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Abstract

We assessthe applicability of several popular learning
methoddor the problemof recaynizinggenericvisual cat-
egorieswith invarianceto pose lighting, and surrounding
clutter A large datasetcomprisingstereo image pairs of
50 uniform-coloedtoysunder36 angles 9 azimuthsand6

lighting conditionswascollected(for a total of 194,400in-

dividualimages). Theobjectsvere 10instance®f5 generic
categories: four-legged animals,human gur es, airplanes,
trucks,andcars. Five instancef ead catggory were used
for training, and the other ve for testing Low-resolution
grayscaleimages of the objectswith various amountsof
variability and surroundingclutter were usedfor training
andtesting NearestNeighbormethodsSupportvectorMa-

chines,and Corvolutional Networks pperating on raw pix-

elsor on PCA-derivedeatueswetre tested.Testerror rates
for unseerobjectinstancegplacedon uniformbadgrounds
were around13%for SVMand 7% for Corvolutional Nets.
On a sgmentation/ecaynition task with highly cluttered
images, SVMprovedimpractical, while Corvolutional nets
yielded14% error. A real-timeversion of the systemwas
implementedhat can detectand classifyobjectsin natural

scenest around10 framesper second.

1 Intr oduction

Therecognitionof genericobjectcateyorieswith invariance
to pose lighting, diversebackgroundsandthe presencef
clutteris one of the major challengeof ComputerVision.
While therehave beenattemptdo detectandrecognizeob-
jectsin naturalscenesisingavarietyof clues,suchascolor,
texture, the detectionof distinctive local features,andthe
use of separatelyacquired3D models, very few authors
have attacledthe problemof detectingandrecognizing3D
objectsin imagesprimarily from the shapenformation.

Evenfewer authorshave attacledthe problemof recog-
nizing generic categyories suchas cars, trucks, airplanes,
human gures, or four-leggedanimalspurely from shape
information. The dearthof work in this areais duein part
to thedif culty of theproblem,andin largepartto thenon-
availability of a datasetvith sufcient sizeanddiversityto
carryout meaningfulexperiments.

The rst partof this paperdescribegshe NORB dataset,
alargeimagedatasetomprising97,200steredmagepairs

, http://leon.bottou.org

of 50 objectsbelongingto 5 genericcatagoriegfour-legged
animals,human gures, airplanestrucks,and cars)under
9 differentazimuths,36 angles,and 6 lighting conditions.
The raw imageswere usedto generatevery large setsof
greyscalestereopairswherethe objectsappearat variable
location, scale,image-planeangles,birghtness,and con-
trast,on top of backgrounctlutter, anddistractorobjects.

The secondpart of the paperreportsresultsof generic
shaperecognitionusingpopularimageclassi cationmeth-
ods operatingon variousinput representationsThe clas-
si ers weretrainedon ve instancef eachcategory (for
all azimuths,angles,and lightings) andtestedon the ve
remaininginstancesResultsof simultaneousietectionand
recognitionwith CorvolutionalNetsarealsoreported.

The main purposeof this paperis not to introducenewn
recognitionmethods but ratherto (1) describethe largest
publicly available datasetfor genericobject recognition;
(2) reportbaselineperformancewith standardmethodon
this dataset;(3) explore how different classesof methods
fare when the numberof input variablesis in the tensof
thousandsandthe numberof examplesin the hundredsf
thousands(4) comparethe performanceof methodshased
on globaltemplatematchingsuchasK-NearestNeighbors
andSupportVectorMachinesandthosebasednlocal fea-
tureextractionsuchasCornvolutionalNets,whenintra-class
variabilitiesinvolve highly complec transformationgpose
andlighting); (5) assesshe performancef template-based
methodswhenthe size of the problemis at the upperlimit
of their practicality; (6) measureto what extent the vari-
ouslearningacrhitecturecanlearninvarianceto 3D pose
andlighting, and candealwith the variabilities of natural
images(7) determinewhethertrainableclassi erscantake
adwantageof binocularinputs.

