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Abstract

We assessthe applicability of several popular learning
methodsfor theproblemof recognizinggenericvisualcat-
egorieswith invarianceto pose, lighting, and surrounding
clutter. A large datasetcomprisingstereo image pairs of
50uniform-coloredtoysunder36angles,9 azimuths,and6
lighting conditionswascollected(for a total of 194,400in-
dividualimages).Theobjectswere10instancesof5 generic
categories: four-leggedanimals,human�gur es,airplanes,
trucks,andcars. Five instancesof each categorywereused
for training, and the other �ve for testing. Low-resolution
grayscaleimages of the objectswith various amountsof
variability and surroundingclutter were usedfor training
andtesting. NearestNeighbormethods,SupportVectorMa-
chines,andConvolutionalNetworks,operatingon rawpix-
elsor onPCA-derivedfeatureswere tested.Testerror rates
for unseenobjectinstancesplacedonuniformbackgrounds
were around13%for SVMand7% for ConvolutionalNets.
On a segmentation/recognition task with highly cluttered
images,SVMprovedimpractical,while Convolutionalnets
yielded14% error. A real-timeversion of the systemwas
implementedthat candetectandclassifyobjectsin natural
scenesat around10 framespersecond.

1 Intr oduction

Therecognitionof genericobjectcategorieswith invariance
to pose,lighting, diversebackgrounds,andthepresenceof
clutter is oneof themajor challengesof ComputerVision.
While therehave beenattemptsto detectandrecognizeob-
jectsin naturalscenesusingavarietyof clues,suchascolor,
texture, the detectionof distinctive local features,and the
use of separatelyacquired3D models,very few authors
have attackedtheproblemof detectingandrecognizing3D
objectsin imagesprimarily from theshapeinformation.

Evenfewer authorshave attackedtheproblemof recog-
nizing generic categories, suchas cars, trucks, airplanes,
human�gures, or four-leggedanimalspurely from shape
information. Thedearthof work in this areais duein part
to thedif�culty of theproblem,andin largepartto thenon-
availability of a datasetwith suf�cient sizeanddiversity to
carryoutmeaningfulexperiments.

The �rst partof this paperdescribestheNORB dataset,
a largeimagedatasetcomprising97,200stereoimagepairs

of 50objectsbelongingto 5 genericcatagories(four-legged
animals,human�gures, airplanes,trucks,andcars)under
9 differentazimuths,36 angles,and6 lighting conditions.
The raw imageswere usedto generatevery large setsof
greyscalestereopairswherethe objectsappearat variable
location, scale, image-planeangles,birghtness,and con-
trast,on topof backgroundclutter, anddistractorobjects.

The secondpart of the paperreportsresultsof generic
shaperecognitionusingpopularimageclassi�cationmeth-
odsoperatingon variousinput representations.The clas-
si�ers weretrainedon � ve instancesof eachcategory (for
all azimuths,angles,and lightings) and testedon the � ve
remaininginstances.Resultsof simultaneousdetectionand
recognitionwith ConvolutionalNetsarealsoreported.

The main purposeof this paperis not to introducenew
recognitionmethods,but ratherto (1) describethe largest
publicly available datasetfor genericobject recognition;
(2) report baselineperformancewith standardmethodon
this dataset;(3) explore how differentclassesof methods
fare when the numberof input variablesis in the tensof
thousands,andthenumberof examplesin thehundredsof
thousands;(4) comparetheperformanceof methodsbased
on global templatematchingsuchasK-NearestNeighbors
andSupportVectorMachines,andthosebasedonlocal fea-
tureextractionsuchasConvolutionalNets,whenintra-class
variabilities involve highly complex transformations(pose
andlighting); (5) assesstheperformanceof template-based
methodswhenthesizeof theproblemis at theupperlimit
of their practicality; (6) measureto what extent the vari-
ouslearningacrhitecturescanlearninvarianceto 3D pose
and lighting, andcandealwith the variabilitiesof natural
images(7) determinewhethertrainableclassi�erscantake
advantageof binocularinputs.

