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Abstract—We consider the problem of grasping novel objects,
speci cally, onesthat are being seenfor the rst time through
vision. We present a learning algorithm which predicts, as a
function of the images,the position at which to grasp the object.
This is done without building or requiring a 3-d model of the
object. Our algorithm is trained via supervised learning, using
synthetic imagesfor the training set. Using our robot arm, we
successfullydemonstrate this approach by grasping a variety of
differently shaped objects, such as duct tape, markers, mugs,
pens,wine glassesknife-cutters, jugs, keys,toothbrushes, books,
and1 others, including many object types not seenin the training
set:

I. INTRODUCTION

If we are seeinga novel objectfor the rst time througha
vision systemhow canwe autonomoushgraspthe object?In
this paperwe addresshe problemof graspingnon-deformable
objects,including onesnot seenbefore,and that the robot is
perceving for the rst time througha web-camera.

Modern-dayrobots can be carefully hand-programmear
“scripted” to carry out amazing manipulation tasks, from
using tools to assemblecomplex machinery to balancinga
spinning top on the edge of a sword [14]. However, fully
autonomousgrasping of a previously unknavn object still
remainsa challengingproblem.If the objectwas previously
known, or if we are able to obtain a full 3-d model of it,
then various approachesfor example onesbasedon friction
cones[4], pre-storedprimitives [6], or other algorithmscan
be applied.However, in practicalscenariost is generallyvery
dif cult to obtainan accurate3-d reconstructiorof an object
that we are seeingfor the rst time throughvision?

In this paper we shav that even without building a 3-d
model of the objectto be grasped,t is possibleto identify
a good grasp using learning algorithms. Speci cally, there
are certainvisual featuresthat indicate good grasps,and that
remainconsisteniacrossmary differentobjects.For example:
jugs, cups, and mugs have handles;objects such as screw-
drivers, toothbrushesetc. can be graspedalong the midpoint
of their length;andsoon. Givenonly a quick glanceat almost
ary rigid object, mostprimatescanquickly choosea graspto
pick it up; ourwork represents rst steptowardsdesigninga

1An extendedversion of this paperwill appearin proceedingsof 10th
InternationalSymposiumon ExperimentalRobotics(ISER), 2006.[13]

2This is particularlytrue if we have only a single cameraBut for objects
without texture, even a stereosystemwould work poorly, and be able to
reconstructonly the visible portionsof the object. Finally, even if we try to
“engineer” the problem away and use a laser (or active stereo)to estimate
depths,we would still have only a 3-d reconstructiorof the front faceof the
object.

vision graspingalgorithmwhich cando the same We alsotake
inspirationfrom Castiello[2], who shaved thatfor commonly
usedobjects,cognitive cuesand prior knovledgeare usedin

visually guidedgraspingby humansand monlkeys.

Learningalgorithmshave beenappliedto graspingoroblems
before. For example, Jebaraet al. [8] used a supervised
learning algorithm to learn grasps,but only assuminga full
3-d model of the object. Piaterdescribedan algorithm[9] to
positionsingle ngers givenatop-dovn view of anobject,but
appliedit only to to very simple objects(speci cally, square,
triangle and round “blocks”). Platt et al. [10], [11] learned
to sequencaogethermanipulationgaits, but again assumed
speci ¢, known, object. Wheeleret al. [15] usedQ-learning
for handselection.

To pick up an object,we needto identify the grasp—more
formally, apositionandcon gurationfor theend-efector. This
paper focuseson the task of graspidenti cation, and thus
we will consideronly objectsthat can be picked up without
performing complex manipulation? and that are commonly
foundin anof ce or householdernvironment,e.g.,toothbrush,
pens,books, mugs, martini glass,jugs, keys, duct tape roll,
marlers. (Fig. 1)

This paperwill emphasizegrasping previously unknavn
objectsin unclutteredenvironments(for example, when the
objects are placed against a uniform-colored background).
However, Section IV will also presentpreliminary results
on applying our approachto the cluttered backgroundof a
dishwasherrack. The remainderof this paperis structuredas
follows. Sectionll describesour machinelearning approach
for graspidenti cation. Trajectoryplanning(on our 5 dof arm)
is thenbrie y discussedn Sectionlll. SectionlV presentour
experimentalresults,and nally SectionV concludes.

