementedby dividing the imagewindow into small spatial
regions(“cells”), for eachcell accumulatinga local1-D his-
togramof gradientdirectionsor edgeorientationsover the
pixelsof thecell. Thecombinedhistogramentriesform the
representation.For betterinvarianceto illumination, shad-
owing, etc., it is alsouseful to contrast-normalizethe local
responsesbeforeusingthem. This canbedoneby accumu-
latingameasureof localhistogram“energy” oversomewhat
largerspatialregions(“blocks”) andusingtheresultsto nor-
malizeall of thecells in theblock. We will referto thenor-
malizeddescriptorblocksasHistogram of OrientedGradi-
ent (HOG) descriptors. Tiling the detectionwindow with
a dense(in fact, overlapping)grid of HOG descriptorsand
using the combinedfeaturevector in a conventionalSVM
basedwindow classi�er gives our humandetectionchain
(see�g. 1).

The useof orientationhistogramshasmany precursors
[13,4,5], but it only reachedmaturitywhencombinedwith
local spatial histogrammingand normalizationin Lowe's
ScaleInvariant Feature Transformation(SIFT) approachto
wide baselineimage matching[12], in which it provides
the underlyingimagepatchdescriptorfor matchingscale-
invariantkeypoints.SIFT-styleapproachesperformremark-
ably well in this application[12,14]. The ShapeContext
work [1] studiedalternativecell andblockshapes,albeitini-
tially using only edgepixel countswithout the orientation
histogrammingthat makes the representationso effective.
Thesuccessof thesesparsefeaturebasedrepresentationshas
somewhatovershadowedthepowerandsimplicity of HOG's
asdenseimagedescriptors.Wehopethatourstudywill help
to rectify this. In particular, our informal experimentssug-
gestthateventhebestcurrentkeypointbasedapproachesare
likely to have falsepositive ratesat least1–2ordersof mag-
nitudehigherthanourdensegrid approachfor humandetec-
tion, mainly becausenoneof thekeypoint detectorsthatwe
areawareof detecthumanbodystructuresreliably.

TheHOG/SIFTrepresentationhasseveraladvantages.It
capturesedgeor gradientstructurethatis verycharacteristic
of local shape,andit doesso in a local representationwith
aneasilycontrollabledegreeof invarianceto localgeometric
and photometrictransformations: translationsor rotations
make little differenceif they aremuchsmallerthat thelocal
spatialor orientationbin size. For humandetection,rather

coarsespatialsampling,�ne orientationsamplingandstrong
localphotometricnormalizationturnsoutto bethebeststrat-
egy, presumablybecauseit permitslimbsandbodysegments
to changeappearanceandmove from sideto sidequitea lot
providedthatthey maintaina roughlyuprightorientation.

4 Data Setsand Methodology

Datasets.We testedour detectoron two differentdatasets.
The �rst is the well-establishedMIT pedestriandatabase
[18], containing509trainingand200testimagesof pedestri-
ansin city scenes(plusleft-right re�ectionsof these).It con-
tainsonly front or backviewswith a relatively limited range
of poses.Our bestdetectorsgive essentiallyperfectresults
onthisdataset,soweproducedanew andsigni�cantly more
challengingdataset,`INRIA', containing1805 64� 128im-
agesof humanscroppedfrom a variedsetof personalpho-
tos. Fig. 2 shows somesamples. The peopleare usually
standing,but appearin any orientationand againsta wide
variety of backgroundimageincluding crowds. Many are
bystanderstakenfrom theimagebackgrounds,sothereis no
particularbiason their pose.Thedatabaseis availablefrom
http://lear.inrialpes.fr/datafor researchpurposes.

Methodology. We selected1239of the imagesaspositive
training examples,togetherwith their left-right re�ections
(2478imagesin all). A �x edsetof 12180patchessampled
randomly from 1218 person-freetraining photosprovided
theinitial negativeset.For eachdetectorandparametercom-
binationapreliminarydetectoris trainedandthe1218nega-
tive trainingphotosaresearchedexhaustively for falseposi-
tives(`hardexamples').Themethodis thenre-trainedusing
this augmentedset (initial 12180+ hardexamples)to pro-
ducethe�nal detector. Thesetof hardexamplesis subsam-
pledif necessary, sothat thedescriptorsof 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� 4 FalsePositivesPerWindow tested
(FPPW)for our default detector),but additionalroundsof
retrainingmake little differencesowe donotusethem.

