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Abstract

Humans use a set of exploratory procedures
to examine object properties through grasp-
ing and touch. Our goal is to exploit similar
methods with a humanoid robot to enablede-
velopmertal learning about manipulation. We
use a compliant robot hand to nd objects
without prior knowledge of their presenceor
location, and then tap those objects with a
nger. This behavior lets the robot generate
and collect samplesof the contact sound pro-
ducedby impact with that object. We demon-
strate the feasibility of recognizing objects by
their sound, and relate this to human perfor-
mance under situations analogousto that of
the robot.

1. Intro duction

Grasping and touch o er intimate accessto objects
and their properties. In previous work we have
shown how object contact canaid in the developmert
of haptic and visual perception (Natale et al., 2004
Metta and Fitzpatric k, 2003. We now turn our at-
tention to audition: dewveloping perception of contact
sounds. Hearing is complemenary both to vision and
touch during contact events. Unlike vision, hearing
doesn't require line of sight { it won't be blocked by
the arm, hand, or the object itself. And unlike touch,
hearing doesn't require the robot to be the one caus-
ing the corntact event. We are motivated by an exper-
iment we report in this paper, where human subjects
successfullygrasped objects while blindfolded, using
coarsetactile information and sound.

The extensive useof vision rather than haptic feed-
badk in robotic object exploration may be dueto tech-
nological limits rather than merit. The robotic hand
usedin this paper is designedto overcometheselim-
itations. It is equipped with densetouch sensorsand
serieselastic actuators which allow passive complian-
cy and to measureforce at the joints. Force feedbak
and intrinsic complianceare exploited to successfully
cortrol the interaction between robot and erviron-
ment without relying on visual feedbad.

The paper is organizedasfollows. Section?2. brie y
reviews evidence for the importance of augmering
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vision with other sensoryinput for manipulation in

human infants and adults, and intro ducesthe notion

of exploratory proceduresin humansand robots. Sec-
tion 3. describes our robotic platform, designedto

enable sensor-rih reading and grasping (sensitive
manipulation). Section 4. describes an experiment

we carried out with human subjects with their senses
interfered to try to simulate our robot. The experi-

ment helpsusto understand how humanswould solve

the kinds of problems with which our robot will be

confronted. In section 5., we review our general de-

velopmenal approadc to robot perception, and then

apply it to the problem of contact sounds. This mo-

tivates us to dewelop a robot behavior (described in

Section 6.) which gives the robot a way to actively

probe the sound of objects in its ervironment in a

robust way, by tapping them. Section 7. describes
how the experience generatedby the robot's behav-

ior is exploited for learning. Section 8. quarti es the

accuracy of object recognition enabled by this pro-

cedure. Finally, Section 9. discusseghe results and

placesthem on a broader perspective.

2. Background

Experimental results suggestthat from a very ear-
ly age,arm movemerts in infants are in uenced by
vision. For example, van der Meer and colleagues
found that sight of the hand allows infants to main-
tain the posture of the hand when pulled by an ex-
ternal force (van der Meer et al., 1995. Von Hof-
sten compared the arm movemerts of two groups
of infants in the presenceand absenceof an object
and found that in the former casearm movemerns
were signi cantly more frequert. When the infants
were xating the objects the movemerts were direct-
ed closer to it (von Hofsten, 1982. Taken togeth-
er, these results suggestthat in children some sort
of eye-hand coordination is already present soon af-
ter birth. But on the other hand, contin uous visual
feedba&k from the hand is not required for infants
to reach for an object (Clifton and D.W. Muir, 1993
Clifton et al., 1994. Indeed it is only at 9 months
of agethat children seemto be able to exploit visual
feedba& from the hand during the approadc phase
(Ashmeadet al., 1993. A possible explanation for



this could be that in the rst months of developmen
the visual system of infants is still rather immature:
visual acuity is limited and perception of depth has
not dewveloped yet (Bushnell and Boudreau, 1993.
Later on during developmert the role of vision is cer-
tainly crucial to control the correct preshape of the
hand accordingto the object's shape and orientation;
however, tactile feedbak from the contact with an
object is an alternative source of information that
could initially substitute for the visual feedbad.