2 The NORB Dataset

Many object detectionand recognitionsystemsdescribed
in theliteraturehave (wisely) reliedon mary differentnon-
shapeelatedcluesandvariousassumptionso achieve their
goal. Authors have adwocatedthe use of color, texture,
and contoursfor imageindexing applicationg[8], the de-
tection of distinctive local features[20, 26, 25, 23], the
useof globalappearancteemplateg11, 10, 19], the extrac-
tion of silhouettesandedgeinformation[14, 22, 8, 4, 19

andthe useof pose-ivariantfeaturehistogramg?9, 5, 1].



Corversely learning-basednethodsoperatingon raw pix-
elsor low-level local featureshave beenquite succesfufor
suchapplicationsasfacedetection[24, 18, 12,7, 25, 21],
but they have yet to be appliedsuccesfullyto shape-based,
pose-ivariantobjectrecognition. One of the centralques-
tions addressedn this paperis hov methodsbasedon
globaltemplatesandmethodsbasedon local featurescom-
pareon invariantshapeclassi cationtasks.

In the NORB datasetthe only usefulandreliable clue
is the shapeof the object, while all the other parameters
thataffecttheappearencaresubjectto variation,or arede-
signedto containno usefulclue. Parametershataresubject
to variationare: viewing angles(pose),lighting condition,
position in the image plane, scale,image-planerotation,
surroundingobijects, backgroundtexture, contrast, lumi-
nanceandcamerasettingggainandwhite balance) Poten-
tial clueswhoseimpactwas eliminatedinclude: color (all
imageswere grayscale),and object texture (objectswere
paintedwith a uniform color). For speci ¢ objectrecogni-
tion tasksthecolorandtextureinformationmaybehelpful,
but for genericshaperecognitiontasksthecolor andtexture
information are distractionsratherthan useful clues. The
imageacquisitionsetupwasdeliberatelydesignedo re ect
realimagingsituations.By preservingnaturalvariabilities
andeliminatingirrelevant cluesand systematidiasesour
aim wasto producea benchmarkin which no hiddenreg-
ularity canbe used,which would unfairly advantagesome
methodsover others.

While severaldataset®f objectimageshave beenmade
available in the past[11, 22, 19], NORB is considerably
largerthanthosedatasetsandoffersmorevariability, stereo
pairs,andthe ability to compositehe objectsandtheir cast
shadavs ontodiversebackgrounds.

Ultimately, practical object recognition systemswill
have to be trained on naturalimages. The value of the
presentapproachis to allow systematicobjectve compar
isonsshapeclassi cation methodsaswell asaway of as-
sessingheir invariantpropertiesandthe numberof exam-
plesrequiredto trainthem.

2.1 Data Collection

Theimageacquisitionsystemwascomposeaf a turntable
onwhich objectwereplaced two Hitachi KP-D20AU CCD

camerasnountedon aswivelingarm,andfour studiolights
with bounceumbrellas. The angleof the turntable the az-
imuth of thecameraarm,andtheintensityof thelightswere
all undercomputercontrol. The camerasvere41lcmaway
from theobjects(roughlyarmlength)and7.5cmapartfrom

eachother(roughlythedistanceébetweerthetwo eyesin hu-

mans).Thelenses'focal lengthwassetaroundl6mm. The
turntablewas70cmin diameterand hada uniform medium
graycolor. Thelightswereplacedatvarious x edlocations
anddistancesroundthe object.

We collectedimagesof 50 differenttoys shawvn in g-
ure 1. Thecollectionconsistsof 10 instancef 5 generic
catgyories: four-leggedanimals,human gures, airplanes,
trucks,andcars. All the objectswere paintedwith a uni-
form bright green.The uniform color ensuredhatall irrel-
evant color andtexture informationwaseliminated. 1,944

stereopairswere collectedfor eachobjectinstance:9 az-
imuths(30, 35, 40, 45, 50, 55, 60, 6and70 degreesfrom
thehorizontal),36 anglegfrom 0 to 350 every 10 ), and6
lighting conditions(variouson-off conbinationof the four
lights). A total of 194,400RGB imagesat 640 480reso-
lution werecollected(5 catgyories,10instances9 azimuth,
36 angles,6 lightings, 2 camerasfor atotal of 179GB of
raw data. Note that eachobjectinstancewas placedin a
differentinitial pose therefore’0 degreeangle”may mean
“facingleft” for oneinstanceof ananimal,and“facing30
degreeright” for anothelinstance.