To quantify detectorperformancewe plot DetectionEr-
ror Tradeoff (DET) curveson a log-log scale,i.e. missrate
( 1� Recall or FalseNeg

TrueP os+F alseNeg ) versusFPPW. Lower val-
uesarebetter. DET plotsareusedextensively in speechand
in NIST evaluations.They presentthesameinformationas
Receiver OperatingCharacteristics(ROC's) but allow small



Figure2. Somesampleimagesfrom ournew humandetectiondatabase.Thesubjectsarealwaysupright,but with somepartialocclusions
anda wide rangeof variationsin pose,appearance,clothing,illuminationandbackground.

probabilitiesto bedistinguishedmoreeasily. We will often
usemissrateat 10� 4FPPWasa referencepoint for results.
This is arbitrarybut no moresothan,e.g. AreaUnderROC.
In a multiscaledetectorit correspondsto a raw errorrateof
about0:8 falsepositivesper640� 480imagetested.(Thefull
detectorhasanevenlower falsepositive rateowing to non-
maximumsuppression).Our DET curvesareusuallyquite
shallow so even very small improvementsin miss rate are
equivalentto largegainsin FPPWat constantmissrate.For
example,for our default detectorat 1e-4FPPW, every 1%
absolute(9% relative) reductionin missrateis equivalentto
reducingtheFPPWatconstantmissrateby a factorof 1.57.

5 Overview of Results

Beforepresentingour detailedimplementationand per-
formanceanalysis,we comparethe overall performanceof
our �nal HOG detectorswith that of someother existing
methods. Detectorsbasedon rectangular(R-HOG) or cir-
cular log-polar (C-HOG) blocksandlinear or kernelSVM
arecomparedwith our implementationsof theHaarwavelet,
PCA-SIFT, andshapecontext approaches.Brie�y , theseap-
proachesareasfollows:

GeneralizedHaar Wavelets.This is anextendedsetof ori-
entedHaar-likewaveletssimilarto (but betterthan)thatused
in [17]. The featuresarerecti�ed responsesfrom 9� 9 and
12� 12oriented1st and2nd derivativebox �lters at45� inter-
valsandthecorresponding2nd derivativexy �lter .

PCA-SIFT. Thesedescriptorsarebasedonprojectinggradi-
ent imagesonto a basislearnedfrom training imagesusing
PCA [11]. Ke & Sukthankarfound that they outperformed
SIFT for key point basedmatching,but this is controversial
[14]. Our implementationuses16� 16 blockswith thesame
derivative scale,overlap,etc., settingsasour HOG descrip-
tors.ThePCAbasisis calculatedusingpositive trainingim-
ages.

ShapeContexts. The original ShapeContexts [1] usedbi-
nary edge-presencevoting into log-polarspacedbins, irre-
spective of edgeorientation.We simulatethis usingour C-
HOG descriptor(seebelow) with just 1 orientationbin. 16
angularand3 radial intervalswith innerradius2 pixelsand
outer radius8 pixels gave the bestresults. Both gradient-

strengthand edge-presencebasedvoting were tested,with
theedgethresholdchosenautomaticallyto maximizedetec-
tion performance(the valuesselectedweresomewhat vari-
able,in theregionof 20–50graylevels).

Results.Fig. 3 shows theperformanceof thevariousdetec-
tors on theMIT andINRIA datasets.The HOG-basedde-
tectorsgreatlyoutperformthewavelet,PCA-SIFTandShape
Context ones,giving near-perfectseparationon theMIT test
set and at leastan order of magnitudereductionin FPPW
on theINRIA one.Our Haar-like waveletsoutperformMIT
waveletsbecausewe alsouse2nd orderderivativesandcon-
trastnormalizetheoutputvector. Fig.3(a)alsoshowsMIT' s
bestpartsbasedandmonolithicdetectors(thepointsarein-
terpolatedfrom [17]), howeverbewarethatanexactcompar-
ison is not possibleaswe do not know how thedatabasein
[17] wasdivided into training and test partsand the nega-
tive imagesusedarenot available.Theperformancesof the
�nal rectangular(R-HOG) andcircular (C-HOG) detectors
arevery similar, with C-HOGhaving theslight edge.Aug-
mentingR-HOG with primitive bar detectors(oriented2nd