Il. LEARNING THE GRASPING POINT

Thereare certainvisual featuresthat indicate good grasps,
andthat remainconsistentacrossmary different objects.For
example: jugs, cups, and mugs have handles;objects like
scravdrivers, toothbrushesetc. can be graspedin the center
We proposea learning algorithm that learnsto use visual
featuresto identify good graspingpoints acrossa large range
of objects.

More precisely we will predictgraspas a function of the
image.An imageis a projectionof thethree-dimensionakorld

SFor example, picking up a heary book lying at on table might require
a sequencef complex manipulationssuchasto rst slideit to the edgeof
the table.



onto animageplane,which doesnot have depthinformation.
Thereforewe will predictthe 2-d location of the graspin the
image, which correspondgo the projectionof the 3-d grasp
point into the image plane. We use supervisedearning for

this task, with synthetic images (generatedusing computer
graphics)as our training data. We then use two (or more)
imagesto triangulateand obtainthe 3-d locationof the grasp.

A. SyntheticData for Training

Collecting real-world data is cumbersomeand prone to
labeling errors. Generatingperfectly labeledsyntheticdatais
signi cantly lesstime-consumingand easiey as comparedto
realimages.

Therefore,we generatesyntheticimagesalong with labels
denotingthe correctgrasp(Fig. 2) usinga computergraphics
ray tracer* The adwantagesof using synthetic images are
multi-fold [5]. Once a synthetic model for the object has
been created,a large number of training examplescan be
generatedwith randomlighting conditions, cameraposition
and orientation,etc. Additionally, to increasethe diversity in
our data,we randomizedsomepropertiesof the objectaswell
suchascolor, scale,andtext (e.g.on the faceof a book). The
time-consumingpartof syntheticdatagenerations the manual
creation of the numerical models of the objects. However,
thereare mary objectsfor which modelsare available on the
internet,andthat can be usedwith only minor modi cations.
Syntheticdata also provides perfectly labeled data, i.e., the
exact location of the graspin 3-d coordinatespace,which
would be signi cantly moredif cult to obtainif usingtraining
datafrom real images.

4Raytracing[3] is astandardmagerenderingnethodin computemgraphics.
It handlesmary real-world phenomenomssuchasmultiple specularre ections,
texture mapping,soft shadavs, smoothcurves,andcaustics We usedPovRay;
an opensourceray tracer

Fig. 1. Somereal objectson which the graspingalgorithmwas tested.

B. GraspingPoint Classi cation

Given the training set, our algorithm learns to identify
graspingregions in the images. More precisely given the
training set, the learning algorithm predictsthe 2-d position
of the graspprojectedinto the image plane. The algorithm
usesa setof featuresof the image,which include edgesand
textureinformation,appliedat variousscaleg12]. Usingthese
features,we apply logistic regressionto decidewhethereach
positionin the 2-d image plane correspondgo a valid grasp
point.

In detail, the logistic regressionalgorithm modelsthe prob-
ability of aparticularpatchof theimagebeingavalid grasping
point as:

1 .
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p(y = 1jx;w) = 1)
Here,w 2 R*° are the parameterswhich are learnedby
maximum likelihood. The featuresx 2 R*° we use for
the patchinclude edgesandtexture information[12], applied
at three scales,and appendedwith the Iter outputsfor the
surroundingpatchesFig. 3 shavs somepredictedvalid grasps
on real images.

C. AppmoximateTriangulation

Giventwo (or more)imagesof a nev objectfrom different
camergpositionsandthe predicted2-d grasppositionsin each
image, we needto triangulateto obtain 3-d positionsof the
graspingpoints (Fig. 4). Note that we perform triangulation
only to identify the 3-d position of the grasp,not for full 3-d
reconstructionindeed,mary of ourtestobjectsaretextureless
or re ective, and 3-d reconstructiorusing standardstereopsis
would perform poorly on them. We usea triangulationalgo-
rithm that is more complex than one basedon standardgeo-
metric calculationsto handlethe learning algorithm's output
being slightly noisy/uncertainand to handlethe possibility
of therebeingmultiple valid grasppointson an object.In our



Fig. 2. Syntheticimagesof the objectsusedfor training.

