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Abstract— Autonomous navigation in outdoor, off-r oad en-
vir onments requires solving complex classi�cation problems.
Obstacle detection, road following and terrain classi�cation are
examplesof taskswhich have beensuccessfullyapproachedusing
supervised machine learning techniquesfor classi�cation. Lar ge
amountsof training data areusually necessaryin order to achieve
satisfactory generalization. In such cases,manually labeling data
becomesan expensive and tedious process.

This paper describes a method for reducing the amount
of data that needs to be presented to a human trainer. The
algorithm relieson kernel density estimation in order to identify
“inter esting” scenesin a dataset. Our method doesnot require
any interaction with a human expert for selecting the images,
and only minimal amounts of tuning are necessary.

We demonstrate its effectivenessin several experiments using
data collectedwith two differ ent vehicles.We �rst show that our
method automatically selectsthose scenesfr om a large dataset
that a personwould consider“important” for classi�cation tasks.
Secondly, we show that the labeling of only few of the images
our method selects leads to classi�cation performance that is
comparableto the oneobtainedafter labeling hundredsof images
fr om the samedataset.

I . INTRODUCTION

Several importantaspectsof outdoormobileroboticscanbe
reducedto solving classi�cationproblems.Obstacledetection
can be seenas the problemof using sensorydatato classify
regions of spacearounda robot as traversableor not. Road
following is anotherexample in which we need to use the
sensorsandclassify the spacearoundan autonomousvehicle
into the road/non-roadclasses.Developing classi�ers that
performwell is thusan importantpart of �elding a successful
robotic vehicle.

Someof the moresuccessfulclassi�ers that weredesigned
for thesetype of problemsusemachinelearningtechniques.
The outdoor off-road environment is complex and the data
producedby the multitude of sensorson a modern robotic
platform is often high-dimensional.As a result, manually
deriving good algorithms that work well in a multitude of
situationscanbe very challenging.

In 1992, Pomerleau[1] demonstratedthe �rst successful
applicationof machinelearning methodsto the problem of
mobile robot navigation: a neuralnetwork usedimagedatain
order to choosea steeringangle.Learningquickly becamea
preferredsolution for handling the real-world complexity in
autonomousvehicleapplications(seefor example[2]–[5]).

Fig. 1. The two robotic vehiclesusedfor the experimentsdescribedin this
paper:the CMU autonomoustractor (left) andGDRSXUV (right).

While autonomousvehicleswereableto demonstrategood
performancein many speci�c test cases,thereare important
practical aspectsthat have not been addressed.Almost all
the systemsuse supervisedlearning, which require labeled
data.For certainproblemsobtaining labeleddata is inherent
to the data collection processand is relative cheap(seefor
example[6]). However, themostcommonapproachis to have
a human expert manually label data that is representative
of the operating environment. Since the outdoor off-road
environmentis highly unconstrained,obtaininga systemwith
good generalizationpropertiesrequiresusing a large amount
of data,which is both expensive and tediousto label.

We believe that in order to make learningfor autonomous
navigation applicable to real-world problems, the need for
manual inspectionand labeling of sensordata needsto be
signi�cantly reduced.This paperdescribesan active learning
techniquethat can be applied to large unlabeleddatasetsin
order to selectonly the “interesting” scenesthat should be
presentedto the humanexpert for labeling. Essentially, we
would like to have a data�lter that cantake as input datasets
of thousandsof images (in case we use image data) and
only presentthe human expert with 10-20 imagesthat are
really worth labeling.This is the typical applicationfor active
learningtechniques.

Active learningis a researchareathathadmany successsto-
ries (see[7] and[8] for shortbut informative reviews). Some
of thebetterknown applicationsarerelatedto datamining text
information[8] , astronomicaldataor large company records.
Roboticshasalsoseensomeimportantapplications,mostly in
the control domain( [9], [10]).

Our long term goal is to make learningpracticalfor large,



real-world roboticsapplicationsby adaptingpromising tech-
niquesfrom thedatamining �eld to robotics.Theapproachwe
describein this paperis intuitive, well foundedtheoretically
and producesgood results. As we will show later in the
paper, this techniquecan be usedby itself or as a �rst stage
of more complex active learningsystemsthat requirehuman
interaction.

In sectionII we describethe type of datathat we useand
we cover thetheoreticalfoundationsof our method.In section
III we presentsomeof our experimentalresults.We describe
two typesof experimentswe performedusingdatafrom two
different robots.Finally, we concludein sectionIV.