derivatives– `R2-HOG') doublesthe featuredimensionbut
further improvesthe performance(by 2% at 10� 4 FPPW).
Replacingthe linear SVM with a Gaussiankernelone im-
provesperformanceby about3% at 10� 4 FPPW, at thecost
of muchhigherrun times1. Using binary edgevoting (EC-
HOG) insteadof gradientmagnitudeweightedvoting (C-
HOG) decreasesperformanceby 5% at 10� 4 FPPW, while
omittingorientationinformationdecreasesit by muchmore,
evenif additionalspatialor radialbinsareadded(by 33%at
10� 4 FPPW,for both edges(E-ShapeC)andgradients(G-
ShapeC)).PCA-SIFT alsoperformspoorly. Onereasonis
that,in comparisonto [11], many more(80of 512)principal
vectorshaveto beretainedto capturethesameproportionof
thevariance.This maybebecausethespatialregistrationis
weakerwhenthereis nokeypointdetector.

6 Implementation and PerformanceStudy

We now give detailsof our HOG implementationsand
systematicallystudytheeffectsof thevariouschoicesonde-

1Weusethehardexamplesgeneratedby linear R-HOGto train theker-
nel R-HOGdetector, askernelR-HOGgeneratessofew falsepositivesthat
its hardexamplesetis toosparseto improvethegeneralizationsigni�cantly.
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Figure3. Theperformanceof selecteddetectorson (left) MIT and(right) INRIA datasets.Seethetext for details.

tectorperformance.Throughoutthis sectionwe referresults
to our default detectorwhich hasthe following properties,
describedbelow: RGB colour spacewith no gammacor-
rection; [� 1; 0; 1] gradient�lter with no smoothing; linear
gradientvoting into 9 orientationbins in 0� –180� ; 16� 16
pixel blocksof four 8� 8 pixel cells; Gaussianspatialwin-
dow with � = 8 pixel; L2-Hys(Lowe-styleclippedL2 norm)
block normalization; block spacingstrideof 8 pixels(hence
4-fold coverageof eachcell); 64� 128 detectionwindow;
linearSVM classi�er.

Fig. 4 summarizestheeffectsof thevariousHOGparam-
eterson overalldetectionperformance.Thesewill beexam-
inedin detailbelow. Themainconclusionsarethatfor good
performance,one shoulduse�ne scalederivatives(essen-
tially nosmoothing),many orientationbins,andmoderately
sized,stronglynormalized,overlappingdescriptorblocks.

6.1 Gamma/Colour Normalization
We evaluatedseveral input pixel representationsinclud-

ing grayscale,RGB andLAB colourspacesoptionallywith
powerlaw (gamma)equalization.Thesenormalizationshave
only a modesteffect on performance,perhapsbecausethe
subsequentdescriptornormalizationachievessimilarresults.
We do usecolour information when available. RGB and
LAB colour spacesgive comparableresults,but restricting
to grayscalereducesperformanceby 1.5% at 10� 4 FPPW.
Squarerootgammacompressionof eachcolourchannelim-
provesperformanceat low FPPW(by 1% at 10� 4 FPPW)
but log compressionis too strongandworsensit by 2% at
10� 4 FPPW.

6.2 Gradient Computation
Detectorperformanceis sensitive to the way in which

gradientsarecomputed,but the simplestschemeturnsout
to be the best. We testedgradientscomputedusingGaus-
siansmoothingfollowed by oneof several discretederiva-

tive masks. Several smoothingscaleswere testedinclud-
ing � =0 (none). Maskstestedincludedvarious1-D point
derivatives(uncentred[� 1; 1], centred[� 1; 0; 1] andcubic-
corrected[1; � 8; 0; 8; � 1]) aswell as3� 3 Sobelmasksand
2� 2 diagonalones