Fig. 3. Graspingpoint classi cation. The red points shav the predictedgraspingpoint.

experimentsthis signi cantly increasegalgorithmicrobustness A “Downward” graspis for objectsthatarecloseto the baseof

in the faceof ambiguityin triangulation.
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Fig. 4. StatisticalTriangulationof the graspingpoint. The dark blue lines,
originating from the cameralocations,shav the cameradirection. Light blue
shaws the Gaussiarconesfor the candidategraspregions. The dark blue spot
is the predictedgraspingpoint.

I1l. CONTROL

To grasp an object (using our 5-dof arm), we plan a
trajectory to take the end-efector to an approachposition?®
and then move the end-efector in a straightline towardsthe
predictedgrasppoint.

We use two classesof grasps:downwad and outwaid,
which arisebecausef theworkspaceof the5-dofarm(Fig. 5).

5The approachpositionis de ned to be a pointa x ed distanceaway from
the predictedgrasppoint.

thearm,andwhichthearmcanreachin adownwarddirection.
An “Outward” graspis for objectsfurtheraway from the base,
which the armis unableto reachin a downward direction. To

choosethe classof the grasp,we scanthe workspaceof the

arm and determinewhich region containsthe object®

IV. EXPERIMENTS

A. Hardware Setup

We usedthe STAIR (STanford Al Robot,seeFig. 7) robot
built at StanfordUniversity This platformis equippedwith a
roboticarmmountedon a mobile platform,togethemwith other
equipmentsuchas camerasmicrophonesegtc. The long-term
goalof the STAIR projectis to createa robotthatcannavigate
home and of ce ervironments, pick up and interact with
objectsandtools (including carrying out more comple tasks
such as unloadinga dishwasher),and intelligently corverse
with andhelp peoplein theseervironments Clearly, the ability
to graspa novel objectrepresentaninterestingandnecessary
small steptowardsthesegoals.

The robotic arm on STAIR is a light 4 kg, 5-dof arm
(Katana[7]) equippedwith a parallel plate grippet It holds
a payloadof 500g,andhasa horizontalreachof 62cm,anda
vertical reachof 79cm. The positioningaccurag of the arm
is 1 mm. It is a position controlled arm, i.e., it requires
speci cation of joint locationsinsteadof torques.Our vision
systemusesa low-quality webcam mounted near the end-
effector.

5We determinethe positionof objectsin the pictureof the robotworkspace
by thresholdingthe saturationchannelof HSV (Hue-Saturation-®lue) of the
image.We usethis positionto determinethe region in which the objectlies.



Fig. 5. Therobotarm picking up variousobjects:jug, box, scravdriver, duct-tape wine glass,book, a chip-holder powerhorn,and cellphone.

B. Resultsand Discussion

We rst testedthe algorithm for its predictve capability
on synthetic images not in the training set. The average
classi cation accurag was 94.2%, althoughthe accurag in
predictinga 3-d grasppoint was higherthanthe classi cation
accurag may suggestbecauses-d triangulationtakes care of
someerrorsin the classi cation step.

Next, we testedthe algorithm on the STAIR robot. The
task was to use input from a web-cameramountedon the
robot, to pick up anobjectplacedin front of the robot against
a white background.The parameterof the vision algorithm
were trainedfrom syntheticimagesof a small set of objects,
namely books, martini glasses,white-board erasers,coffee
mugs, tea cups and pencils. We performed experimentson
coffee mugs, wine glasses pencils, books, and erasers—ubt
all of differentdimensionsandappearancthanthe onesin the
training set—aswell as a large setof novel objects,suchas
ducttaperolls, markers,a translucenbox, jugs, knife-cutters,
acellphone penskeys, scravdrivers,a staplertoothbrushesa
thick coil of wire, a strangelyshapedower horn, etc. (Fig. 1).