2 The NORB Dataset

Many object detectionand recognitionsystemsdescribed
in theliteraturehave (wisely) reliedonmany differentnon-
shaperelatedcluesandvariousassumptionsto achievetheir
goal. Authors have advocatedthe use of color, texture,
and contoursfor imageindexing applications[8], the de-
tection of distinctive local features[20, 26, 25, 23], the
useof globalappearancetemplates[11, 10, 19], theextrac-
tion of silhouettesandedgeinformation[14, 22, 8, 4, 19]
and the useof pose-invariant featurehistograms[9, 5, 1].
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Conversely, learning-basedmethodsoperatingon raw pix-
elsor low-level local featureshave beenquitesuccesfulfor
suchapplicationsasfacedetection[24, 18, 12,7, 25, 21],
but they have yet to beappliedsuccesfullyto shape-based,
pose-invariantobjectrecognition.Oneof thecentralques-
tions addressedin this paper is how methodsbasedon
globaltemplatesandmethodsbasedon local featurescom-
pareon invariantshapeclassi�cationtasks.

In the NORB dataset,the only usefulandreliableclue
is the shapeof the object, while all the other parameters
thataffect theappearencearesubjectto variation,or arede-
signedto containnousefulclue.Parametersthataresubject
to variationare: viewing angles(pose),lighting condition,
position in the image plane, scale, image-planerotation,
surroundingobjects, backgroundtexture, contrast, lumi-
nance,andcamerasettings(gainandwhitebalance).Poten-
tial clueswhoseimpactwaseliminatedinclude: color (all
imageswere grayscale),and object texture (objectswere
paintedwith a uniform color). For speci�c objectrecogni-
tion tasks,thecolorandtextureinformationmaybehelpful,
but for genericshaperecognitiontasksthecolorandtexture
informationaredistractionsratherthanuseful clues. The
imageacquisitionsetupwasdeliberatelydesignedto re�ect
real imagingsituations.By preservingnaturalvariabilities
andeliminatingirrelevant cluesandsystematicbiases,our
aim wasto producea benchmarkin which no hiddenreg-
ularity canbeused,which would unfairly advantagesome
methodsoverothers.

While severaldatasetsof objectimageshave beenmade
available in the past [11, 22, 19], NORB is considerably
largerthanthosedatasets,andoffersmorevariability, stereo
pairs,andtheability to compositetheobjectsandtheir cast
shadowsontodiversebackgrounds.

Ultimately, practical object recognition systemswill
have to be trained on natural images. The value of the
presentapproachis to allow systematicobjective compar-
isonsshapeclassi�cationmethods,aswell asa way of as-
sessingtheir invariantproperties,andthenumberof exam-
plesrequiredto train them.

2.1 Data Collection

Theimageacquisitionsystemwascomposedof a turntable
onwhichobjectwereplaced,two HitachiKP-D20AU CCD
camerasmountedonaswivelingarm,andfour studiolights
with bounceumbrellas.Theangleof the turntable,theaz-
imuthof thecameraarm,andtheintensityof thelightswere
all undercomputercontrol. Thecameraswere41cmaway
from theobjects(roughlyarmlength)and7.5cmapartfrom
eachother(roughlythedistancebetweenthetwo eyesin hu-
mans).Thelenses'focal lengthwassetaround16mm.The
turntablewas70cmin diameterand hada uniformmedium
graycolor. Thelightswereplacedatvarious�x edlocations
anddistancesaroundtheobject.

We collectedimagesof 50 different toys shown in �g-
ure1. Thecollectionconsistsof 10 instancesof 5 generic
categories: four-leggedanimals,human�gures, airplanes,
trucks,andcars. All the objectswerepaintedwith a uni-
form bright green.Theuniform color ensuredthatall irrel-
evant color andtexture informationwaseliminated.1,944

stereopairswerecollectedfor eachobject instance:9 az-
imuths(30,35, 40, 45, 50, 55, 60, 65,and70 degreesfrom
thehorizontal),36angles(from 0 to 350� every10� ), and6
lighting conditions(variouson-off conbinationsof thefour
lights). A total of 194,400RGB imagesat 640� 480 reso-
lution werecollected(5 categories,10 instances,9 azimuth,
36 angles,6 lightings,2 cameras)for a total of 179GBof
raw data. Note that eachobject instancewas placedin a
differentinitial pose,therefore“0 degreeangle”maymean
“f acingleft” for oneinstanceof ananimal,and“f acing30
degreeright” for anotherinstance.

