Integration of Vision, Force and Tactile Sensing
for Grasping

Peter K. Allen Andrew T. Miller Paul Y. Oh Brian S. Leibowitz
Departmert of Computer Science Columbia University, New York, NY 10027

Abstract

Most robotic hands are either sensorlesr lack the ability to report accurate position and
force information relating to contact. This paper describesa robotic hand systemthat usesa
limited set of native joint position and force sensingalong with custom designedtactile sensors
and real-time vision modulesto accurately compute nger corntacts and applied forcesfor grasp-
ing tasks. A number of experimerts are described that showv how thesesensorscan be combined
to increasethe capabilities of a robotic hand for grasping and manipulation tasks.

1 Intro duction

Grasping arbitrary objects with robotic hands remains a di cult task with many open
researtr problems. While there have been a number of detailed analysesof the kinematic
and dynamic constraints necessaryto e ect stable grasps, most require a high level of sensory
input and feedba& from the grasping device to perform dextrous manipulation. The sensory
information required typically includes cortact point estimation, surfacenormal and curvature
measures,and knowledge of both applied and induced forceson the ngers of the hand. While
great strides have beenmadein robotic hand designand a number of working dextrous robotic
hands built, the reality is that the sensoryinformation required for dextrous manipulation
lags the medanical capability of the hands. Accurate and high bandwidth force and position
information for a multiple nger hand is still dicult to acquire robustly.

In this paper, we describe the designand useof a set of additional sensorshat augmen the
capability of a robotic hand. Thesesensorscan be usedin a complemenary way to integrate vi-
sion, force, and tactile information for graspingtasksthat require closed-lmp, real-time cortrol.
Without this sensoryfeedbad, openloop cortrol must be usedwhich requires precisemodels of
the ervironment to be e ective. The experimertal hand we are using is the Barrett Hand, which
is a three- ngered, four DOF hand. This hand haslimited internal sensingcapability to which
we have addedtwo di erent sensorysystems. The rst is a set of real-time vision modulesthat
can beusedto track and monitor the hand in real-time asit performsatask, and the secondis a
set of tactile sensorscovering the links of the hand aswell asthe palm. Our aim is to usethis set
of internal and external sensorgto robustly estimate positions, forcesand contacts on the hand.
Vision can be an e ectiv e sensingmodality for grasping tasks due to its speed, low cost, and
exibilit y. It canserneasan external sensorthat can provide cortrol information for devicesthat
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lack internal sensingor that would require extensive modi cation and re-engineeringto provide
contact and force sensing. Using a vision system, a simple uninstrumented gripper/hand can
becomea precision device capable of position and even force cortrol. Additionally , when vision
is coupledwith any existing internal hand sensing,it can provide a rich set of complemernary
information to con rm and quartify internal sensorydata, aswell as monitor a task's progress.
The tactile sensorsystemcan be usedto localize cortacts on the surfacesof the hand, aswell as
determine cortact forces. The Barrett hand hasa limited amourt of internal strain gaugeforce
sensingcapability built into it, and the tactile systemcan be usedto quantify cortact forcesin
conjunction with the strain gaugesystem. An important point is that both of these systems
can be retro- tted with existing, limited-sensing capability handsto improve their capabilities.

The organization of this paper is as follows. In section 2, we describe related researt on
this problem. Section 3 describesthe robotic hand we are using for our researt, a kinematic
model of the hand, and a force model we have developed for estimating the applied forcesfrom
internal strain gaugereadings. Section 4 describesthe external vision sensingmodules we have
dewveloped to track the ngers of the hand and compute cortact positions. Section 5 describes
the tactile sensorswe have built and mounted on the robot hand to better estimate contact
positions and forces. Section 6 details a seriesof experimens that utilize these sensorsto nd
contacts and forceson the hand, including a complete task involving integrated grasping and
manipulation.