I I . APPROACH

Before we presentdetails about our algorithm we brie�y
describeour applicationanddata.

A. ProblemSetupand Data Representation

The techniquedescribedin this paper has been applied
in the context of terrain classi�cation and obstacledetection
for autonomousoutdoor robots. In particular, we are using
rangedatafrom laserrange�nders, color, infraredandtexture
information capturedusing two autonomousrobots that will
be describedin moredetail in sectionIII. The sensorson the
two autonomousvehicles(color cameras,infraredcameraand
laserrange�nders) are calibratedwith respectto eachother,
meaningthatundervery mild assumptionsaboutthegeometry
of the scenewe can obtain color and infrared information
for every threedimensional(3-D) point returnedby the laser
range �nder that is in the �eld of view of our cameras.
Similarly, 3-D pointsfrom the lasercanbe projectedinto any
one of our images.The assumptionthat needsto be made
is that the imaging and rangesensorsare not far from each
other comparedto the distanceto the imagedscene.Even if
this assumptionis violated, problemswill only occur when
occlusionsarepresent.

Both our vehiclescan record large amountsof laser and
image data. Each time an image is captured,the recently
recordedlaserdatais projectedinto it. The imageis divided
into a grid of rectangularpatchesand several featuresare
extractedfrom eachdatamodality. Eachdatalog will contain
many images,eachimagewill becontainmany patches(1200
in our case) and several features (36 in the experiments
presentedin this paper)will beextractedfor eachimagepatch.

Once the features are extracted, classifying the image
patchesas obstacles/non-obstaclesor road/non-roadcan be
achieved with any standardlearningalgorithmsuchasneural
networks, support vector machines,decision trees,etc. The
standarddatalabelingprocedureconsistsin navigatingthrough
the entire data log, manually selectingimagesthat a human
expertconsidersinterestingandlabelingregionsof the images
asbelongingto speci�c classes.

Our methodis a non-interactive techniquethatanalyzesthe
featuresassociatedwith eachoneof the imagesin the dataset
in order to detect images that are considered“surprising”
given the probability distribution of the rest of the data. It

is important to note that this is done before any data is
labeled by the human expert. For this reasonwe refer to
our methodas “unlabeleddata �ltering”. This contrastsour
method with better known active learning techniquessuch
as con�dence basedquery selectionor voting basedquery
selection(see[8], [11]–[13]) which require a small amount
of labeleddata to begin with and then interactively present
moredatato thehumanexpert for labeling.Usingour method
doesnot however exclude the use of someother interactive
active learningtechnique.On the contrary, our approachcan
be usedto obtain a good small datasetfor jump-startingthe
other interactive methods.

B. Kernel DensityEstimation

The core of our methodconsistsin repeatedlyestimating
the probability density function over the spacein which our
datapoints live. Sincewe had no reasonto assumethat our
data obeyed any particular probability distribution we opted
for a non-parametricmethodsuchasmixturesof Gaussiansor
kerneldensityestimation(KDE). While slower thanmixtures
of Gaussians,kernel basedmethodshave the advantagethat
they have lessproblemswith local minima and that roughly
only oneparameter(the bandwidthof the kernel)needsto be
selected.Since our methodis running off-line and doesnot
requirehumaninteractionspeedwas not an important factor
andasa resultwe usedkerneldensityestimation.

KDE is probably the best known method for estimating
probability density functionsnon-parametrically, and is cov-
eredextensively by moststatistics,machinelearningor pattern
classi�cationbooks.We will only presentherethe basicsand
refer the readerto [11], [14], [15] for excellentdiscussionson
kerneldensityestimation.

Assuming that N data points x1; : : : ; xN from R d are
available,theKDE estimatefor theprobabilityof observinga
patternx whenusinga Gaussiankernel is given by

p̂(x) =
1
N

NX

n =1

1
(2� h2)d=2

e� k x � x n k 2

2h 2 (1)

where h is the bandwidthof the kernel. Essentially, this
function computesa countof the neighborsof x andweights
themthroughtheGaussianfunction.Kerneldensityestimation
can use many other kernelsother than the Gaussian,but in
practice the choice of a particular kernel is not nearly as
importantaschoosingthe right bandwidth.The bandwidthis
a smoothingparameterandchoosingit is relatedto addressing
thewell known bias-variancetrade-off: a bandwidththatis too
smallwill resultin a noisyestimatewhile choosingonethat is
too large with result in an over-smoothed,high bias estimate
of the probability density function. Our algorithm uses k-
fold cross-validationin orderto searchfor the bandwidththat
maximizesthe likelihoodof the data.