2.2 Processing

Training andtestingsamplesveregeneratedo asto care-
fully remove (or avoid) ary potentialbiasin the datathat
might make the taskeasierthanit would bein realisticsit-

uations.The objectmasksandtheir castshadovs wereex-

tractedfrom the raw images. A scalingfactor was deter

minedfor eachof the 50 objectinstancesy computingthe
boundingbox of theunionof all the objecimasksor all the
imagesof thatinstance Thescalingfactorwaschosersuch
thatthe largestdimensionof the boundingbox was80 pix-

els. Thisremovedthe mostobvious systematidiascaused
by the variety of sizesof the objects(e.g. mostairplanes
were larger than most human gures in absoluteterms).
The sggmentedandnormalizedobjectswerethencompos-
ited (with their castshadavs) in the centerof various96x96
pixel backgroundmages. In someexperimentsthe loca-
tions, scales,image-planeangle, brightness,and contrast
wererandomlyperturbedduringthe compositingprocess.

2.3 Datasets

Experimentswvere conductedwith four datasetgenerated
from the normalizedobjectimages. The rst two datasets
werefor pure categorizationexperiments(a somavhatun-
realistictask),while thelasttwo werefor simultaneousle-
tection/sgmentation/recognitioaxperiments.

All datasetaiseds instancef eachcateyory for train-
ing andthe 5 remaininginstancedor testing. In the nor-
malizeddataset972 imagesof eachinstancewereused:9
azimuths,18 angles(0 to 360 every 20 ), and 6 illumi-
nations,for a total of 24,300training samplesand 24,300
testsamples. In the variousjittered datasetseachof the
972 imagesof eachinstancewere usedto generateaddi-
tional examplesby randomly perturbingthe position ([-3,
+3] pixels),scale(ratioin [0.8, 1.1]), image-planangle([-
5, 5] degrees),brightnesq[-20, 20] shifts of gray levels),
contras{([0.8, 1.3] gain) of the objectsduringthe composit-
ing processTendravingsof theserandomparametersvere
dravn to generatdraining sets,and oneor two drawingsto
generatdestsets.

In the textured and cluttered datasetsthe objectswere
placedon randomly picked backgroundmages. In those
experiments,a 6-th catggory was added: backgroundm-
ageswith no objects(resultsare reportedfor this 6-way
classi cation). In the textured set, the backgroundsvere
placedata x eddisparity akinto abackwall orthogonato
thecameraaxisata x eddistanceln thecluttereddatasets,
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Figure1l: The 50 objectinstancesn the NORB dataset.The left sidecontainsthe training instancesandthe right sidethe

testinginstancegor eachof the5 cateyories.

the disparitieswere adjustedand randomly picked so that
the objectsappearedlacedon highly textured horizontal
surfacesat smallrandomdistancefrom thatsurface.In ad-
dition, arandomlypicked“distractor” objectfrom thetrain-
ing setwasplacedat the peripheryof theimage.

normalized-uniformset 5 classes,centered,unper
turbedobjectson uniform backgrounds24,300train-
ing samples24,300testingsamplesSee gure 1.

jittered-uniformset 5 classesrandomperturbations,
uniform backgrounds.243,000training samples(10
dravings)and24,300testsampleg1 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 sampleq10 drawings), 58,320testingsampleg2
drawings). See gure 2.

jittered-clutteed set 6 classedincluding one back-
ground class),randomperturbation,highly cluttered
backgroundimagesat random disparities, and ran-
domly placeddistractorobjectsaroundthe periphery
291,600training sampleq10 drawings), 58,320test-
ing sampleq2 drawings). See gure 3.