2 Related Research

A number of previous researtiers have explored the use of visual feedba& and cortrol to
assistin the graspingtask. Houshangi[9] tracked moving objects for grasping. Hollingshurst and
Cipolla [8] have deweloped a systemfor positioning a gripper above an object in the environment
using an a ne stereotransform to estimate the object's position. Taylor et al. have used 3-D
vision to guide the graspingtask [17]. Castanoand Hutchinson [4] usevisual constraint planes
to create compliant surfacesfor constrained robot movemert in the real world. Bendiksenand
Hager [2] have usedvision in conjunction with gripper forcesto achieve stable grasps. Sharma
et al. [13] use perceptual 3D surfacesto represen the workspace of the gripper and object
and plan their positioning tasks along these surfaces. Sobh and Bajcsy [15] examined how
nite state madines can be usedto monitor the grasping processthrough vision. Smith and
Papanikolopolous [14] have recertly extended their visual serwing and cortrol algorithms to
create a hand-eye tracker capableof grasping static and moving objects. There have beenmany
previous e orts to include a robust set of tactile sensorson a robotic hand. Two excellen
overviews of this eld are provided by Dario [5] and Nicholls [12]. Two recert papers that
discussusing tactile sensorswithout vision to estimate forces and cortacts for grasping are
[10, 11]. Our own related work has exploredthe capability of vision systemsto track and grasp
moving objects [1], the useof uncalibrated visual serwing to perform alignmert tasks [20], and
stereovision to cortrol an uninstrumented gripper in graspingtasks [21, 19].

3 Barrett Hand: Kinematics and Internal Sensing

The dextrous robot hand usedin our researt is the Barrett Hand shown in Figure 1. It
is an 8-axis, three- ngered medanical hand with ead nger having two joints. One nger is
stationary and the other two can spreadsyndironously up to 180degreesabout the palm ( nger
3 is stationary and ngers 1 and 2 rotate about the palm). Although there are 8 axes,the hand



Figure 1: Barret Hand shematic and hand with tactile sensorsuite attached. There are sensorpads
on the inner and outer links of eaty nger and a palmar tactile pad

Figure 2: Finger Link Frames

is cortrolled by 4 motors. Eadh of the 3 ngers has one actuated \inner" link, and a coupled
\outer" link that movesat a xed rate with the inner link. A novel clutch medanism allows the
outer link to cortinue to move if the inner link's motion is obstructed (referred to as breakaway).
An additional motor cortrols the synchronous spread of the 2 ngers about the palm. Various
graspclassi cations capablewith the hand include but are not limited to: power, hook, capture,
cylinder-tip, spherical, and cylinder grasps. Figure 2 illustrates the location of base,link and
tool (nger tip) frames using the corventional Denavit-Hartenberg notation. Finger 2 is not
shown for clarity, but will have the sameframe orientations as nger 1. Table 1 provides the
kinematic link parametersand Figure 3 depicts the link notation and dimensions.

3.1 Internal Force Sensing

A force sensingmedanism consisting of a exible beam, a free-maving pulley, a pair of
cables,and four strain gauges(in a Wheatstone bridge con guration) is completely cortained
inside eah nger (seeFigure 4).

Here, the pulley can move vertically with respect to the inner link. Its movemert is in
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Table 1: Kinematic Link Parametersfor Barrett Hand

Figure 3: Link Notation and Dimensions

top and bottom cables free-moving pulley
clamped as shown (can move up and down) F

strain gauges
2 on top, 2 on bottom

flexible beam
built into inner finger

Pulley moves up
or down only T

Figure 4: Cutaway diagram (top) shaws the location of strain gaugesnsidethe nger's inner link. A
blowup gure (bottom) of the exible beamillustrates that the pulley movesvertically in responsea
force Fe1 on the outer link



Figure 5: Freebody diagram. Forcesand momeris taken about point |

responseto the dierence in the tensions of the top and bottom cablesdue to a force Fgt
applied to the nger's (nger tip) outer link.