One of the serious problems that affect kernel density
estimationis high dimensionality. It can be shown (see for
example [14], [15]) that as the dimensionalityof the input
spaceincreases,the likelihoodof having any datapointsclose
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Fig. 2. The basic idea behind our algorithm: a “common” sceneon the
left column, an “interesting” one on the right. The secondrow is a 2D
representationof the featuresspace(obtainedwith PCA). The blue (dark)
points representthat patchesthat are already in the selectedset S. The
greencircles and the red crossesrepresentthe datapoints coming from the
currentlyanalyzedscene(the red crossesarethe 25 leastlikely patches).For
the commonscenethere is a lot of overlap betweenthe its patchesand the
set S, while a signi�cant numberof patchesfrom the interestingsceneare
in currently empty regions of the featurespace.As a result, the likelihood
of the least likely patchesin the interestingscenewill be much lower then
the one for the commonscene.This can be seenon the two histogramson
the third row which representthe likelihoodsof the patchescorrespondingto
eachimageestimatedbasedon the currentsetS.

to a querypoint decreasesdramatically. In our experimentswe
presenttwo typesof results:onein which we only considera
three-dimensionalspacegiven by the color featuresof every
patchandonein which principalcomponentanalysis(PCA) is
usedto compressour 36 featuresdown to a moremanageable
� ve-dimensionalspace.We have chosento usePCA mostly
for convenience,but other dimensionalityreductionmethods
canalsobe used.

C. UnlabeledData Filtering

To understandhow we use kernel density estimation to
iteratively selectinterestingimages,we �rst derive our score
measuringfor the degreeof interestpresentedby a particular
image.

Throughoutouralgorithmwe maintainasetS of theimages
thatareconsidered“interesting”(selectedfor labeling)andset
U of imagesthat were not selectedyet. In the beginning the
setS is emptyandU containsour entiredataset.

Our algorithm begins by randomly selecting one of the
imagesin U and using it to initialize the pool of interesting

imagesS. The N patchesfrom the selectedimagerepresent
our initial andsomewhat limited knowledgeaboutthe content
of the dataset.The patchesfrom the imagesin S canbe used
with KDE in order to estimatethe likelihood of any other
patchfrom remainingimagesin the setU.

Let us now assumethat the image patchesof a speci�c
image are independent.This assumptionis known not hold
for naturalimages,but similar independenceassumptionsare
frequently made in the image processing�eld for reasons
related to the dimensionalityof the data. Note that we do
not assumethat the pixels insidea patchareindependent,but
only that thereis no correlationbetweenthe patches.

In this case,we could expressthe likelihood of observing
imageI asa function of the likelihoodof its patchesas

p(I ) =
Y

x 2 I

p(x)

Note however that we are not necessarilyinterestedin
the likelihood of the entire image. An image containing a
small pink obstacleon a grassybackgroundis certainlymore
interesting–from the obstacledetectionpoint of view– than
an image containingonly grassof a slightly different shade
from what we have seenso far. It might be betterto estimate
the degree of interestof an image only by aggregating the
likelihoodsof its k leastlikely to be observed patches.If we
denotethe set of the k least likely patchesby Ak (suchthat
8x 2 Ak ; y 2 I � Ak =) p(x) < p(y)) we can re-express
the likelihoodof the “surprisingpart of the imageI ” as

p(I k ) =
Y

x 2 A k

p(x)

The scorefunction we are using for the experimentspre-
sentedin this paperis simply the log of p(I k ):

score(I ) = log(p(I k )) =
X

x 2 A k

log(p(x)) (2)

Given the set S of already selectedimageswe can sort
all the imagesin the U set basedon our scorefunction. We
caniteratively selectthe“most surprising”imagein U, addits
patchesto thesetS, reestimatetheprobabilitydensityfunction
and repeatthe processfor selectingas many imagesas we
are interestedin. Intuitively, the methodtries to selectthose
imageswhosepatcheswill populatesomeof theregionsof the
featurespacethat have low density. We will show later that
thereareheuristicmethodsfor detectingwhenenoughimages
have beenselectedto provide goodcoverage.

I I I . EXPERIMENTAL RESULTS

In order to test the effectivenessof our approachon real-
world problems,we have performedtwo typesof experiments
usingdatafrom two autonomousvehicles.