2.2 Processing

Trainingandtestingsamplesweregeneratedsoasto care-
fully remove (or avoid) any potentialbias in the datathat
might make thetaskeasierthanit would bein realisticsit-
uations.Theobjectmasksandtheir castshadows wereex-
tractedfrom the raw images. A scalingfactorwasdeter-
minedfor eachof the50 objectinstancesby computingthe
boundingboxof theunionof all the objectmasksfor all the
imagesof thatinstance.Thescalingfactorwaschosensuch
thatthelargestdimensionof theboundingbox was80 pix-
els. This removedthemostobvioussystematicbiascaused
by the variety of sizesof the objects(e.g. mostairplanes
were larger than most human�gures in absoluteterms).
Thesegmentedandnormalizedobjectswerethencompos-
ited(with theircastshadows) in thecenterof various96x96
pixel backgroundimages. In someexperiments,the loca-
tions, scales,image-planeangle,brightness,and contrast
wererandomlyperturbedduringthecompositingprocess.

2.3 Datasets

Experimentswereconductedwith four datasetsgenerated
from the normalizedobject images.The �rst two datasets
werefor purecategorizationexperiments(a somewhat un-
realistictask),while thelasttwo werefor simultaneousde-
tection/segmentation/recognitionexperiments.

All datasetsused5 instancesof eachcategory for train-
ing andthe 5 remaininginstancesfor testing. In the nor-
malizeddataset,972 imagesof eachinstancewereused:9
azimuths,18 angles(0 to 360� every 20� ), and 6 illumi-
nations,for a total of 24,300training samplesand24,300
test samples. In the variousjittered datasets,eachof the
972 imagesof eachinstancewere usedto generateaddi-
tional examplesby randomlyperturbingthe position ([-3,
+3] pixels),scale(ratio in [0.8, 1.1]), image-planeangle([-
5, 5] degrees),brightness([-20, 20] shifts of gray levels),
contrast([0.8,1.3]gain)of theobjectsduringthecomposit-
ing process.Tendrawingsof theserandomparameterswere
drawn to generatetrainingsets,and oneor two drawingsto
generatetestsets.

In the textured andcluttered datasets,the objectswere
placedon randomlypicked backgroundimages. In those
experiments,a 6-th category was added: backgroundim-
ageswith no objects(resultsare reportedfor this 6-way
classi�cation). In the textured set, the backgroundswere
placedata �x eddisparity, akin to abackwall orthogonalto
thecameraaxisata �x eddistance.In thecluttereddatasets,
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Figure1: The50 objectinstancesin theNORB dataset.The left sidecontainsthe training instancesandthe right sidethe
testinginstancesfor eachof the5 categories.

the disparitieswereadjustedandrandomlypicked so that
the objectsappearedplacedon highly texturedhorizontal
surfacesat small randomdistancefrom thatsurface.In ad-
dition,arandomlypicked“distractor”objectfrom thetrain-
ing setwasplacedat theperipheryof theimage.

� normalized-uniformset: 5 classes,centered,unper-
turbedobjectson uniform backgrounds.24,300train-
ing samples,24,300testingsamples.See�gure 1.

� jittered-uniformset: 5 classes,randomperturbations,
uniform backgrounds.243,000training samples(10
drawings)and24,300testsamples(1 drawing)

� jittered-textured set: 6 classes(including one back-
ground class) random perturbation, natural back-
ground textures at �x ed disparity. 291,600 train-
ing samples(10 drawings),58,320testingsamples(2
drawings).See�gure 2.

� jittered-cluttered set: 6 classes(including one back-
groundclass),randomperturbation,highly cluttered
backgroundimagesat random disparities,and ran-
domly placeddistractorobjectsaroundthe periphery.
291,600training samples(10 drawings), 58,320test-
ing samples(2 drawings).See�gure 3.

Occlusionsof thecentralobjectby thedistractoroccuroc-
casionally, as can be seenin �gure 3. Most experiments
wereperformedin binocularmode(usingleft andright im-
ages),but somewere performedin monocularmode. In
monocularexperiments,the training set and test set were
composedof all left and right imagesusedin the corre-
spondingbinocularexperiment.Therefore,while thenum-
berof trainingsampleswastwice higher, the total amount
of trainingdatawasidentical. Examplesfrom the jittered-
texturedandjittered-clutteredtrainingsetareshown in �g-
ures2 and3.

