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Abstract

We assesghe applicability of several popular learning
methoddor the problemof recanizinggenericvisual cat-
egorieswith invarianceto pose lighting, and surrounding
clutter A large datasetcomprisingsteleoimage pairs of 50
uniform-coloedtoysunder36 azimuths9 elevations,and6
lighting conditionswascollected(for a total of 194,400in-
dividualimages).Theobjectswere 10instance®f5 generic
catgyories: four-legged animals,human gur es,airplanes,
trucks,andcars. Five instanceof ead category 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 NeaestNeighbormethodsSupportvectorMa-
chines,and CorvolutionalNetworks operating on raw pix-
elsor on PCA-derivedeatueswere tested.Testerror rates
for unseerobjectinstancegplacedon uniformbadgrounds
were around13%for SVMand 7% for CorvolutionalNets.
On a sgmentation/ecanition task with highly cluttered
images,SVMprovedimpractical, while Corvolutional nets
yielded16/7%error. A real-timeversion of the systenwas
implementedhat can detectand classify objectsin natu-
ral scenest around10framesper second.

1. Intr oduction

Therecognitionof genericobjectcategyorieswith invari-
anceto pose,lighting, diversebackgroundsandthe pres-
enceof clutteris oneof the major challengeof Computer
Vision.While therehave beenattemptgo detectandrecog-
nize objectsin naturalsceneaisinga variety of clues,such
ascolor, texture, the detectionof distinctive local features,
andthe useof separatelyacquired3D models very few au-
thorshave attacled the problemof detectingandrecogniz-
ing 3D objectsin imagesprimarily from the shapanforma-
tion.

Even fewer authorshave attacled the problem of rec-
ognizinggenericcategories suchascars,trucks,airplanes,
humangures, or four-leggedanimalspurelyfrom shapén-
formation.The dearthof work in this areais duein partto
the dif culty of the problem,andin large partto the non-
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availability of a datasetvith sufcient sizeanddiversityto
carryoutmeaningfulexperiments.

The rst partof this paperdescribeshe NORB dataset,
alargeimagedatasetomprising97,200stereamagepairs
of 50 objectsbelongingto 5 genericcategories(four-legged
animals human gures, airplanestrucks,andcars)under9
differentelevations,36 azimuthsand®é lighting conditions.
The raw imageswere usedto generatevery large setsof
greyscalestereopairswherethe objectsappearat variable
location, scale,image-planeangles,brightness,and con-
trast,ontop of backgroundlutter, anddistractorobjects.

The secondpart of the paperreportsresultsof generic
shaperecognitionusingpopularimageclassi cationmeth-
odsoperatingon variousinput representationst he classi-
ers weretrainedon veinstance®f eachcategory (for all
azimuths,elevations,andlightings) and testedon the ve
remaininginstancesResultsof simultaneousletectionand
recognitionwith CorvolutionalNetsarealsoreported.

The main purposeof this paperis not to introducenew
recognitionmethods pbut ratherto (1) describethe largest
publicly availabledatasefor genericobjectrecognition;(2)
reportbaselineperformancewith standardmethodon this
dataset3) explore how differentclassesof methodsfare
whenthe numberof input variablesis in the tensof thou-
sandsandthenumberof examplesn thehundredf thou-
sands;(4) comparethe performanceof methodsbasedon
globaltemplatematchingsuchasK-NearestNeighborsand
SupportVector Machines,and those basedon local fea-
tureextractionsuchasCorvolutionalNets,whenintra-class
variabilitiesinvolve highly complex transformationgpose
andlighting); (5) assesshe performancef template-based
methodswvhenthe size of the problemis at the upperlimit
of their practicality; (6) measureto what extent the vari-
ouslearningarchitecturecanlearninvarianceto 3D pose
andlighting, and candealwith the variabilities of natural
imagesj7) determinewvhethertrainableclassi erscantake
adwantageof binocularinputs.

2. The NORB Dataset

Many object detection and recognition systemsde-
scribed in the literature have (wisely) relied on mary
different non-shaperelated clues and various assump-
tions to achieve their goal. Authors have adwocatedthe
use of color, texture, and contours for image index-



ing applications[8], the detection of distinctive local
featureq20, 26, 25, 23], the useof globalappearanceem-
plateq11, 10, 19], theextractionof silhouettesandedgein-
formation[14, 22, 8, 4, 19 andthe useof pose-itvariant
feature histograms[9, 5, 1]. Corversely learning-based
methodsoperatingon raw pixels or low-level local fea-
tures have beenquite successfufor suchapplicationsas
facedetection[24, 18, 12, 7, 25, 21], but they have yet to
be appliedsuccessfullyto shape-basedose-ivariantob-
ject recognition.One of the central questionsaddressed
in this paperis how methodsbasedon global templates
and methodsbasedon local featurescompareon invari-
antshapeclassi cationtasks.