In the �rst experiment we apply our algorithm to four
datasetsandassessthedegreeto which theselectedimagesco-
incideswith whata humanexpertwould consider“important”
in the original dataset.



In the secondexperimentwe comparethe performanceof
a classi�er that is trainedon the scenesselectedby our �lter
to the performanceof the sameclassi�er trainedon the entire
dataset.The error rates on a separatetest set are used for
comparingperformance.

A. Datasets

The two roboticsvehiclesthat wereusedfor collectingour
datasetsare presentedin Figure 1. The CMU autonomous
tractoris equippedwith two Sony DFW-SX900highresolution
(1280x960) digital color cameras,a RaytheonControl IR
2000B near-infrared cameraand two mechanicallyscanned
SICK LMS-200 laser range �nder units. The XUV is also
equippedwith color cameras,an infrared cameraand a laser
range �nder. Both vehicles use GPS, encodersand inertial
sensorsfor localization. Note that while the sensorson the
two vehiclesoffer the samesensingmodalities, the quality
of the datais signi�cantly differentandso is the geometrical
con�guration of the sensors.This encouragesus to believe
that our experimental�ndings will apply to other robotsand
sensorsuites.

The tasks we consider are obstacledetection and road
following. The datasetswe use for obstacledetectionwere
collectedwith the autonomoustractor on a farm in Hickory,
Pennsylvaniaandat a site closeto the Pittsburgh airport that
is covered with natural brush. The FARM data (seeFigure
3) was collectedespeciallyfor this experiment,and we tried
to capturelong sequencesof relatively non-interestingterrain
with occasionalobstacles.The point of this experiment is
not to detect extremely challengingobstaclesbut rather to
seeif our unlabeleddata�ltering systemwould automatically
selectthe imagescontainingobstacles.Thevehiclewasdriven
througha grassand weedcovered�eld that containedother
agriculturalequipment,thicker vegetationthat cannotbe tra-
versed,a car, a bluetarpandseveralsmallgreenandlight grey
plantpots(meantto simulaterocks).Thedatasetcontains900
imagesrecordedat a rateof 2 Hz alongwith thecorresponding
positionandrangedata.

The two other obstacledetection datasetscontain much
morechallengingdata.TheHOLE datasetcontains219images
of a seriesof approximately50 cm deepholeswith diameters
varying from 25 to 50 cm (seeFigure5). The TALLGRASS
datasetcontains309 imagesrecordedby driving throughvery
tall weeds(approx.1.8 m). Twice alongthe path,the vehicle
encountersa personwearing a camou�age jacket hidden in
the weeds.Somesmall treesand brief areswith less weeds
arealsopresent(seeFigure6).

Theroaddetectiondataset(Figure4) wascollectedwith the
XUV at a testrangein centralPennsylvania.This datasetwas
originally collected to test the limits of our road detection
system.The aspectof the road varies signi�cantly over the
courseof the datalog, which contained440 imagesrecorded
at 1 Hz.

For all datasetswe extractedcolor, texture, IR and laser
featuresfor eachpatch.We used6 color features(meanLUV
valuesandtheirstandarddeviations),24 texturesfeatures(FFT
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Fig. 3. Resultsobtainedon the FARM datasetusing color features.TOP:
The top-left cornerimageis the oneselectedrandomlyfor initialization. The
imagesselectedin future iterationsare presentedrow-wise, in the order of
selection.BOTTOM: the scoresof the selectedimages(the minimal scoreat
eachiteration).

based),2 IR features(meanand standarddeviation for each
patch)and �nally 4 featuresbasedon laser data: the height
of the pointsexpressedin the vehicleframeandthe standard
deviationsin thevertical,forwardandlateraldirections.Since
kernel densityestimationcannotbe applieddirectly in a 36-
dimensionalinput spacewe have chosento performour initial
experimentsusingeitherthethreecolor meansor the resultof
compressingall the featuresto a � ve-dimensionalspaceusing
PCA.

B. Experiment1: SceneSelection

In the �rst experiments we applied the unlabeled data
�ltering algorithm to our datasetsand tried to evaluate if
the algorithmselectsas importantthosescenesthat a human
would �nd interesting,suchasthe obstaclesimagesor scenes
containingvery different typesof road.