Occlusionsof the centralobjectby the distractoroccuroc-
casionally as canbe seenin gure 3. Most experiments
wereperformedn binocularmode(usingleft andright im-
ages),but somewere performedin monocularmode. In
monocularexperiments,the training setand test setwere
composedof all left and right imagesusedin the corre-
spondingbinocularexperiment. Therefore while the num-
ber of training samplesvastwice higher, the total amount
of training datawasidentical. Examplesfrom thejittered-
texturedandjittered-clutteedtraining setareshovnin g-
ures2 and3.

3 Experiments

The following classi ers were testedon raw image pairs
from the normalized-uniforndataset:linear classi er, K-

NearestNeighbor (Euclideandistance),pairwise Support
VectorMachineswith Gaussiarkernels,andCorvolutional
Networks[7]. With 18,432inputvariablesand24,300sam-
ples, this datasetis at the upperlimit of practicality for

template-matching-basedethodssuchask-NN andSVM

(in fact, specialalgorithmshadto be implementedo make
thempractical). The K-NearestNeighborand SVM meth-
ods were also appliedto 95-dimensionalectorsof PCA
coefcients extractedfrom the 2x96x96binoculartraining
images. All the methodswere also appliedto Laplacian-
Itered versionsof the images,but the resultswere uni-

formly worsethanwith raw imagesandarenotreported.

The Convolutional Network was trained and testedon
the normalized-uniforndatasetaswell ason the jittered-
uniformandjittered-textured datasetsThejitteredtraining
setswere muchtoo large to be handledby the K-NN and
SVM methodswithin reasonabldimits of CPU time and
memoryrequirements.In the following sections we give
brief descriptionsf the methodsemployed.

Computingthe Principal Component®f the datasefor
the PCA-basedK-NN and SVM was a major challenge
becausedt was impossibleto manipulate(let alone diag-
onalize) the 18,432 18,432 covariancematrix (2x96x96
squared).Fortunately following [13], we cancomputethe
principal directionof a centeredcloud of points (x;) by
nding two clustercentroidsthat are symmetricwith re-
gpectto the origin: we must nd avectoru thatminimizes

;min (x; u)?(x; + u)? . A quick solutionis ob-
tainedwith online (stochasticlalgorithmsas discussedn
[2] in the context of the K-Meansalgorithm. Repeatedp-
plicationsof this method,with projectionson the comple-
mentaryspacespannedoy the previously obtaineddirec-
tions,yield the rst 100principalcomponentin afew CPU
hours.The rst 29 componentshusobtainedtheleft cam-
eraportion) areshovn in gure 4. The rst 95 principal



Figure3: Someof the 291,600examplesfrom thejittered-clutteedtraining set(left cameramages).

componentsvereusedin theexperiments.

3.1 K-Nearest Neighbors (with Euclidean
Distance)

Becauseaunningthe K-NearestNeighborsalgorithm with

24,300 referenceimages in dimension 18,432 is pro-
hibitively expensve,we precomputedhedistance®f afew

representadie imagesA to all the otherreferencemages
Xi. By triangularinequality the distancedbetweera query
image X andall the referenceimage X; is boundedbe-
low by Max, jd(X; Ax) d(Ak; X;)j. Thesecanbeused
to choosewhich distanceshouldbe computedrst, andto

avoid computingdistanceshatareknown to be higherthan
thoseof thecurrentlyselectedeferencepoints[17]. Exper

imentswereconductedor valuesof K upto 18, butthebest
resultswereobtainedfor K = 1. We alsoappliedK-NN to

the 95-dimensionaPCA-derivedfeaturevectors.

3.2 Pairwise Support Vector Machine (SVM)

We applied the SVM method with Gaussiankernels to
the raw imagesof the normalized-uniformdataset, but
failed to obtain convergencein manageabldime due to

the overwhelmingdimension the numberof training sam-
ples,andthetaskcompleity. We resortedo usingthe 95-
dimensional PCA-derived featurevectors,aswell assub-
sampledmonoculawversionof theimagesat48 48pixels
and32 32resolutions.