�
0 1

� 1 0

�
;
�

� 1 0
0 1

�
(themostcompactcen-

tred 2-D derivative masks).Simple1-D [� 1; 0; 1] masksat
� =0 work best. Using larger masksalways seemsto de-
creaseperformance,andsmoothingdamagesit signi�cantly :
for Gaussianderivatives,moving from � =0 to � =2 reduces
the recall ratefrom 89% to 80% at 10� 4 FPPW. At � =0 ,
cubiccorrected1-D width 5 �lters areabout1% worsethan
[� 1; 0; 1] at10� 4 FPPW, while the2� 2 diagonalmasksare
1.5%worse. Usinguncentred[� 1; 1] derivative masksalso
decreasesperformance(by 1.5% at 10� 4 FPPW), presum-
ably becauseorientationestimationsuffersasa resultof the
x andy �lters beingbasedatdifferentcentres.

For colour images,we calculateseparategradientsfor
eachcolourchannel,andtake theonewith the largestnorm
asthepixel'sgradientvector.

6.3 Spatial / Orientation Binning
The next stepis the fundamentalnonlinearityof the de-

scriptor. Eachpixel calculatesa weightedvote for an edge
orientationhistogramchannelbasedontheorientationof the
gradientelementcentredon it, and the votesare accumu-
latedinto orientationbins over local spatialregionsthatwe
call cells. Cellscanbeeitherrectangularor radial(log-polar
sectors). The orientationbins are evenly spacedover 0� –
180� (“unsigned”gradient)or 0� –360� (“signed” gradient).
To reducealiasing,votesareinterpolatedbilinearlybetween
the neighbouringbin centresin both orientationand posi-
tion. Thevoteis a functionof thegradientmagnitudeat the
pixel, eitherthemagnitudeitself, its square,its squareroot,
or a clipped form of the magnituderepresentingsoft pres-
ence/absenceof an edgeat thepixel. In practice,usingthe
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Figure4. For detailsseethetext. (a) Using�ne derivative scalesigni�cantly increasestheperformance.(`c-cor' is the1D cubic-corrected
point derivative). (b) Increasingthe numberof orientationbins increasesperformancesigni�cantly up to about9 bins spacedover 0� –
180� . (c) Theeffect of differentblock normalizationschemes(seex6.4). (d) Usingoverlappingdescriptorblocksdecreasesthemissrate
by around5%. (e) Reducingthe16pixel margin aroundthe64� 128detectionwindow decreasestheperformanceby about3%. (f) Using
aGaussiankernelSVM, exp(� 
 kx 1 � x 2 k2), improvestheperformanceby about3%.

magnitudeitself givesthebestresults.Takingthesquareroot
reducesperformanceslightly, while usingbinaryedgepres-
encevotingdecreasesit signi�cantly (by5%at10� 4 FPPW).

Fineorientationcodingturnsout to beessentialfor good
performance,whereas(seebelow) spatial binning can be
rathercoarse. As �g. 4(b) shows, increasingthe number
of orientationbinsimprovesperformancesigni�cantly up to
about9 bins, but makeslittle differencebeyond this. This
is for binsspacedover 0� –180� , i.e. the `sign' of thegradi-
entis ignored.Includingsignedgradients(orientationrange
0� –360� , as in the original SIFT descriptor)decreasesthe
performance,evenwhenthenumberof binsis alsodoubled
to preserve theoriginal orientationresolution.For humans,
thewide rangeof clothingandbackgroundcolourspresum-
ably makesthe signsof contrastsuninformative. However
notethat includingsign informationdoeshelpsubstantially
in someotherobjectrecognitiontasks,e.g. cars,motorbikes.

6.4 Normalization and Descriptor Blocks
Gradientstrengthsvary over a wide rangeowing to local

variationsin illumination and foreground-background con-
trast, so effective local contrastnormalizationturns out to
be essentialfor good performance. We evaluateda num-
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Figure5. Themissrateat 10� 4 FPPWasthecell andblock sizes
change.Thestride(block overlap)is �x edat half of theblock size.
3� 3 blocksof 6� 6 pixel cellsperformbest,with 10.4%missrate.

ber of differentnormalizationschemes.Most of them are
basedon groupingcells into larger spatialblocksandcon-
trastnormalizingeachblock separately. The�nal descriptor
is thenthe vectorof all componentsof the normalizedcell
responsesfrom all of the blocks in the detectionwindow.