In adults, sewral studies have revealed the im-
portance of somatosensoryinput (force and touch);
for example human subjects with anesthetized n-
gertips have di cult y in handling small objects even
with full vision (Johansson,1991). Humans usea set
of strategiescollectively called exploratory procedures
(Lederman and Klatzky, 1987 in their perception of
the world around them, suc as tracing object out-
lines with a nger.

This has inspired work on robotics. An analog of
human sensitivity to thermal diusivit y was dewel-
oped by (Camposet al., 1991, allowing a robot to
distinguish metal (fast diusion) from wood (slow
di usion). A robotic apparatus for tapping objects
was dewveloped by (Richmond and Pai, 2000 to char-
acterizesoundssoasto generatemore corvincing con-
tact in haptic interfaces. In (Femmamet al., 200)), a
special-purposerobot listens to soundsof the surface
it \walks" on.

We use a tapping exploratory procedure, applied
to natural objects by a general purpose, compliant
hand (rather than a rigid, special purpose tapping
device). Repetitive cortact betweenthe ngers and
the object (the tapping behavior) allows the robot to
collect information about the object itself (the sound
producedby the collision of the ngers and the object
surface) which is usedfor object recognition.

3. The robot Obrero

The humanoid robot usedin this work, Obrero, con-
sists of a hand, arm and head, shovn in Figure 1.
Obrero was designedto approach manipulation not
as a task mainly guided by a vision system, but as
one guided by the feedba& from tactile and force
sensing{ which we call sensitive manipulation. We
usethe robot's limb as a sensing/exploring device as
opposedto a pure acting device. This is a corve-
nient approad to operate in unstructured erviron-
mens, on natural unmodeled objects. Obrero's limb
is sensor-rich and safe{ it is designedto reduce the
risk of damagesupon contact with objects.

The arm used in Obrero is a clone of a force-
cortrolled, series-elasticarm developed for the robot
Domo (Edsinger-Gonzalesand Weber, 2004. The
hand consists of three ngers and a palm. Each
one of the ngers has two links that can be opened
and closed. Two of the ngers can also rotate.
Each one of the joints of the hand is cortrolled us-

Figure 1: The robot Obrero (left) has a highly sensitive
and force controlled hand, a single force controlled arm
and a camcorder as a head (used simply as a microphone
in this paper). Obrero's hand (right) hasthree ngers, 8
DOF, 5 motors, 8 force sensors,10 position sensorsand 7
tactile sensors.

ing an optimized design for a series elastic actua-
tor (Torres-Jaraand Banks, 2004). Serieselastic ac-
tuators reducetheir medanical impedanceand pro-
vide force sensing(Williamson, 1995. Summary in-
formation about the hand is givenin Figure 1.

4. Simulating our rob ot with humans

Human haptic perception is impressive, even under
seriousconstraint. In (Lederman and Klatzky, 2004
we can nd a review of dierent experiments done
with humans to determine how well they can iden-
tify objects using only haptic information. In the
experiments mertioned, the individuals wore head-
phonesand a blindfold to make sure that sound and
vision did not provide extra information about the
objects. Haptic information was also systematically
interfered with to explore di erent aspects of man-
ual exploration. The constraints included: reduced
number of end e ectors, compliant covering, applica-
tion of rigid nger splints, rigid nger sheathes,and
rigid probes. Theseconstraints reducedeither one or
many aspects of the cutaneous(spatial, temporal and
thermal) and kinesthetic information available to the
subjects.

The results showved that by reducing the type
of sensing available in the human hand, the sub-
ject's recognition performanceis reduced. The low-
est recognition accuracy for objects was around 40%
when the subjects used a probe to explore the ob-
ject. This recognition task took around 80 seconds.
For the researters who did this work, these num-
bers may seemlow { but for a robotics researter,
they are a causeof envy, and shav that human hap-
tic perception is indeed very impressive even under
unusually-constrained situations.