Ten SVMs were independentlytrainedto classify one
classversusone other class (pairwise classi ers). This
greatlyreduceshe numberof sampleghat mustbe exam-
ined by eachSVM over the more traditional approachof
classifyingone classversusall others. During testing,the
sampleis sentto all 10 classi ers. Eachclassi er “votes”
for oneof its attributed catgyories. The cateyory with the
largestnumberof voteswins. The numberof supportvec-
tors per classi er were between800 and 2000 on PCA-
derivedinputs(roughly2 10° ops to classifyonesam-
ple), and between2000 and 3000 on 32x32 raw images
(roughly 30 10° ops to classify one sample). SVMs
could not be trainedon the jittered datasetbecausef the
prohibitive sizeof thetrainingset.

3.3 Convolutional Network

CorvolutionalNetworks[7] have beenusedwith greatsuc-
cessin various image recognition applications, such as
handwritingrecognitionandfacedetection. The readeris



Figure 4: The averageimage and the rst 29 principal
eigervectorsof the normalized-uniforntraining set (only
theleft camergportionsof thevectorsareshavn).

| Classi cation |

[ exp# ] Classier | Input [ Dataset | TestError |
1.0 Linear raw 2x96x96 | norm-unif 30.2%
11 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%
15 SVM Gauss | raw 1x32x32 | norm-unif 12.6%
1.6 SVM Gauss PCA95 norm-unif 13.3%
1.7 Corv Net80 | raw 2x96x96 | norm-unif 6.6%
18 Corv Net100 | raw 2x96x96 | norm-unif 6.8%
2.0 Linear raw 2x96x96 | jitt-unif 30.6%
2.1 Corv Net100 | raw 2x96x96 | jitt-unif 7.1%

| Detection/Sgmentation/Recognition |

[ exp# | Classier | Input [ Dataset | TestError |
5.1 Corv Net100 | raw 2x96x96 | jitt-text 10.6%
6.0 Corv Net100 | raw 2x96x96 | jitt-clutt 16.7%
6.2 Corv Net100 | raw 1x96x96 | jitt-clutt 39.9%

Tablel: Recognitionresults.“raw 2x96x96" indicatesraw
binocularimages,“raw 1x96x96” indicatesraw monocu-
larimages,'PCA-95” indicatesavectorof 95 PCA-derved
features. “norm-unif” refersto the normalized-uniform
dataset;jitt-unif ” to thejittered-uniformdataset;jitt-te xt”
tothejittered-textureddatasetand"jitt-clutt” tothejittered-
cluttereddataset.

referedto the above referencefor a generaldiscussionof
Cornvolutional Nets. Corvolutional Netsusea succession
of layersof trainablecorvolutionsandspatialsubsampling
intersperseavith sigmoidnon-linearitiedo extractfeatures
of increasinglylarge receptie elds, increasingcomplec-
ity, andincreasingrobustnesdo irrelevant variabilities of
theinputs.

A six-layernet, shovn in gure 6, wasusedin the ex-
perimentseportechere.Thelayersarerespectrely named
C1, S2,C3, S4, C5, andoutput. The C letter indicatesa
convolutional layer, andthe S layer a subsamplindayer.
C1 has8 featuremapsanduses5 5 corvolution kernels.
The rst 2 mapstake input from the left image,the next
two from the right image,andthe last 4 from both. S2is
a4 4 subsamplindayer C3 has24 featuremapsthatuse
96 convolutionakernelsof size6 6. EachC3 maptakes
input from 2 monoculamapsand?2 binocularmapson S2,
eachwith adifferentcombination.S4isa3 3 subsampling
layer C5hasa variablenumberof maps(80and100in the

reportedresults)that combineinputs from all mapin S4
through6 6 kernels. Finally the outputlayertakesinputs
from all C5 maps.Thenetwork hasa total of 90,575train-
able parameters.A full propagtion 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
otherinactive), for 6-classdetection/recognitiomasks,we
addeda 6-th targetcon gurationwith all outputunitsinac-
tive for the backgroundtlass(no objectin the centerof the
image).

We used a stochastic version of the Levenbeg-
Marquardtalgorithm with diagonalapproximationof the
Hessian7], for approximately\250,0000nline updatesNo
signi cant overtraining was obsenred, and no early stop-
ping wasperformed.For experimentsvith monoculadata,
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

Theresultsareshavn in table 1. To our knowvledge,these
are the rst systematicexperimentsthat apply machine
learningto shape-basedenericobjectrecognitionwith in-
varianceto poseandlighting. Theseresultsareintendedas
abaselingfor futurework with the NORB datasets.