In fact, we typically overlapthe blocksso that eachscalar
cell responsecontributesseveralcomponentsto the�nal de-
scriptorvector, eachnormalizedwith respectto a different
block. This mayseemredundantbut goodnormalizationis
critical andincludingoverlapsigni�cantly improvestheper-
formance.Fig.4(d)showsthatperformanceincreasesby 4%
at 10� 4 FPPWaswe increasetheoverlapfrom none(stride
16) to 16-foldarea/ 4-fold linearcoverage(stride4).

We evaluatedtwo classesof block geometries,squareor
rectangularonespartitionedinto gridsof squareor rectangu-
lar spatialcells,andcircularblockspartitionedinto cells in
log-polarfashion. We will refer to thesetwo arrangements
asR-HOGandC-HOG(for rectangularandcircularHOG).

R-HOG. R-HOGblockshave many similaritiesto SIFT de-
scriptors[12] but they areusedquite differently. They are
computedin densegridsat a singlescalewithout dominant
orientationalignmentandusedaspartof alargercodevector
that implicitly encodesspatialpositionrelative to thedetec-
tion window, whereasSIFT's arecomputedat a sparseset
of scale-invariantkey points,rotatedto align their dominant
orientations,andusedindividually. SIFT'sareoptimizedfor
sparsewide baselinematching,R-HOG's for denserobust
codingof spatialform. Other precursorsinclude the edge
orientationhistogramsof Freeman& 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 size in cells. For humandetection,3� 3 cell blocks
of 6� 6 pixel cells perform best, with 10.4% miss-rateat
10� 4 FPPW. In fact,6–8pixel wide cellsdo bestirrespec-
tive of theblock size– aninterestingcoincidenceashuman
limbs areabout6–8 pixels acrossin our images. 2� 2 and
3� 3 blockswork best. Beyond this, the resultsdeteriorate:
adaptivity to local imagingconditionsis weakenedwhenthe
block becomestoo big, andwhenit is too small (1� 1 block
/ normalizationover orientationsalone)valuablespatialin-
formationis suppressed.

As in [12], it isusefulto downweightpixelsneartheedges
of theblock by applyinga Gaussianspatialwindow to each
pixel beforeaccumulatingorientationvotesinto cells. This
improvesperformanceby 1% at 10� 4 FPPWfor a Gaussian
with � = 0:5 � block width .

We alsotried includingmultiple block typeswith differ-
entcell andblocksizesin theoveralldescriptor. Thisslightly
improvesperformance(by around3%at10� 4 FPPW), at the
costof greatlyincreaseddescriptorsize.

BesidessquareR-HOG blocks, we also testedvertical
(2� 1 cell) andhorizontal(1� 2 cell) blocksanda combined
descriptorincludingbothverticalandhorizontalpairs.Verti-
calandvertical+horizontalpairsaresigni�cantly betterthan
horizontalpairsalone,but not asgoodas2� 2 blocks(1%
worseat10� 4 FPPW).

C-HOG. Our circular block (C-HOG) descriptorsarerem-
iniscentof ShapeContexts [1] except that, crucially, each
spatial cell containsa stack of gradient-weightedorienta-
tion cells insteadof a singleorientation-independentedge-
presencecount.Thelog-polargrid wasoriginally suggested
by the ideathat it would allow �ne codingof nearbystruc-
ture to be combinedwith coarsercodingof wider context,
andthe fact that the transformationfrom the visual �eld to
theV1 cortex in primatesis logarithmic[21]. Howeversmall
descriptorswith very few radialbinsturnout to givethebest
performance,so in practicethereis little inhomogeneityor
context. It is probablybetterto think of C-HOG's simply as
anadvancedform of centre-surroundcoding.