3 Experiments

The following classi�ers were testedon raw imagepairs
from the normalized-uniformdataset:linear classi�er, K-
NearestNeighbor (Euclideandistance),pairwiseSupport
VectorMachineswith Gaussiankernels,andConvolutional
Networks[7]. With 18,432inputvariablesand24,300sam-
ples, this datasetis at the upper limit of practicality for
template-matching-basedmethodssuchasK-NN andSVM
(in fact,specialalgorithmshadto beimplementedto make
thempractical). TheK-NearestNeighborandSVM meth-
ods were also appliedto 95-dimensionalvectorsof PCA
coef�cients extractedfrom the 2x96x96binoculartraining
images. All the methodswerealsoappliedto Laplacian-
�ltered versionsof the images,but the resultswere uni-
formly worsethanwith raw imagesandarenot reported.

The Convolutional Network was trainedand testedon
the normalized-uniformdataset,aswell ason the jittered-
uniformandjittered-textureddatasets.Thejitteredtraining
setsweremuchtoo large to be handledby the K-NN and
SVM methodswithin reasonablelimits of CPU time and
memoryrequirements.In the following sections,we give
brief descriptionsof themethodsemployed.

ComputingthePrincipalComponentsof thedatasetfor
the PCA-basedK-NN and SVM was a major challenge
becauseit was impossibleto manipulate(let alonediag-
onalize) the 18,432� 18,432covariancematrix (2x96x96
squared).Fortunately, following [13], we cancomputethe
principal directionof a centeredcloud of points (x i ) by
�nding two clustercentroidsthat are symmetricwith re-
spectto theorigin: we must�nd a vectoru thatminimizesP

i min
�

(x i � u)2; (x i + u)2
�
. A quick solution is ob-

tainedwith online (stochastic)algorithmsas discussedin
[2] in thecontext of theK-Meansalgorithm. Repeatedap-
plicationsof this method,with projectionson the comple-
mentaryspacespannedby the previously obtaineddirec-
tions,yield the�rst 100principalcomponentsin afew CPU
hours.The�rst 29componentsthusobtained(theleft cam-
era portion) are shown in �gure 4. The �rst 95 principal
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Figure2: Someof the291,600examplesfrom thejittered-texturedtrainingset(left cameraimages).

Figure3: Someof the291,600examplesfrom thejittered-clutteredtrainingset(left cameraimages).

componentswereusedin theexperiments.

3.1 K-Nearest Neighbors (with Euclidean
Distance)

Becauserunning the K-NearestNeighborsalgorithmwith
24,300 reference images in dimension 18,432 is pro-
hibitively expensive,weprecomputedthedistancesof afew
representative imagesAk to all theotherreferenceimages
X i . By triangularinequality, thedistancesbetweena query
imageX and all the referenceimageX i is boundedbe-
low by Maxk jd(X ; Ak ) � d(Ak ; X i )j. Thesecanbe used
to choosewhich distancesshouldbecomputed�rst, andto
avoid computingdistancesthatareknown to behigherthan
thoseof thecurrentlyselectedreferencepoints[17]. Exper-
imentswereconductedfor valuesof K upto 18,but thebest
resultswereobtainedfor K = 1. We alsoappliedK-NN to
the95-dimensionalPCA-derivedfeaturevectors.

3.2 Pairwise Support Vector Machine (SVM)

We applied the SVM method with Gaussiankernels to
the raw images of the normalized-uniformdataset,but
failed to obtain convergencein manageabletime due to

theoverwhelmingdimension,thenumberof trainingsam-
ples,andthetaskcomplexity. We resortedto usingthe95-
dimensional,PCA-derived featurevectors,aswell assub-
sampled,monocularversionsof theimagesat48� 48pixels
and32� 32 resolutions.

Ten SVMs were independentlytrainedto classify one
classversusone other class (pairwise classi�ers). This
greatlyreducesthenumberof samplesthatmustbeexam-
ined by eachSVM over the more traditional approachof
classifyingoneclassversusall others. During testing,the
sampleis sentto all 10 classi�ers. Eachclassi�er “votes”
for oneof its attributedcategories. The category with the
largestnumberof voteswins. Thenumberof supportvec-
tors per classi�er were between800 and 2000 on PCA-
derived inputs(roughly2 � 106 �ops to classifyonesam-
ple), and between2000 and 3000 on 32x32 raw images
(roughly 30 � 106 �ops to classify one sample). SVMs
couldnot be trainedon the jittereddatasetsbecauseof the
prohibitivesizeof thetrainingset.