The rst section of the table gives results on the
normalized-uniforndatabasea somavhat unrealisticset-
ting thatassumethatobjectscanbeisolatedfrom their sur
roundingsand have beensize-normalizegrior to recogni-
tion.

Thebiggestsurprisds thatbrute-forceNearestNeighbor
with Euclideandistanceon raw pixelsworksat all, despite
thecomple variabilitiesin thedata(seelines1.1and1.2in
thetable).Naturally, theclassi cationis horribly expensve
in memoryandCPUtime.

Anotherimportantiessoris thatGaussiars VM becomes
impracticalwith very large and complex datasetsuchas
NORB. The Gaussiar8VM architectureconsistof alayer
of templatematcherswhoseprototypesarea subsebf the
training samples(i.e. a Gaussiarbump is placedaround
eachtraining sample) followed by a layer of linearcombi-
nationswith learnedweights.Sincethe supervisedearning
only takesplacein the linear layer, the objectie function
canbe madecorvex (quadraticwith box constraintdn the
caseof traditionalSVMSs). In fact,anoften-statec@dwantage
of SVMs is the convexity of their objective function. That
propertyseemgo beof little helpin our casebecausef the
dif culty of thetask(whichincreaseshenumberof support
vectors) the large numberof training samplesandthe fact
that the size of the quadraticprogramto be solved grows
with the squareof the numberof training samples We did
not obtaincornvergenceon the raw binoculardataafter sev-
eraldaysof CPUtime usingoneof thefastesknown imple-
mentation®f SVMs (Torch[6]). Experimentsvith reduced



resolutionmonocularimagesyieldeddecentresultsaround
13% (seelines 1.4 and 1.5 in table 1). Working from the
PCAfeaturegyieldedsimilar results(seeline 1.6).

Unfortunatelythosecompleity reductionswverestill in-
sufcient to allow us experimentswith the much larger
jittered-textured and jittered-clutteredtrainings set. The
performanceof SVMs on thejittered testsetafter training
ontheunijitteredtrainingsetwaspredictablyabysmal48%
error on PCA featuresand 34% on raw 1x48x48) PCA-
derived featureswhich hasmetwith somesuccessn face
recognition,only broughtmaiginal improvementsover us-
ing raw pixelswith K-NN (from 18.4to 16.6%error), and
noimprovementwith SVM.

Oneshouldnot be misledby the surprisinglygood per
formanceof template-basednethodson the normalized-
uniform dataset. This datasetis unrealisticallyfavorable
to template-basethethodsbecausehe lighting conditions
arein small numbers(6) and are exactly identical in the
training setandthetestset. Furthermorethe perfectlyuni-
form backgroundsperfectobjectregistration,and perfect
sizenormalizationare not likely to be possiblein realistic
objectrecognitionsettings.

On the normalized-uniformset, cornvolutional nets
reachederror ratesbelon 7% with binocularinputs (lines
1.7,and1.8). Theerrorratewasonly mildly affectedby jit-
teringthe training andtestsampleg7.1% versus6.8% for
non-jittered).Thesizeof thejittereddatabasevastoo large
to carry out experimentswith the template-basechethods
thatwould resultin meaningfulcomparisons.

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

The mostchallengingtask by far wasthe jittered-clutteed
dataset,and the less challengingjittered-textured dataset,
where the classi er must simultaneouslydetectand rec-
ognize objects. The shearsize and complity of these
datasetplacethemabore the practicallimits of template-
basedmethodsthereforewe only reportresultswith Con-
volutionalNets(lines5.x and6.x).

A testerrorrateof 10.6%onthe6 classe$5 objectsplus
background)wvas obtainedon the jittered-textured dataset.
A largeproportionof errorswereobjectsclassi ed asback-
ground,andcarsandspaceshuttlesclassi ed astrucks. A
testerrorrateof 16.7%wasobtainedonthehighly challeng-
ing jittered-clutteed datasein binocularmode. An exam-
ple of theinternalstateof this network is shavnin gure 6.
Typical examplesof imagesfrom the testsetandthe cor-
respondinganswersproducedby the systemare shavn in
gure 7.