The algorithm for predicting graspsin imagesappearsto
generalizevery well. Despitebeing testedon imagesof real
(ratherthan synthetic)objects,including mary very different

from onesin the training set, it was usually able to identify

correct grasp points. We note that test error (in terms of

averageerror in predicting a good grasp point) on the real
imageswasonly somevhat higherthanthe error on synthetic
imagesshawing thatthealgorithmtrainedon syntheticimages
transferswell to realimages.(Over all 5 objecttypesusedin

the syntheticdata, averageabsoluteerror was 0.8cnT in the
syntheticimages;andover all the 11 realtestobjects,average
errorwas 1.8cm.)For comparisonneonatehumanscangrasp
simple objectswith an averageaccuray of 1.5 cm. [1]

Table | shavs the errors in actual grasping points that
we obtainedon the real dataset.The table presentsresults
separatelyfor objectswhich are similar to thosewe trained
on (e.g., coffee mugs)and thosewhich were very dissimilar
to thetraining objects(e.g.,ducttape).In additionto reporting
errorsin grasppositions,we alsoreportthe grasp-ratei.e., the
fraction of timesthe robotic arm was able to physically pick
up the object(out of 4 trials). On average the robot succeded
in picking up a novel object87.5% of the time. Overall, the
algorithmworked well whentherewas a clear bestgrasping
region in the object(e.g.for pens,mugs,wine glass).

“Units basedon typical size of real world objects representecby the
syntheticimages(e.qg.,a typical mug is 25 cm. high, etc.)



TABLE |
AVERAGE ABSOLUTE ERROR IN LOCATING THE GRASP POINT FOR
DIFFERENT OBJECTS, AS WELL AS SUCCESS RATE IN GRASPING OBJECTS
USING OUR ROBOT ARM.

OBJECTS SIMILAR TO ONES IN THE TRAINING SET

TESTED ON MEAN ERROR  GRASP-
(c™m) RATE
MuGs 2.8 75%
PENS 0.9 100%
WINE GLASS 1.1 100%
Books 2.9 75%
ERASER/CELLPHONE 1.6 100%
OVERALL 1.86 90%
NOVEL OBJECTS
TESTED ON MEAN ERROR  GRASP-
(cm) RATE
KEYS/MARKERS 1.2 100%
TOOTHBRUSH/CUTTER/
SCREWDRIVER 1.1 100%
JuG 1.7 75%
POWERHORN 3.5 50%
DucT TAPE 1.8 100%
ColLED WIRE 1.4 100%
OVERALL 1.77 87.5%

For simple objects like cellphones,wine glasses,keys,
toothbrushesetc., the algorithm performedperfectly (100%
grasp-rate) However, objectssuch as mugs and jugs allow
only a narrov trajectory of approach;as a result, a minor
error in graspingpoint prediction can causethe arm to hit
and move the object, resultingin failure to grasp,andthusa
lower overall successate.We believe thattheseproblemscan
be solved with bettercontrol stratgyies using hapticfeedback.
Someof thefailurescanalsobe attributedto the x ed gripper
width usedacrossall objects;this can be solved by learning
howv muchthe grippershouldopen.Videosof the arm picking
up variousobjectsare available at

http://ai.stanford.edu/ asaxena/leaninggrasp/

In mary instancesthe algorithm was able to pick up com-
pletely novel objects(strangelyshapedower-horn, duct-tape,
etc.; seeFig. 1) by identifying grasping points. Perceving
a transparentwine glassis a dif cult problemfor standard
vision (e.g., stereopsisplgorithmsbecausef re ections, etc.
However, as shovn in Table I, our algorithm successfully
pickedit up 100%of thetime. The samerateof succes$olds
evenif the glassis 2/3 lled with water

Finally, we also testedthe algorithm for predicting the
grasping point in a cluttered environment, speci cally in
a dishwasher To make the algorithm robust to dishwasher
clutter, we includeda numbef of handlabeled,real images
of objectsin a dishwasheralongwith the syntheticimagesfor
training. This resultedin performanceahatappeareaxtremely
robust to the backgrounddishwasherclutter A few examples
of predictedgrasppointsareshowvn in Figure6. In the caseof
multiple objects,our algorithmpicks the graspingpoint which

830 real imagesin additionto 2500+ syntheticimages

Fig. 7. Therobot arm mountedon a mobile base.The 5-dof arm was used
to pick up the objects.

hasthe highestresponse.

V. CONCLUSIONS

We describeda machindearningalgorithmfor identifying a
graspingpoint on a previously unknavn objectthat a robotis
perceving for the rst time usingvision. Our algorithmdoes
not require (and nor doesit build) a 3-d model of the object,
andwas appliedto graspinga numberof novel objectsusing
our robotic arm.
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