3.3 Convolutional Network

ConvolutionalNetworks[7] havebeenusedwith greatsuc-
cess in various image recognition applications,such as
handwritingrecognitionandfacedetection. The readeris

4



Figure 4: The averageimage and the �rst 29 principal
eigenvectorsof the normalized-uniformtraining set (only
theleft cameraportionsof thevectorsareshown).

Classi�cation
exp# Classi�er Input Dataset TestError
1.0 Linear raw 2x96x96 norm-unif 30.2%
1.1 K-NN (K=1) raw 2x96x96 norm-unif 18.4%
1.2 K-NN (K=1) PCA95 norm-unif 16.6%
1.3 SVM Gauss raw 2x96x96 norm-unif N.C.
1.4 SVM Gauss raw 1x48x48 norm-unif 13.9%
1.5 SVM Gauss raw 1x32x32 norm-unif 12.6%
1.6 SVM Gauss PCA95 norm-unif 13.3%
1.7 Conv Net80 raw 2x96x96 norm-unif 6.6%
1.8 Conv Net 100 raw 2x96x96 norm-unif 6.8%
2.0 Linear raw 2x96x96 jitt-unif 30.6%
2.1 Conv Net 100 raw 2x96x96 jitt-unif 7.1%

Detection/Segmentation/Recognition
exp# Classi�er Input Dataset TestError
5.1 Conv Net 100 raw 2x96x96 jitt-text 10.6%
6.0 Conv Net 100 raw 2x96x96 jitt-clutt 16.7%
6.2 Conv Net 100 raw 1x96x96 jitt-clutt 39.9%

Table1: Recognitionresults.“raw 2x96x96”indicatesraw
binocular images,“raw 1x96x96” indicatesraw monocu-
lar images,“PCA-95” indicatesavectorof 95PCA-derived
features. “norm-unif” refers to the normalized-uniform
dataset,“jitt-unif ” to thejittered-uniformdataset,“jitt-text”
to thejittered-textureddataset,and“jitt-clutt” to thejittered-
cluttereddataset.

referedto the above referencefor a generaldiscussionof
Convolutional Nets. Convolutional Netsusea succession
of layersof trainableconvolutionsandspatialsubsampling
interspersedwith sigmoidnon-linearitiesto extractfeatures
of increasinglylarge receptive �elds, increasingcomplex-
ity, and increasingrobustnessto irrelevant variabilities of
theinputs.

A six-layernet, shown in �gure 6, wasusedin the ex-
perimentsreportedhere.Thelayersarerespectively named
C1, S2, C3, S4, C5, andoutput. The C letter indicatesa
convolutional layer, and the S layer a subsamplinglayer.
C1 has8 featuremapsanduses5� 5 convolution kernels.
The �rst 2 mapstake input from the left image,the next
two from the right image,andthe last 4 from both. S2 is
a 4� 4 subsamplinglayer. C3 has24 featuremapsthatuse
96 convolutionakernelsof size6� 6. EachC3 maptakes
input from 2 monocularmapsand2 binocularmapson S2,
eachwith adifferentcombination.S4is a3� 3 subsampling
layer. C5 hasa variablenumberof maps(80 and100in the

reportedresults)that combineinputs from all map in S4
through6� 6 kernels.Finally theoutputlayer takesinputs
from all C5 maps.Thenetwork hasa total of 90,575train-
able parameters.A full propagation throughthe network
requires3,896,920multiply-adds.

The network wastrainedto mininize the meansquared
error with a setof target outputs. For 5-classrecognition
tasks,we useda traditionalplacecode(oneunit active, the
other inactive), for 6-classdetection/recognitiontasks,we
addeda 6-th targetcon�gurationwith all outputunits inac-
tive for thebackgroundclass(no objectin thecenterof the
image).

We used a stochastic version of the Levenberg-
Marquardtalgorithm with diagonalapproximationof the
Hessian[7], for approximately250,000onlineupdates.No
signi�cant over-training wasobserved, andno early stop-
pingwasperformed.For experimentswith monoculardata,
the left imagewasduplicatedinto the right image,or vice
versawith equalprobability.

4 Resultsand Discussion

4.1 Results on the normalized-uniform and
jitter ed-uniform datasets

The resultsareshown in table1. To our knowledge,these
are the �rst systematicexperimentsthat apply machine
learningto shape-basedgenericobjectrecognitionwith in-
varianceto poseandlighting. Theseresultsareintendedas
abaselinefor futurework with theNORBdatasets.