In the NORB datasetthe only usefulandreliable clue
is the shapeof the object, while all the other parameters
thataffecttheappearancaresubjectto variation,or arede-
signedto containno usefulclue.Parametershataresubject
to variationare: viewing angles(pose),lighting condition,
position in the image plane, scale,image-planerotation,
surroundingobjects, backgroundtexture, contrast, lumi-
nanceandcameraettingggainandwhite balance)Poten-
tial clueswhoseimpactwas eliminatedinclude: color (all
imageswere grayscale)and object texture (objectswere
paintedwith a uniform color). For speci ¢ objectrecogni-
tion tasks,the color andtexture information may be help-
ful, but for genericshaperecognitiontasksthe color and
textureinformationaredistractiongatherthanusefulclues.
The image acquisitionsetupwas deliberatelydesignedto
re ect realimagingsituations.By preservingnaturalvari-
abilitiesandeliminatingirrelevantcluesandsystematidi-
asespuraimwasto producea benchmarkn which no hid-
denregularity canbeused whichwould unfairly advantage
somemethodsover others.

While severaldataset®f objectimageshave beenmade
availablein the past[11, 22, 19], NORB is considerably
largerthanthosedatasetsandoffersmorevariability, stereo
pairs,andthe ability to compositethe objectsandtheir cast
shadaevs ontodiversebackgrounds.

Ultimately, practical object recognition systemswill
have to be trained on natural images.The value of the
presentapproachis to allow systematimbjective compar
isons shapeclassi cation methods,as well as a way of
assessingheir invariantpropertiesandthe numberof ex-
amplesrequiredto trainthem.

2.1. Data Collection

The image acquisition system was composedof a
turntable on which object were placed,two Hitachi KP-
D20AU CCD camerasmountedon a swiveling arm, and
four studiolights with bounceumbrellas.The angleof the
turntable,the elevationsof the cameraarm, andthe inten-
sity of thelights wereall undercomputercontrol. The cam-
eraswered4lcmaway from theobjects(roughlyarmlength)
and7.5cmapartfrom eachother(roughly the distancebe-
tweenthe two eyesin humans).The lenses'focal length
was setaround16mm. The turntablewas 70cmin diame-
ter andhada uniform mediumgray color. The lights were
placedat various x ed locationsand distancesaroundthe
object.

We collectedimagesof 50 differenttoys shavn in g-
ure 1. The collectionconsistsof 10 instancesf 5 generic
categories:four-leggedanimals,human gures, airplanes,
trucks, and cars.All the objectswere paintedwith a uni-
form bright green.The uniform color ensuredhatall irrel-
evant color andtexture informationwas eliminated.1,944
stereqpairswerecollectedfor eachobjectinstance9 eleva-
tions (30, 35,40,45,50,55,60,65,and70degreesfrom the
horizontal),36 azimuths(from O to 350 every 10 ), and6
lighting conditions(variouson-off combination®f thefour
lights). A total of 194,400RGBimagesat640 480resolu-
tion werecollected(5 categyories,L0instances9 elevations,
36 azimuths 6 lightings, 2 camerasY¥or atotal of 179GB
of raw data.Notethateachobjectinstancewasplacedin a
differentinitial pose therefore’0 degreeangle” may mean
“facingleft” for oneinstanceof ananimal,and“f acing30
degreeright” for anothelinstance.

2.2. Processing

Training and testing sampleswere generatedso as to
carefully remove (or avoid) any potentialbiasin the data
that might make the task easierthanit would be in real-
istic situations.The object masksand their castshadevs
were extractedfrom the raw images.A scalingfactorwas
determinedor eachof the 50 objectinstancesy comput-
ing the boundingbox of the union of all the objectmasks
for all theimagesof thatinstance The scalingfactorwas
chosersuchthatthelargestdimensionof the boundingbox
was 80 pixels. This removed the mostobvious systematic
biascauseddy the variety of sizesof the objects(e.g.most
airplaneswere larger thanmosthuman gures in absolute
terms). The sgmentedand normalizedobjectswere then
compositedwith their castshadavs) in the centerof var
ious 96 96 pixel backgroundimages.ln some experi-
ments thelocations scalesjmage-planengle,brightness,
andcontrastwwererandomlyperturbedduringthe composit-
ing process.