To get an \upp er bound" of what we could expect
from our robot, we evaluated the performance of hu-
man subjects when wearing thick glovesthat reduced



their sensitivity and dexterity to somethingapproac-
ing our robot. We blocked their vision, sincewe know
our robot cannot compete with human visual percep-
tion, but let them hear.

We sat 10 subjects in front of a padded desk cov-
eredwith various objects { a wooden statue, a bottle,
a kitchen glove, a plastic box, a paper cup, a desktop
phone, a tea bag and a businesscard. The subjects
wore a blindfold and a thick glove which reducedtheir
haptic sensitivity and the number of usable ngers.
The glove only allowed them to usetheir thumb, their
index and middle nger. A goalof the experiment was
to determine how much and in what way humanscan
manipulate unknown objects in an unknown erviron-
ment with capabilities reducedto something approx-
imating our robot (described in Section 3.).

Our subjects were instructed to perform certain
tasks starting from a constart initial position, sitting
straight with their right arm relaxedand closeto their
waist. The rst task wasto nd and (if possible)iden-
tify objects on a desk. This task was repeated with
multiple set of objects. When changing from one set
of objects to another, the subjects were moved away
and turned around sothat their bad was facing the
desk. The next task extended the challenge further.
Along with locating and identifying the objects (an
arbitrary name was assignedwhen an object was not
recognized),the subjects were instructed to remem-
ber the object's position. Later, they wereinstructed
to move their hand to a named object starting from
the initial position.

For the nal task, a few objects and a desktop
phone were placedon the desk. The hand setand the
phone basewere disconnected{ the phone cord was
removed, and the two parts of the phone were placed
in separatelocations. The subjects initially had no
idea a phone was preser. They were instructed to
nd, identify and rememnber the position of the ob-
ject on the desk. If they identied the two parts of
the phone, they wereinstructed to grab the hand set
and placedin the correct position on the phone base.

Here is a summary of our obsenations:

Exploration strategies vary. Some subjects face
their palm in the direction of motion, others to-
wards the desk. The speedat which peopleswing
their arm is generally slow and cautious, with oc-
casional contact with the table.

. Very light objects were consistertly knocked over.
Subjects quickly reorient their hand and arm for
grasping if either their hand or their wrist makes
cortact with an object.

Subjects exhibited a short-term but powerful
memory for object location.

Sounds produced by objects and surfaces were
usedto identify them, compensating partially for
the reduction in tactile sensitivity (seeFigure 2).
This was occasionallymisleading: one subject un-
wittingly dragged a teabag over the desk, and

Figure 2: Subjects exploring a deskwhile blindfolded and
wearing a thick glove. Top: light objects were inevitably
knocked over, but the sound of their fall alerted the sub-
jects to their presence,location, and (often) identit y. Bot-
tom: the sound of object placemert wasenoughto let this
subject know where the cup was and suggesta good grasp
to use.

thought from the soundthat the surfacewas cov-
eredin paper.

Inspired by the last obsenation, in this paper we fo-
cus on exploiting the information carried by soundin
combination with tactile and force sensing.

5. Overall developmental approach

We wish to give our robots many ways to learn about
objects through action (Fitzpatric k et al., 2003.
This cortributes to perceptual developmert, where
the robot's experienceof the world is Itered by pri-
or experience. This processcan be broken down into
four steps:

Identi cation of an opportunity to reliably extract
someobject features
Exploitation of that opportunity to extract those
features.
Usecareful generalizationto transform the robot's
perception of its ervironment.

. Transformation of the robot's activity, enabledby
its extended perceptual abilities.

In previous work, we have demonstrated this pro-
cess. In (Arsenio et al., 2003, we showved that
poking an object gives us the opportunity to re-
liably extract visual features of its appearance.
By carefully choosing features that generalize, the
robot's perception of its environment is transformed,
and new activities are enabled (Fitzpatric k, 2003b.
Other opportunities we have explored include the
use of grasping (Natale et al., 2005 and the in-
tegration of multi-modal cues across sound, vi-
sion, and proprioception (Fitzpatric k et al., 2005
Arsenio and Fitzpatric k, 2005. Having established
this process,we are now seekingto broadenthe range
of opportunities that can be identi ed and exploited



Tapping

Arm Surface Arm
hovering control

sensing

Collision
Hand detection
Hand Hand

sensing W
preshaping control

Modules | data flow
B —

Figure 3: The componert elemerts of the robot's behav-
ior. The modules Arm control, Arm sensing, Hand con-
trol and Hand sensingrepresert the connection with the
hardware of the robot.