The �rst section of the table gives results on the
normalized-uniformdatabase,a somewhat unrealisticset-
ting thatassumesthatobjectscanbeisolatedfrom theirsur-
roundingsandhave beensize-normalizedprior to recogni-
tion.

Thebiggestsurpriseis thatbrute-forceNearestNeighbor
with Euclideandistanceon raw pixelsworksat all, despite
thecomplex variabilitiesin thedata(seelines1.1and1.2in
thetable).Naturally, theclassi�cationis horribly expensive
in memoryandCPUtime.

Anotherimportantlessonis thatGaussianSVM becomes
impracticalwith very large and complex datasetssuchas
NORB.TheGaussianSVM architectureconsistsof a layer
of templatematchers,whoseprototypesarea subsetof the
training samples(i.e. a Gaussianbump is placedaround
eachtrainingsample),followedby a layerof linearcombi-
nationswith learnedweights.Sincethesupervisedlearning
only takesplacein the linear layer, the objective function
canbemadeconvex (quadraticwith box constraintsin the
caseof traditionalSVMs). In fact,anoften-statedadvantage
of SVMs is theconvexity of their objective function. That
propertyseemsto beof little helpin ourcasebecauseof the
dif�culty of thetask(whichincreasesthenumberof support
vectors),thelargenumberof trainingsamples,andthefact
that the sizeof the quadraticprogramto be solved grows
with thesquareof thenumberof trainingsamples.We did
not obtainconvergenceon theraw binoculardataaftersev-
eraldaysof CPUtimeusingoneof thefastestknown imple-
mentationsof SVMs(Torch[6]). Experimentswith reduced
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resolutionmonocularimagesyieldeddecentresultsaround
13% (seelines 1.4 and1.5 in table1). Working from the
PCAfeaturesyieldedsimilar results(seeline 1.6).

Unfortunately, thosecomplexity reductionswerestill in-
suf�cient to allow us experimentswith the much larger
jittered-textured and jittered-clutteredtrainings set. The
performanceof SVMs on the jittered testsetafter training
ontheunjitteredtrainingsetwaspredictablyabysmal(48%
error on PCA featuresand 34% on raw 1x48x48)PCA-
derived features,which hasmetwith somesuccessin face
recognition,only broughtmarginal improvementsover us-
ing raw pixelswith K-NN (from 18.4to 16.6%error),and
no improvementwith SVM.

Oneshouldnot bemisledby thesurprisinglygoodper-
formanceof template-basedmethodson the normalized-
uniform dataset. This datasetis unrealisticallyfavorable
to template-basedmethodsbecausethe lighting conditions
are in small numbers(6) and are exactly identical in the
trainingsetandthetestset.Furthermore,theperfectlyuni-
form backgrounds,perfectobject registration,andperfect
sizenormalizationarenot likely to be possiblein realistic
objectrecognitionsettings.

On the normalized-uniformset, convolutional nets
reachederror ratesbelow 7% with binocularinputs (lines
1.7,and1.8).Theerrorratewasonly mildly affectedby jit-
tering the trainingandtestsamples(7.1%versus6.8%for
non-jittered).Thesizeof thejittereddatabasewastoo large
to carry out experimentswith the template-basedmethods
thatwould resultin meaningfulcomparisons.

4.2 Results on the jitter ed-textured and
jitter ed-cluttered datasets

Themostchallengingtaskby far wasthe jittered-cluttered
dataset,and the lesschallengingjittered-textured dataset,
where the classi�er must simultaneouslydetectand rec-
ognize objects. The shearsize and complexity of these
datasetsplacethemabove the practicallimits of template-
basedmethods,thereforewe only reportresultswith Con-
volutionalNets(lines5.x and6.x).

A testerrorrateof 10.6%onthe6 classes(5 objectsplus
background)wasobtainedon the jittered-textured dataset.
A largeproportionof errorswereobjectsclassi�edasback-
ground,andcarsandspaceshuttlesclassi�ed astrucks. A
testerrorrateof 16.7%wasobtainedonthehighlychalleng-
ing jittered-cluttereddatasetin binocularmode. An exam-
pleof theinternalstateof thisnetwork is shown in �gure 6.
Typical examplesof imagesfrom the testsetandthe cor-
respondinganswersproducedby the systemareshown in
�gure 7.