We evaluated two variants of the C-HOG geometry,
oneswith a singlecircular centralcell (similar to
the GLOH featureof [14]), andoneswhosecen-
tral cell is dividedinto angularsectorsasin shape
contexts. We presentresultsonly for thecircular-
centrevariants,as thesehave fewer spatialcells
thanthedividedcentreonesandgivethesameper-
formancein practice. A technicalreport will provide fur-
ther details. The C-HOG layout hasfour parameters: the
numbersof angularandradialbins; theradiusof thecentral
bin in pixels; andtheexpansionfactorfor subsequentradii.
At leasttwo radial bins (a centreanda surround)andfour
angularbins (quartering)areneededfor goodperformance.
Includingadditionalradialbins doesnot changetheperfor-
mancemuch,while increasingthe numberof angularbins
decreasesperformance(by 1.3% at 10� 4 FPPWwhengo-
ing from 4 to 12 angularbins). 4 pixels is the bestradius
for thecentralbin, but 3 and5 give similar results.Increas-
ing theexpansionfactorfrom 2 to 3 leavestheperformance
essentiallyunchanged.With theseparameters,neitherGaus-
sianspatialweightingnor inverseweightingof cell votesby
cell areachangestheperformance,but combiningthesetwo
reducesslightly. Thesevaluesassume�ne orientationsam-
pling. Shapecontexts (1 orientationbin) requiremuch�ner
spatialsubdivision to work well.

Block Normalization schemes.We evaluatedfour differ-
entblocknormalizationschemesfor eachof theaboveHOG
geometries. Let v be the unnormalizeddescriptorvector,
kvkk be its k-norm for k= 1; 2, and � be a small constant.
The schemesare: (a) L2-norm, v ! v=

p
kvk2

2 + � 2; (b)
L2-Hys, L2-norm followed by clipping (limiting the maxi-
mum valuesof v to 0.2) andrenormalizing,as in [12]; (c)
L1-norm, v ! v=(kvk1 + � ); and(d) L1-sqrt, L1-normfol-
lowedby squareroot v !

p
v=(kvk1 + � ), whichamounts

to treatingthedescriptorvectorsasprobabilitydistributions
andusingtheBhattacharyadistancebetweenthem.Fig. 4(c)
showsthatL2-Hys,L2-normandL1-sqrtall performequally
well, while simple L1-norm reducesperformanceby 5%,
and omitting normalizationentirely reducesit by 27%, at
10� 4 FPPW. Someregularization� is neededaswe evalu-



atedescriptorsdensely, includingon emptypatches,but the
resultsareinsensitive to � 's valueovera largerange.

Centre-surround normalization. We also investigatedan
alternative centre-surroundstylecell normalizationscheme,
in which the image is tiled with a grid of cells and for
eachcell the total energy in thecell andits surroundingre-
gion (summedover orientationsandpooledusingGaussian
weighting)is usedto normalizethecell. Howeveras�g. 4(c)
(“windownorm”) shows,thisdecreasesperformancerelative
to the correspondingblock basedscheme(by 2% at 10� 4

FPPW,for pooling with � =1 cell widths). One reasonis
that thereareno longerany overlappingblockssoeachcell
is codedonly oncein the �nal descriptor. Includingseveral
normalizationsfor eachcell basedondifferentpoolingscales
� providesnoperceptiblechangein performance,soit seems
thatit is theexistenceof severalpoolingregionswith differ-
ent spatialoffsetsrelative to the cell that is importanthere,
not thepoolingscale.

To clarify this point, considerthe R-HOG detectorwith
overlappingblocks. The coef�cients of the trained linear
SVM give a measureof how muchweighteachcell of each
blockcanhavein the�nal discriminationdecision.Closeex-
aminationof �g. 6(b,f) shows that the mostimportantcells
aretheonesthattypically containmajorhumancontours(es-
pecially the headand shouldersand the feet), normalized
w.r.t. blocks lying outsidethe contour. In other words —
despitethe complex, clutteredbackgroundsthat are com-
mon in our training set— the detectorcuesmainly on the
contrastof silhouettecontoursagainstthe background,not
on internaledgesor on silhouettecontoursagainstthefore-
ground. Patternedclothing and posevariationsmay make
internalregionsunreliableascues,or foreground-to-contour
transitionsmay be confusedby smoothshadingand shad-
owing effects. Similarly, �g. 6(c,g) illustratethat gradients
insidetheperson(especiallyverticalones)typically countas
negativecues,presumablybecausethissuppressesfalsepos-
itives in which long vertical lines trigger vertical headand
leg cells.