(steps1 and 2 above). In the current work, we identi-
fy (and in fact create) an opportunity to reliably ex-
tract examplesof contact soundsinvolving an object
(by tapping that object). We build the appropriate
robot behavior and data collection infrastructure to
gather those features.

6. The robot's behavior

The behavior of the robot is as follows. It sweeps
its hand bac and forth over a table, and stops to
tap any object (or, indeed, any obstacle) it comesin
contact with. This overall behavior is the product of
the combined operation of a number of sub-behaviors,
shawn in Figure 3.

Beforewe describe how they interact, hereis a sum-
mary of these componert behaviors:

Hand preshaping This module placesthe middle
and index ngers together and perpendicular to
the palm. The thumb is held up, perpendicular to
the other two ngers. For preshaping,the ngers
are cortrolled basedon position rather than force.
Collision detection. This module usesthe out-
puts from the force and tactile sensorsn ead n-
ger to determine whether a collision has occurred.
This is possiblebecausehe hand hasvery low me-
chanical impedanceand consequetly the ngers
slightly bend upon contact with an object. This
bending is detected by the force sensor,often be-
fore the force exherted by the nger has greatly
a ected the object.
Surface hovering This behavior hovers the arm
and hand over a surface using a predetermined
xed action pattern. The motion can be inter-
rupted at any time.

. Tapping. This behavior moves the ngers back
and forward for a given time, in another xed ac-

tion pattern.

. Arm control. This module dealsdirectly with the
low level motor control of the arm. The arm, for
the work described in this paper, uses position
cortrol for eadh of the joints. To produce motion,
a smooth trajectory is interpolated between set-
points.

Hand control. This module provides a connection
with the low level cortroller of the hand. It allows
cortrol of parameters such as the gain and the
type of cortrollers, i.e. position and force cortrol.

. Arm sensing This modules reads the force and
position measuremeits from the low level con-
troller for the arm.

Hand sensing This module readsthe force, posi-
tion and tactile measuremets from the low level
cortroller for the hand.

The interaction of these parts is as follows. The
hand preshapingand surface hovering modules make
the arm and hand sweep over the surface with the
middle and index nger extended forward and the
thumb up. This is done by sendingcommandsto the
arm control and hand control modules.

When the ngers of the robot comein corntact with
an object, the collision detection module overridesthe
messagexoming from hand preshaping and surface
hovering to the arm control and hand control mod-
ules, commandingthe arm to an immediate stop. At
the sametime the behavior tapping sendscommands
to the hand control module to periodically touch the
object and to the arm control module to keep the
arm in position. The tapping lasts a few seconds,
after which the tapping module relinquishesthe con-
trol and stop sendingcommands. At this point the
surface hovering and preshaping hand modules can
get their messageacrossto the motor control mod-
ules. Consequetily, the arm is repositioned and the
sweepingbehavior reactivated.

These modules run on dierent machines on the
network of computers that cortrol Obrero. The in-
terconnection between modules was done using YARP
(Fitzpatric k et al., 2004.

During the experiment we recorded vision and
sound from the head along with the force feedbad
from both the arm and hand. The visual feedba&
was not usel in the robot's behavior; it was simply
recordedto aid analysis and preseration of results.
All other sensoryinformation were consideredcandi-
dates for detecting contact. The force feedbadk from
the hand proved the simplest to work with. Peaksin
the hand force feedba& were successfullyemployed
to detect the impact of the ngers with the object
during both the exploration and tapping behaviors.
Force and sound were aligned as shown in Figure 4.
Once the duration of a tapping episade was deter-
mined, a spectrogram for the soundsduring that pe-
riod was generatedas showvn in Figure 5. The overall
contact soundwasrepresered directly asthe relative



sound energy

times chosen for sampling

finger force

time (seconds)

Figure 4: Force readings from the ngers (bottom) re-
veal when tapping may occur. Swings in the force are
compared against sound intensity (top), looking for syn-
chronized sounds. Peakswithin one fth of a period from
a force swing are accepted. This processlets the robot
Iter out environmental soundsthat occur when the arm
is not moving, and even during tapping. In this example,
the rst three peaks of sound are clean, but the last two
are corrupted by a phone ringing (seeFigure 5).