2.3. Datasets

Experimentswere conductedwith four datasetsgen-
eratedfrom the normalizedobjectimages.The rst two
datasetsverefor purecategorizationexperimentya some-
whatunrealistictask), while the lasttwo werefor simulta-
neousdetection/sgmentation/recognitioexperiments.

All datasetsiseds instancef eachcatayory for train-
ing andthe5 remaininginstancedor testing.In thenormal-
izeddataset972imagesof eachinstancewereused:9 ele-
vations,18 azimuthg(0 to 360 every 20 ), and6 illumina-
tions, for atotal of 24,300training samplesand24,300test
samplesln thevariousjittereddatasetsgachof the972im-
agesof eachinstancewereusedto generateadditionalex-
amplesby randomlyperturbingthe position ([-3, +3] pix-
els),scalg(ratioin [0.8,1.1]),image-planangle([-5, 5] de-
grees) brightnesq][-20, 20] shifts of gray levels), contrast
([0.8, 1.3] gain) of the objectsduring the compositingpro-
cessTendrawingsof theserandomparametersveredravn
to generatdrainingsets,andoneor two drawvingsto gener
atetestsets.
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Figure 1. The 50 object instances in the NORB dataset. The left side contains the training instances
and the right side the testing instances for each of the 5 categories.

In the textured and cluttered datasetsthe objectswere
placedonrandomlypickedbackgroundmagesin thoseex-
perimentsa 6-th category wasadded:backgroundmages
with no objects(resultsarereportedfor this 6-way classi -
cation).In thetexturedset,thebackgroundsvereplacedata

x eddisparity akinto abackwall orthogonato thecamera
axisata x eddistanceln thecluttered datasetsthedispar
ities wereadjustedandrandomlypicked sothatthe objects
appearedlacedon highly textured horizontal surfacesat
smallrandomdistancegrom thatsurface.ln addition,aran-
domly picked “distractor” objectfrom the training setwas
placedatthe peripheryof theimage.

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

jittered-uniformset 5 classesrandomperturbations,
uniform backgrounds243,000training samples(10
drawings)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), 58,320testingsampleq2
drawings).See gure 2.

jittered-clutteed set 6 classes(including one back-
ground class),randomperturbation,highly cluttered
backgroundimagesat random disparities,and ran-
domly placeddistractorobjectsaroundthe periphery
291,600training sampleq10 drawings), 58,320test-
ing sampleg2 drawings).See gure 2.

Occlusionsof the centralobjectby the distractoroccuroc-
casionally as canbe seenin gure 2. Most experiments
wereperformedn binocularmode(usingleft andright im-
ages),but somewere performedin monocularmode. In
monocularexperiments the training set and 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 the jittered-
texturedandjittered-clutteedtraining setareshovn in g-
ure2.

3. Experiments

Thefollowing classi ersweretestedon raw imagepairs
from the normalized-uniformdatasetlinear classi er, K-
NearestNeighbor (Euclideandistance),pairwise Support
VectorMachineswith Gaussiarkernels,andCorvolutional
Networks[7]. With 18,432inputvariablesand24,300sam-
ples, this datasetis at the upper limit of practicality for
template-matching-bas@dethodssuchaskK-NN andSVM
(in fact, specialalgorithmshadto be implementedo make
thempractical). The K-NearestNeighborand SVM meth-
ods were also appliedto 95-dimensionalvectorsof PCA
coefcients extractedfromthe2 96 96 binoculartrain-
ingimagesAll themethodsverealsoappliedto Laplacian-
Itered versionsof the images,but the resultswere uni-
formly worsethanwith raw imagesandarenotreported.

The Corvolutional Network was trained and testedon
the normalized-uniforndatasetaswell ason the jittered-
uniformandjittered-textured datasetsT he jittered training
setswere muchtoo large to be handledby the K-NN and
SVM methodswithin reasonabldimits of CPU time and
memoryrequirementsin the following sections,we give
brief descriptionsof the methodsemployed. All the algo-
rithms were implementedwith the Lush environment[3].
The SVM implementationusedthe Torch library [6] in-
terfacedto Lush, while the Corvolutional Netimplementa-
tionusedLush'sgblearn2 package.