Onesigni�cant surpriseis thecomparativelypoorperfor-
manceof ConvolutionalNetonthejittered-cluttereddataset
with monocularinputs (line 6.2): the error rate is 39.9%
comparedwith 16.7%for binocularinputs. This suggests
that thebinocularnetwork is ableto take advantageof the
disparityinformationto helplocatetheoutlineof the object
anddisambiguatethe segmentation/classi�cation.In fact,
it canbe observed on �gure 6 that the last 4 featuremaps
in the �rst andsecondlayers,which take inputsfrom both
cameras,seemto beestimatingfeaturesakin to disparity.

class animal human plane truck car junk
animal 0.85 0.02 0.01 0.00 0.00 0.11
human 0.01 0.89 0.00 0.00 0.00 0.10
plane 0.01 0.00 0.77 0.02 0.06 0.14
truck 0.03 0.00 0.00 0.84 0.05 0.07
car 0.00 0.00 0.01 0.20 0.69 0.09
junk 0.01 0.02 0.00 0.00 0.00 0.96

Table2: Confusionmatrix on the test set for the binocu-
lar convolutionalneton thejittered-cluttereddatabase(line
6.0 in theresultstable). Eachrow indicatestheprobability
thatthesystemwill classifyanobjectof thegivencategory
into eachof the 6 categories. Most errorsare falsenega-
tives(objectsclassi�ed asjunk), or carsbeingclassi�edas
trucks.

5 Conclusionand Outlook

An importantgoalof thiswork is to pointoutthelimitations
of popular template-basedapproaches(including SVMs)
for classi�cationoververylargedatasetswith complex vari-
abilities. Our resultsemphasizethe crucial importanceof
trainablelocal featureextractorsfor robust and invariant
recognition.

A real-timeportabledemosystemwasimplementedus-
ing USB camerasconnectedto a laptopcomputer. Convo-
lutional Nets can be scannedover large imagesvery ef�-
ciently [7]. Takingadvantageof this property, thenetwork
is scannedover input imagesat multiple scalesproducing
likelihoodmapsfor eachcategory. Thesystemcanspotand
recognizeanimals,human�gures, planes,carsandtrucks
in natural sceneswith high accuracy at a rate of several
framesper second.By presentingthe input imageat mul-
tiple scales,thesystemcandetectthoseobjectover a wide
rangeof scales.Examples ofoutputof thissystemwith nat-
ural imagesareshown in �gure 5. This�gure wasgenerated
usingthemonocularconvolutionalnettrainedonthejitterd-
cluttereddatabase(line 6.2 on theresultstable). Although
the raw performanceof this network on the databasewas
quitepoor, anddespitethefactthatit wastrainedonly with
semi-arti�cial data,thesystemcanspotmostobjectsin the
scenes.Thenetwork is appliedto theimageat two different
scales,and is scannedover multiple positionsat the large
scale.The scoresfor eachclassat all scalesandpositions
arecombinedto produceanoverall likelihoodof �nding an
objectof theclassanywherein theimage.Thelist of classes
whoselikelihoodexceedsathresholdareshown aboveeach
imagein the �gure. Thegray level of the labelword is in-
dicativeof thelikelihood.

TheNORB datasetopensthedoor to large-scaleexper-
imentswith learning-basedapproachesto invariantobject
recognition.This is the�rst installmentin whatpromisesto
bea long seriesof workson thesubject.Futurework will
usetrainableclassi�ers that incorporateexplicit modelsof
imageformationandgeometry.
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Figure5: Examples ofresultson naturalimages.Thelist of objectsfoundby themonocularconvolutionalnet is displayed
aboveeachsample.
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Figure6: Internalstateof the Convolutional Network for
an imagepair from the jittered-textureddataset.From left
to right: input (left andright images),C1, S2,C3, S4,and
output. layerC5 wasomitted.The4 topmostfeaturemaps
of C1 andS2 aremonocular, while the 4 bottomonesare
binocular.

Figure7: Examplesfrom thejittered-clutteredtestsetwith
labels producedby the binocular convolutional net (line
6.0). The labelsabove eachimage indicatethe system's
�rst choiceandsecondchoice(“junk” meansnoobjectwas
found). If the�rst choiceis erroneous,thecorrectclassla-
bel is displayedin brackets.Thisis atypicalsetof examples
wheremostconfusionsoccurbetweentrucksandcars.
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