Figure 5: This is the spectrogram of the soundsin Fig-
ure 4 (time on the x-axis, increasing frequency on the
y-axis, dark color corresponds to activity). The top of
the spectrogram is marked to show the v e sample times
selected automatically . Between these times, there are
patches of sound corresponding to the sound of springs
in the ngers. The last two sampleshave the sound of a
phone superimposedon them.

distribution of frequenciesat three discrete time in-
tervals after eat tap, to capture both characteristic
resonancesand decay rates. The distributions were
pooled acrossall the taps in a single episade, and
averaged. Recognition is performed by transforming

thesedistributions into signi cance measureghow far
frequency levels di er from the mean acrossall tap-
ping episades)and then using histogram comparison.

7. Data collection for learning

The robot's behaviors are designedto create op-
portunities for learning, by nding and tapping ob-
jects. The modules that exploit these opportunities
for learning are ertirely from the modules that con-
trol the behavior of the robot. The occurrence of
tapping is detected basedon sensordata, rather than
commandedmotion. The only interaction that takes
place between these modules is via actions in the
world (Brooks, 1990. This improvesrobustness. We
do not haveto dealwith explicit expectations or their
possiblefailure modes. For example, sometimesthe
robot fails to hit an object whentapping, soit is good
to pay more attention to actual cortact rather than
commandedmotions.

The force measuremets from the ngers is
summedinto a single signal, then classi ed into \ris-
ing", \falling", and \neutral" phases. Classi cation
transitions to \rising" if the signal increasesover 10%
of the previous range covered by the signal from its
highest to lowest point during a rising and falling
period. Similarly, the classication transitions to
\falling" if the signal falls by over 10% of this range.
Sincethe rangeis constartly updated, the classi ca-
tion is robust to slow-changing o sets, and the actual
gross magnitude of swings. The classi cations are
scannedfor rythmic rising and falling with a period
lying between0.2 and 2 seconds.Then the force sig-
nal in theseregionsis comparedwith the sound, to
nd if peaksin the soundline up well (within 20% of
a period) of either peaksor troughs in the force sig-
nal (the sign dependson the orientation of the ngers
during tapping). All goingwell, a spectrogram of the
sound is performed in the appropriate range. Only
the spectrogram around the peaks(presumably from
tapping) is signi cant. Three samplesare made in
quick successiorafter ead peak, to capture not just
characteristic resonancebut decay properties.

The robot's learning is performed on-line, but not
in real-time. Performing data collection and learn-
ing in real-time on a robot can lead to researt time
wasted optimizing code and iterating designsthat are
otherwise adequate. But simply switching to o -
line performance is undesirable, since it oers too
many subtle ways for human input to enter the pro-
cess. Hence we divided the robot's on-line system
into two parts, the real-time subsystemthat cortrols
behavior, and the near-time subsystemthat cortin-
ually processeghe robot's experience. This follows
the design of the robot Cog's object recognition sys-
tem (Fitzpatric k, 20039.