3.1. Principal ComponentAnalysis

Computingthe Principal Component®f the datasefor
the PCA-base-NN andSVM wasa major challengebe-
causeit wasimpossibleto manipulate(let alonediagonal-
ize) the 18,432 18,432covariancematrix (2 96 96



Figure 2. Some of the 291,600 examples from the jittered-te xtured training set (top 4 rows), and from
the jittered-c luttered training set (bottom 4 rows). (left camera images).

squared)Fortunately following [13], we cancomputethe
principal direction of a centeredcloud of points (x;) by
nding two clustercentroidsthat are symmetricwith re-
specttg the origin: we must nd a vector u that mini-
mizes ;min (x; u)%(x; + u)? . A quick solutionis
obtainedwith online (stochasticplgorithmsasdiscussedn
[2] in the context of the K-Meansalgorithm.Repeatedp-
plicationsof this method,with projectionson the comple-
mentaryspacespannedby the previously obtaineddirec-
tions,yield the rst 100principalcomponent#n afew CPU
hours.The rst 29 componentshusobtained(theleft cam-
eraportion) are shovn in gure 3. The rst 95 principal
componentsvereusedin theexperiments.

3.2. K-Nearest Neighbors (with Euclidean Dis-
tance)

Becauserunning the K-NearestNeighbors algorithm
with 24,300referencamagesin dimensionl18,432is pro-
hibitively expensve, we precomputedthe distancesof
a few representatie imagesAy to all the other refer
enceimagesX;. By triangularinequality the distancede-
tweena queryimageX andall the referencémageX; is
boundedbelowv by Maxy jd(X;Ax) d(Ak;Xi)j. These
can be usedto choosewhich distancesshould be com-

puted rst, and to avoid computing distancesthat are
known to be higherthanthoseof the currentlyselectedef-

erencepoints [17]. Experimentswere conductedfor val-

uesof K up to 18, but the bestresultswere obtainedfor

K = 1. We also applied K-NN to the 95-dimensional
PCA-dervedfeaturevectors.

3.3. Pairwise Support Vector Machine (SVM)

We applied the SVM method with Gaussiankernels
to the raw imagesof the normalized-unifornmdatasetbut
failed to obtain corvergencein manageabldime due to
the overwhelmingdimension the numberof training sam-
ples,andthe taskcompleity. We resortedo usingthe 95-
dimensional PCA-derived featurevectors,aswell assub-
sampledmonoculawversionsof theimagesat48 48pixels
and32 32resolutions.

Ten SVMs were independentlytrainedto classify one
class versusone other class (pairwise classi ers). This
greatly reducesthe numberof samplesthat must be ex-
aminedby eachSVM over the more traditional approach
of classifying one class versusall others. During test-
ing, the sampleis sentto all 10 classi ers. Eachclassi er
“votes” for one of its attributed cateyories. The cate-
gory with the largest number of votes wins. The num-
ber of supportvectorsper classi er were between800 and
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Figure 3. The average image and the
29 principal eigenvector s of the normaliz ed-
unif orm training set (only the left camera por-
tions of the vector s are shown).

| 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%
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%
1.8 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# | Classi®er | 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%

Table 1. Recognition results. “raw 2x96x96”

indicates raw binocular images, ‘raw
1x96x96” indicates raw monocular im-
ages, “PCA-95" indicates a vector of 95

PCA-derived features. “norm-unif " refers to
the normaliz ed-unif orm dataset, “jitt-unif ” to
the jittered-unif orm dataset, “jitt-te xt” to the
jittered-te xtured dataset, and “jitt-c lutt” to
the jittered-c luttered dataset.

20000n PCA-dervedinputs(roughly2 10° ops to clas-

sify one sample),and between2000 and 3000 0on 32 32

raw images(roughly 30  10° ops to classify one sam-
ple). SVMs could not be trained on the jittered datasets
becaus®f theprohibitive sizeof thetrainingset.

3.4. Convolutional Network

Convolutional Networks [7] have beenusedwith great
successn variousimagerecognitionapplications suchas
handwritingrecognitionand face detection.The readeris
referedto the above referencefor a generaldiscussionof
CornvolutionalNets.CorvolutionalNetsusea successioof

layersof trainableconvolutionsandspatialsubsamplingn-
terspersedvith sigmoid non-linearitiesto extract features
of increasinglylarge receptive elds, increasingcomplex-
ity, and increasingrobustnesgo irrelevant variabilities of
theinputs.