Figure3 displaysthe�rst 9 imagesselectedfrom theFARM
dataset.The image patcheswere representedonly by their
color informationin a three-dimensionalspace.The�rst image
is always chosenrandomlyand then the algorithm iteratively
selectsthe images with the lowest score according to the
metric we de�ned in Equation2. As we can see,an image
of the car and somenon-traversiblevegetationand an image
of thebluetarparechosenasthetwo mostinformative images
given the initial random image that only containedgrass.
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Fig. 4. Resultsobtainedon the ROAD datasetusing color features.TOP:
The top-left cornerimageis the oneselectedrandomlyfor initialization. The
imagesselectedin future iterationsare presentedrow-wise, in the order of
selection.BOTTOM: the scoresof the selectedimages(the minimal scoreat
eachiteration).

Images3 and 4 contain views of a mowed lawn and a hay
�eld, which arequitedifferentin aspectfrom thearewe drove
in. It is interestingto notice that an imageof the implement
is only the last one of the 9 we selected;the explanationis
that its color is very similar to the color of the car presentin
image2.

Theplot at thebottomof the �gure representsthescoresof
the imagesthat got selected.The scoreincreasesdramatically
asthe �rst 5 imagesareaddedandthenincreasesat a slower
rate,which suggeststhat the restof the imagesin the dataset
are a lot less “surprising” consideringthe distribution of the
patchescontainedin the set S after four iterations of our
algorithm.Thus,by looking at the plot of the scoreone can
estimatetheminimal numberof imagesthatneedto belabeled
by a humanexpert in order to obtain good coverageof the
input space.

The sametype of data is presentedfor the road detection
dataset.Since the interestingroad scenesare not as readily
identi�able asit wasthecasewith theobstaclesetit is harder
to estimateif the algorithm selectedthe “correct” images.
However, as we can see in Figure 4, the algorithm selects
quite variedanddif�cult instancesof roadscenes.The �gure
wasgeneratedusingonly thecolor features,andwe cannotice
that the behavior from Figure3 is repeated:after 4-5 images
the color spacethat is coveredby this datasetis adequately
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Fig. 5. Resultsobtainedon the HOLE datasetusing color, texture, IR and
laser featuresprojectedto 5D using PCA. TOP: The top-left corner image
is the oneselectedrandomlyfor initialization. The imagesselectedin future
iterationsare presentedrow-wise, in the order of selection.BOTTOM: the
scoresof the selectedimages(the minimal scoreat eachiteration).

populated.
For the experiments on the HOLES and TALLGRASS

datasetswe have usedall of our 36 color, texture, infrared
andlaserfeatures,projectedto a � ve-dimensionalspace.This
slightly higher dimensionalspacetogether with the subtle
natureof the obstaclesmadethesetwo datasetsmore chal-
lenging: in the TALLGRASS datasetthe presenceof the
camou�agedhumanis quite easyto miss even by a human
expert.

The algorithm performedvery well, selectingthe kind of
imagesonewould chooseto label in orderto performobstacle
detectionin thoseenvironments.In theHOLESdatasetthe�rst
9 imagescontainholesof varioussizesseenatdifferentranges,
andsomeof the spotswherethe terrainpro�le waschanging
slowly. While it might be hard to seein Figure 6, the �rst 9
imagesretrieved from the TALLGRASS datasetcontained4
instancesof sceneswith the camou�agedhuman,at different
rangesandposeswith respectto thevehicles(images2,3,6,9).
Theotherimagesrepresentedtransitionsbetweenshortandtall
vegetation,andanimagedominatedby thetractorself-shadow.

The good results obtainedon these challengingdatasets
determinedus to investigateif the algorithm is indeediden-
tifying as interestingthe sameregions of the image that a
humanexpert would �nd interesting.Looking at the selected
imagesand determiningthat they containobstaclesdoesnot
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Fig. 6. Resultsobtainedon the TALLGRASS datasetusing color, texture,
IR and laserfeaturesprojectedto 5D using PCA. TOP: The top-left corner
imageis the oneselectedrandomlyfor initialization. The imagesselectedin
future iterationsarepresentedrow-wise, in the orderof selection.BOTTOM:
the scoresof the selectedimages(the minimal scoreat eachiteration).

Fig. 7. A representative set of the imagesselectedas by our algorithm,
with the locationsof the low likelihood patchesmarked in red squares.The
majority of the marked patchesareon the hoodof the car (a), the implement
(b), the hole closestto the vehicle (c) and the camou�agedpersonin the
lower-left sideof the image(d).
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necessarilymeanthatour algorithmchosethe imagesbecause
of thoseobstacles.