Figure 6 shows the time courseof an experimert.
The key property beingillustrated is that the process-
ing of the robot's experiencehappensat a relatively
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Figure 6: Time course of an experiment, showing the ag-
gregation of experienceby the robot. Over this 25 minute
interval, 18 tapping episodes are detected. The episodes
are rst segmerted (light color), then analyzed to extract
characteristic features of the sound (darker color), then
nally compared with previous episaodes (darkest color).
This processis online but unhurried { ead episade can
take on the order of minutes to be completely processed.
In the meantime, the robot can contin ue with its normal
behavior unimp eded.

leisurely pace. This is workable aslong asthe process-
ing can keepaheadof incoming data. For our robot,
a complete rotating log of the robot's sensoryinput
is made that covers about 30 minutes. Tednically,
this is achieved using a modi ed version of the open-
sourcetool dvgrab for recording from a camcorder,
and simple text les for other (much lower band-
width) proprioceptive and summary data. The logs
are maintained on a separatecomputer from the one
cortrolling the robot's bahavior. Theselogs are pro-
cessedisingthe open-sourceMATLAB-clone octave .

8. Results

We ewvaluated our work by performing an object
recognition experiment. We exposedthe robot one
evening to a set of sewn objects, and then in the
morning tested its ability to recognize another set,
which had an overlap of four objects with the train-
ing set.

Three of these objects were chosen (Figure 8) to
represen three di erent materials, plastic, glassand
steel(metal). The ideais that the soundproducedby
ead object dependsonits size,shape and the materi-
al with which it is made; accordingly we expectedthe
tapping to producethree di erent distinct sounds. A
fourth object (a plastic toy) wasrelatively silert.

For ead run, we placed randomly selectedobjects
on the table in front of the robot, and it was respon-
sible for nding and tapping them. Overall the robot
tapped 53 times; of these episades 39 were success-
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Figure 7: Receiver-operator characteristic curve. Tap-
ping episades from one day are matched against episodes
from a previous day. Matchesare ranked, then truncated
based on a quality threshold. This plot shows the e ect
of that threshold on the trade-o between false matches
and missed matches.

Figure 8: There were four objects in common between
the training and test run. Three of them were matched
perfectly (using a best-match rather than threshold-based
strategy) for every episode: a bottle (left), a CD case
(middle), and a spray-can (right). Images on the bottom
are from the test run, imageson the top are from the best
matching episode in the training run. These objects have
quite distinctiv e sounds. A plastic toy (left corner of each
lower image) failed to be recognized{ it was quiet, and
made just a dull thud.

ful, meaningthat the sound producedby the tapping
was signi cantly loud; in the other 14 casesthe tap-
ping did not provoke useful events either becausethe
initial impact causedthe object to fall, or the object
remained too closeto the hand. The high number
of successfultrials shows that given the medanical
design of the hand, haptic feedba& wassucient to
cortrol the interaction betweenthe robot and the en-
vironment.



We ewaluated the performance of our spectrum
comparisonmethod by ranking the strength of match-
es between episades on the secondday and episales
onthe rst day. Figure 7 showvs what detection accu-
racy is possibleasthe acceptablefalse positive rate is
varied. This predicts that we can on averagecorrect-
ly match an episade with 50% of previous episales
involving the sameobject if we are willing to accept
5% false matches.

9. Conclusions

We have demonstrated a compliant robot hand ca-
pable of safely coming into contact with a variety of
objects without any prior knowledgeof their presence
or location { the safety is built into the mecanicsand

the low level cortrol, rather than into careful trajec-
tory planning and monitoring. We have showvn that,

oncein contact with theseobjects, the robot can per-
form a useful exploratory procedure: tapping. The

repetitiv e, redundart, cross-malal nature of tapping

gives the robot an opportunity to reliably identify

when the sound of contact with the object occurs,
and to collect samplesof that sound. We demon-
strated the utilit y of this exploratory procedurefor a
simple object recognition scenario.

This work ts in with a broad theme of learning
about objects through action that has motivated the
authors' previouswork (Fitzpatric k et al., 2003. We
wish to build robots whose ability to perceive and
act in the world is created through experience, and
hencerobust to ervironmental perturbation. The in-
nate abilities we give our robots are not designedto
accomplishthe speci c, practical, useful tasks which
we (and our funders) would indeed like to see,since
direct implementations of such behaviors are invari-
ably very brittle; instead we concerirate on creating
behaviors that give the robot robust opportunities for
adapting and learning about its ervironment. Our
gamble is that in the long run, we will be ableto build
a more stable houseby building the ground o or rst,
rather than starting at the top.
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