A six-layernet,shavnin gure 5, wasusedin theexper
imentsreportechere. Thelayersarerespectrely namedC1,
S2,C3,54,C5,andoutput. The C letterindicatesa convo-
lutional layer, andthe S layer a subsamplindayer. C1 has
8 featuremapsanduses5 5 cornvolutionkernels.The rst
2 mapstake input from the left image,the next two from
theright image,andthe last4 from both.S2isa4 4 sub-
samplinglayer. C3 has24 featuremapsthat use96 convo-
lution kernelsof size6 6. EachC3 maptakesinput from
2 monoculamapsand 2 binocularmapson S2, eachwith
adifferentcombinationS4isa3 3 subsamplindayer C5
hasa variablenumberof maps(80 and100in thereported
results)that combineinputs from all mapin S4 through
6 6 kernels.Finally the outputlayer takesinputsfrom all
C5 maps.The network hasa total of 90,575trainablepa-
rametersA full propagatiorthroughthe network requires
3,896,920multiply-adds.

The network wastrainedto minimize the meansquared
error with a set of target outputs.For 5-classrecognition
tasks,we useda traditionalplacecode(oneunit active, the
otherinactive), for 6-classdetection/recognitiotasks,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 approximately250,0000nline updatesNo
signi cant over-training was obsened, and no early stop-
ping was performed. For experimentswith monocular
data, the left image was duplicatedinto the right im-
age,or vice versawith equalprobability.

4. Resultsand Discussion

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

Theresultsareshavnin tablel. To ourknowledge these
are the rst systematicexperimentsthat apply machine
learningto shape-basegdenericobjectrecognitionwith in-
varianceto poseandlighting. Theseresultsareintendedas
abaselingfor futurework with the NORB datasets.

The rst section of the table gives results on the
normalized-uniformdatabasea somavhat unrealisticset-
ting that assumesghat objectscan be isolatedfrom their
surroundingandhave beensize-normalizegbrior to recog-
nition.

The biggestsurpriseis that brute-forceNearestNeigh-
bor with Euclideandistanceon raw pixelsworks at all, de-
spitethe complex variabilitiesin thedata(seelines1.1and
1.2in thetable).Naturally, theclassi cationis horribly ex-
pensvein memoryandCPUtime.

Anotherimportantessoris thatGaussialsVM becomes
impracticalwith very large and comple datasetsuchas
NORB. The Gaussiar8VM architectureconsistof a layer



of templatematcherswhoseprototypesarea subsebf the
training samples(i.e. a Gaussiarbump is placedaround
eachtraining sample) followed by a layer of linear com-
binationswith learnedweights.Sincethe supervisedearn-
ing only takesplacein thelinearlayer, the objective func-
tion canbe madecornvex (quadratiovith box constraintsn

the caseof traditional SVMSs). In fact, an often-statecad-
vantageof SVMs is the corvexity of their objective func-
tion. Thatpropertyseemgo beof little helpin our casebe-
causeof thedif culty of thetask(whichincreaseshenum-
ber of supportvectors),the large numberof training sam-
ples,andthe factthat the size of the quadraticprogramto

be solved grows with the squareof the numberof training
samplesWe did not obtaincorvergenceon theraw binoc-
ular dataafter several daysof CPU time using one of the
fastestknown implementationof SVMs (from the Torch
packagd6]). Experimentswith reducedesolutionmonoc-
ularimagesyieldeddecentesultsaroundl3%(sedines1.4
and1.5in table1). Working from the PCA featuresyielded
similarresults(seeline 1.6).

Unfortunatelythosecompleity reductionswverestill in-
sufcient to allow us experimentswith the much larger
jittered-texturedandjittered-clutteredrainingsset.Theper
formanceof SVMs on thejittered testsetafter trainingon
the unjittered training set was predictablyabysmal(48%
error on PCA featuresand34%onraw 1 48 48) PCA-
derivedfeatureswhich hasmetwith somesuccessn face
recognition,only broughtmaminal 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 datasetThis dataseis unrealisticallyfavorableto
template-basechethodshecausehelighting conditionsare
in smallnumberg(6) andareexactly identicalin thetrain-
ing setandthe testset. Furthermorethe perfectlyuniform
backgroundsperfect object registration, and perfect size
normalizationare not likely to be possiblein realistic ob-
jectrecognitionsettings.