6.5 DetectorWindow and Context
Our 64� 128 detectionwindow includesabout16 pixels

of margin aroundthe personon all four sides. Fig. 4(e)
shows thatthis borderprovidesa signi�cant amountof con-
text that helpsdetection.Decreasingit from 16 to 8 pixels
(48� 112 detectionwindow) decreasesperformanceby 6%
at 10� 4 FPPW. Keepinga 64� 128 window but increasing
thepersonsizewithin it (againdecreasingtheborder)causes
a similar lossof performance,eventhoughtheresolutionof
thepersonis actuallyincreased.

6.6 Classi�er
By default we usea soft (C=0 :01) linear SVM trained

with SVMLight [10] (slightly modi�ed to reducememory
usagefor problemswith largedensedescriptorvectors).Us-

ing a GaussiankernelSVM increasesperformanceby about
3% at 10� 4 FPPWat thecostof a muchhigherrun time.

6.7 Discussion
Overall, thereare several notable�ndings in this work.

The fact that HOG greatly out-performswaveletsand that
any signi�cant degreeof smoothingbeforecalculatinggra-
dientsdamagesthe HOG resultsemphasizesthat much of
theavailableimageinformationis from abruptedgesat �ne
scales, andthatblurring this in thehopeof reducingthesen-
sitivity to spatialposition is a mistake. Instead,gradients
shouldbecalculatedatthe�nest availablescalein thecurrent
pyramid layer, recti�ed or usedfor orientationvoting, and
only thenblurredspatially. Giventhis, relatively coarsespa-
tial quantizationsuf�ces (8� 8 pixel cells / onelimb width).
On the otherhand,at leastfor humandetection,it paysto
sampleorientationrather �nely: both waveletsand shape
contexts loseout signi�cantly here.

Secondly, strong local contrastnormalizationis essen-
tial for good results,and traditional centre-surroundstyle
schemesare not the best choice. Better results can be
achieved by normalizingeachelement(edge,cell) several
timeswith respectto different local supports,and treating
the resultsasindependentsignals.In our standarddetector,
eachHOG cell appearsfour timeswith differentnormaliza-
tions and including this `redundant'information improves
performancefrom 84%to 89%at 10� 4 FPPW.

7 Summary and Conclusions

We have shown that usinglocally normalizedhistogram
of gradientorientationsfeaturessimilar to SIFT descriptors
[12] in a denseoverlappinggrid givesvery goodresultsfor
persondetection,reducingfalsepositive ratesby morethan
anorderof magnituderelativeto thebestHaarwaveletbased
detectorfrom [17]. We studiedthe in�uence of variousde-
scriptorparametersandconcludedthat �ne-scalegradients,
�ne orientationbinning, relatively coarsespatial binning,
andhigh-qualitylocal contrastnormalizationin overlapping
descriptorblocks are all important for good performance.
We alsointroduceda new andmorechallengingpedestrian
database,which is publicly available.

Futur e work: Althoughour currentlinearSVM detectoris
reasonablyef�cient – processinga320� 240scale-spaceim-
age(4000detectionwindows)in lessthanasecond– thereis
still roomfor optimizationandto furtherspeedupdetections
it would be useful to develop a coarse-to-�neor rejection-
chainstyledetectorbasedon HOG descriptors.We arealso
workingonHOG-baseddetectorsthatincorporatemotionin-
formation usingblock matchingor optical �o w �elds. Fi-
nally, althoughthecurrent�x ed-template-styledetectorhas
provendif�cult to beatfor fully visible pedestrians,humans
arehighly articulatedandwe believe that including a parts
basedmodelwith agreaterdegreeof localspatialinvariance



(a) (b) (c) (d) (e) (f) (g)

Figure6. Our HOG detectorscuemainly on silhouettecontours(especiallythe head,shouldersand feet). The mostactive blocksare
centredon the imagebackgroundjust outsidethecontour. (a) Theaveragegradientimageover the trainingexamples.(b) Each“pixel”
shows themaximumpositive SVM weightin theblock centredon thepixel. (c) Likewisefor thenegative SVM weights.(d) A testimage.
(e) It' scomputedR-HOGdescriptor. (f,g) TheR-HOGdescriptorweightedby respectively thepositive andthenegative SVM weights.

would help to improve thedetectionresultsin moregeneral
situations.
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