In orderto eliminatethepossibilityof a seriesof misleading
coincidences,we have marked the imagelocationsof the 35
least-likely patchesusedfor computingthe scoreof eachone
of the images that were selected.We were able to verify
that they generallycorrespondedto our humande�nition of
“interesting”regions.Somerepresentativeresultsarepresented
in Figure7.

While not providing a quantitative evaluation, the exper-
imentswe presentedso far indicate that the imagesthat get
selectedautomaticallyarerepresentativeof theenvironmentin
which thedatais collected.We have alsoshown that thescore
curvecanbeusedto decideon thenumberof imagesthatneed
to be labeledin order to populatemost of the representative
regionsof the input space.

C. Experiment2: Classi�cation Performance

Our goal is not just to selectimagesthat look interesting,
but to actually obtain good classi�cation performancewhile
labelingsigni�cantly lessdata.

In orderto verify thattheimagesthatwereselectedcanlead
to goodperformancewe have performeda simplesupervised
learning experiment.We have labeled300 imagesfrom our
900 imageFARM obstacledetectiondataset.We have labeled
every third image in the sequence,which –given the speed
at which we drove and the frame rate– essentiallygave us
several consecutive views of eachpoint on the path.We have
also labeled the 5 most interestingimagesselectedby our
algorithm (the randomly chosenimage and the resultsof 4
iterations of our algorithm). We have chosenthis number
becauseaccordingto thescorecurve, the�rst 5 imagesshould
provide an adequatecoverageof the input spacefor the color
features.As a result of this process,we have two labeled
datasets:anALL imagesoneandanACTIVE learningdataset.

We use the two different setsto train two neuralnetwork
classi�ersthattake thethreecolor featuresasinputsandoutput
obstacle/non-obstaclepredictions.

We have applied the two classi�ers to a separatetest set
from the sameenvironmentbut collectedlate in the afternoon
in very differentlighting conditions.Thetestsetwasmanually



labeledin orderto estimateerrorrates.Theperformanceof the
two algorithmsis presentedin Figure 8. The two classi�ers
have essentiallythe sameerror rate (approx. 3.6%). 9.03%
of the test set representsobstaclepatches,which meansthat
a hypotheticalclassi�er that would ignore all the data and
always predict the most frequentclass(non-obstacle)would
achieve an error rateof 9.03%.

While these results might seem surprisingly good, the
percentageof obstaclepatchesthat arepresentin eachof the
training datasets(the 5 imagesvs. the 300 images)offers an
explanation.The large training datasetwas very imbalanced
(only 3.71%obstacles)which meansthat mostof the dataset
containedgrass.In contrast,theimagesselectedby ourmethod
contained19.2% obstaclepatches;as a result, the classi�er
thatwastrainedon our 5 imagedatasetgot exposedto enough
obstacledatato make goodpredictionsevenif its trainingpool
wasmuchsmaller.

IV. CONCLUSION

Wehavepresentedamethodthatcanbeusedto dramatically
reducethedatalabelingrequirementfor outdoorclassi�cation
problems.Our resultson datasetsfrom very differentenviron-
mentscon�rm that the methodcan be usedto automatically
“�lter” large datasetsandretrieve salientimagesthat result in
a good coverageof the featurespace.More importantly, our
preliminaryclassi�cation testhasshown that in certaincases
theerror ratesthat resultfrom using5 informative imagescan
beasgoodastheratesobtainedafter labelinganentiredataset
of hundredsof images.

Theseresultsarean importantsteptoward enablingtheuse
of machinelearningfor the largescaleclassi�cationproblems
thatoccurin outdoorrobotics.Active learningapproachessuch
asthe onewe describecanhelp in two ways: they reducethe
needfor costly labeleddata and also reducethe amountof
data that needsto be processedby the learning algorithm.
As a result, they allow learningto be appliedto much larger
problemsin the robotics�eld thanpreviously possible.

Our interest in active learning expandedto several other
aspectsof this researcharea.While the largest datasetwe
consideredso far (900 images)is alreadylarger thanwhatcan
belabelledmanually, we would like to bescaleup to datasets
of millions of images.We are interestedin using approaches
suchastheonesdescribedin [16]–[18] in orderto improvethe
speedandrobustnesswith which we canestimateprobability
density functions.Furthermore,we are currently working on
morestandardactive learningsystemsthat are interactive and
could be usedas a secondstageappliedafter the algorithm
we describedhere.
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