On the normalized-uniformset, corvolutional nets
reachederror ratesbelonv 7% with binocularinputs (lines
1.7,and1.8). Theerrorratewasonly mildly affectedby jit-
tering the training and testsampleg7.1% versus6.8% for
non-jittered).Thesizeof thejittered databasevastoo large
to carry out experimentswith the template-basedneth-
odsthatwould resultin meaningfulcomparisons.

4.2. Resultson the jitter ed-textured and jitter ed-
cluttered datasets

The most challenging task by far was the jittered-
cluttered datasetandthe lesschallengingjittered-tectured
dataset, where the classi er must simultaneously de-
tect and recognizeobjects. The shearsize and complex-
ity of thesedatasetgplacethem above the practicallimits
of template-basednethods,thereforewe only report re-
sultswith CorvolutionalNets(lines5.x and6.x).

A testerrorrateof 10.6%0nthe6 classeg5 objectsplus

background)wvas obtainedon the jittered-textured dataset.

A largeproportionof errorswereobjectsclassi ed asback-

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. Confusion matrix on the test set
for the binocular convolutional net on the
jittered-c luttered database (line 6.0 in the re-
sults table). Each row indicates the probabil-
ity that the system will classify an object of
the given category into each of the 6 cate-
gories. Most errors are false negatives (ob-
jects classied as junk), or cars being classi-
ed as trucks.

ground,and carsand spaceshuttlesclassi ed astrucks. A
testerrorrateof 16.7%wasobtainedonthehighly challeng-
ing jittered-clutteed datasein binocularmode.An exam-
ple of theinternalstateof this network is shavnin gure 5.
Typical examplesof imagesfrom thetestsetandthe corre-
spondinganswergproducedy thesystemareshavnin g-
ure6.

Onesigni cant surprisds thecomparatrely poorperfor
manceof CorvolutionalNetonthejittered-clutteeddataset
with monocularinputs (line 6.2): the error rateis 39.9%
comparedwith 16.7%for binocularinputs. This suggests
thatthe binocularnetwork is ableto take advantageof the
disparityinformationto helplocatethe outline of the object
anddisambiguate¢he segmentation/classi cationn fact, it
can be obsened on gure 5 that the last 4 featuremaps
in the rst andsecondayers,which take inputsfrom both
camerasseento beestimatingfeaturesakin to disparity

5. Conclusionand Outlook

An importantgoal of this work is to point out the lim-
itations of popular template-basedpproachegincluding
SVMs)for classi cationoververy largedatasetsvith com-
plex variabilities.Our resultsemphasizehe crucialimpor-
tanceof trainablelocal featureextractorsfor robustandin-
variantrecognition.

A real-timeportabledemosystemwasimplementedis-
ing USB camerasonnectedo a laptop computer Cornvo-
lutional Nets can be scannedover large imagesvery ef -
ciently [7]. Taking advantageof this property the network
is scannedbver input imagesat multiple scalesproducing
likelihoodmapsfor eachcategory. The systemcanspotand
recognizeanimals,human gures, planes,carsandtrucks
in natural sceneswith high accurag at a rate of several
framesper second By presentinghe input imageat mul-
tiple scalesthe systemcandetectthoseobjectsoverawide
rangeof scalesExamplesof outputof this systemwith nat-
ural imagesareshovn in gure 4. This gure wasgener
atedusingthe monocularcorvolutional net trainedon the
jitterd-cluttered databas€line 6.2 on theresultstable).Al-



human, car,

aninal

Figure 4. Examples of results on natural images. The list of objects found by the monocular convo-
lutional net is displa yed above each sample .

thoughtheraw performancef this network onthedatabase
wasquite poor, anddespitethe factthatit wastrainedonly
with semi-arti cial datathesystencanspotmostobjectsin
the scenesThe network is appliedto the imageat two dif-
ferentscalesandis scannedver multiple positionsat the
largescale.The scoredor eachclassat all scalesandposi-
tionsarecombinedo produceanoveralllikelihoodof nd-
ing an objectof the classarywherein theimage.The list
of classesvhoselik elihoodexceedsa thresholdare shovn
above eachimagein the gure. The gray level of the la-
belwordis indicative of thelikelihood.

The NORB datasebpensthe door to large-scalexper
imentswith learning-base@dpproacheso invariantobject
recognition.Thisis the rst installmentin whatpromisego
be a long seriesof works on the subject.Futurework will
usetrainableclassi ersthatincorporateexplicit modelsof
imageformationandgeometry
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