Onesigni cant surprisds thecomparatiely poorperfor
manceof CorvolutionalNetonthejittered-clutteeddataset
with monocularinputs (line 6.2): the error rate is 39.9%
comparedwith 16.7%for binocularinputs. This suggests
thatthe binocularnetwork is ableto take advantageof the
disparityinformationto helplocatethe outline of the object
and disambiguatehe segmentation/classi cation.In fact,
it canbe obseredon gure 6 thatthe last4 featuremaps
in the rst andsecondayers,which take inputsfrom both
camerasseento be estimatingfeaturesakin 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

Table 2: Confusionmatrix on the testsetfor the binocu-
lar corvolutionalneton thejittered-cluttereddatabaséline
6.0in theresultstable). Eachrow indicatesthe probability
thatthe systemwill classifyanobjectof the givencategory
into eachof the 6 cateyories. Most errorsare false nega-
tives(objectsclassi ed asjunk), or carsbeingclassi ed as
trucks.

5 Conclusionand Outlook

An importantgoalof thiswork is to pointoutthelimitations
of populartemplate-base@dpproachegincluding SVMs)
for classi cationoververylargedatasetsvith comple vari-
abilities. Our resultsemphasizehe crucial importanceof
trainablelocal feature extractorsfor robust and invariant
recognition.

A real-timeportabledemosystemwasimplementedis-
ing USB camerasonnectedo a laptopcomputer Convo-
lutional Nets can be scannedver large imagesvery ef -
ciently [7]. Takingadwantageof this property the network
is scannecdbver input imagesat multiple scalesproducing
likelihoodmapsfor eachcategory. Thesystemcanspotand
recognizeanimals,human gures, planes,carsandtrucks
in natural sceneswith high accurag at a rate of several
framesper second.By presentinghe input imageat mul-
tiple scalesthe systemcandetectthoseobjectover a wide
rangeof scales Examples obutputof this systenmwith nat-
uralimagesareshovnin gure 5. This gure wasgenerated
usingthemonoculaicorvolutionalnettrainedonthejitterd-
cluttered databaséline 6.2 on theresultstable). Although
the raw performanceof this network on the databasevas
quite poor, anddespitethefactthatit wastrainedonly with
semi-arti cial data,the systemcanspotmostobjectsin the
scenesThenetwork is appliedto theimageattwo different
scales,andis scannedver multiple positionsat the large
scale. The scoresfor eachclassat all scalesand positions
arecombinedo produceanoveralllikelihoodof nding an
objectof theclassanywherein theimage.Thelist of classes
whoselik elihoodexceedsathresholdareshavn above each
imagein the gure. Thegraylevel of thelabelword is in-
dicative of thelik elihood.

The NORB datasebpensthe doorto large-scaleexper
imentswith learning-basedpproacheso invariantobject
recognition.Thisis the rst installmentn whatpromisego
be along seriesof works on the subject. Futurework will
usetrainableclassi ersthatincorporateexplicit modelsof
imageformationandgeometry
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Figure5: Examples ofesultson naturalimages.Thelist of objectsfound by the monocularcorvolutional netis displayed

above eachsample.
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Figure 6: Internal stateof the Corvolutional Network for
animagepair from the jittered-textured dataset.From left
to right: input (left andrightimages),C1, S2,C3, S4,and
output. layer C5 wasomitted. The 4 topmostfeaturemaps

of C1 and S2 are monoculay while the 4 bottom onesare
binocular

Figure7: Exampledrom thejittered-clutteedtestsetwith
labels producedby the binocular corvolutional net (line
6.0). The labelsabore eachimage indicatethe systems
rst choiceandsecondchoice(“junk” meanso objectwas
found). If the rst choiceis erroneousthe correctclassla-
belis displayedn braclets. Thisis atypical setof examples
wheremostconfusionsoccurbetweertrucksandcars.