The Barrett Hand was factory installed with strain gauges.The hand's onboard electronics
and A/D return an 8-bit number in responseto the momerts the strain gaugesmeasureon
the exible beam. We would like to have a model for determining Frt given a strain gauge
reading sy and a distance d measuredfrom the joint j along the outer link. We thus performed
a calibration in the following manner.

We rst collectedstrain gaugereadingsby suspending weights ranging from 1.2 Ibs (4.72 N)
to 41bs (18.09N) at 0.2 Ibs intervals along the outer link at 2 mm intervals. Next we performeda
least-squarest of the above data using a model (6) derived from a free body diagram (Figure 5)
of the exible beamin the inner link.

For a cartilever, the strain gaugereading is related to a force, Fy, by the following [3].

sg= ki(lp  Xo)Fp 1)

where Xg is the distance to the strain gauges,l is the distance to where the force Fy, is
applied. Both distancesare measuredalong the cartilever. ki is a constart that dependson the
physical properties of the beam, such asits Young's modulus and dimensions.

Assuming point forces, the force Fy, is equal to the reaction force R;. T1 and T, are the
tensions along the upper and lower cablesrespectively. q is constart and is the directional
angle thesetensionsact along. I is the length of cable extending past j. Summing forcesand
momerts about the point j, we have

Frr R;j Tising+ Tasing=0 (2)

Tilecsing+ Taolesing+ Ferd= 0 )
Solving for (T1  T2) sinq and substituting into (2) yields

d
Fb Rj=Fer(l = (4)

le
Using this form of Fy in (1) we have
d
sg= ki(lp Xo)FrT(l + (5)

le
In, Xo are constart. In our calibration we performed a least squarest using the following
model
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Figure 6: Finger Forceasa function of strain gaugereadingségy) and distance (d)

Sg = kFeT + kq:FTd'i' a (6)
to obtain valuesfor the three unknownsk, k®and (o set) a. We thus have a force model with
the following form Figure 6 is a plot of the nger forcevs. strain gaugeand distance function.

_ Sg @a
Frr = K (7)

4 External Vision Sensing

Our goal is to monitor and cortrol the ngers of a robotic hand with vision sensingas
it performs grasping and manipulation tasks. Our motivation for this is the generallack of
accurate and fast feedba& from most robotic hands. Many grippers lack sensing,particularly
at the corntact points with objects, and rely on open loop cortrol to perform grasping and
manipulation tasks. Vision is an inexpensive and e ective method to provide the necessary
feedba& and monitoring for thesetasks. Below, we outline someaspects of visual cortrol that
are well suited to the grasping problem:

1. Vision candeterminegrasppoints. This is usually a preliminary step beforeactual grasping
takesplace, and may not be astime critical asthe manipulation task itself.

2. Vision can be very important in dealing with unstructured and/or moving ervironments,
where model-basedknowledge may be unavailable or errorful. This is an example of the
active vision paradigm.

3. Oncea grasp hasbeenacieved, vision can monitor the grasp for stability. By perturbing
the ngers, we can measurethe amournt of displacemei and typesof displacemen in image
spaceof the object. If the object doesnot maove correctly, we can say that the graspis
faulty.

4. Visually monitoring a task will give us the feedba& necessaryto perform the task or to
determine if an error has occurred.



While visual cortrol of grasping can be very helpful, we needto recognizesome problems
assaiated with it. The problems listed belov needto be adequately addressedin order to
successfullycortrol grasping using vision, and are at the crux of why this is a di cult robotics
problem.

1. Grasping and manipulation require real-time sensoryfeedbad. Vision systemsmay not be
able to provide the necessaryanalysis of the image fast enoughto meet task and actuator
timing requiremernts.

2. In graspingwith arobotic hand, multiple ngers needto be employed. This erntails having
the vision systemfollow multiple moving objects in addition to the possiblemovemernt of
any object to be manipulated.

3. Grasping and manipulation usually require 3-D analysis of relative relationships of ngers
and objects. Simple vision systemsonly provide a 2-D projection of the scene.

4. As ngers closein on an object to be manipulated, visual occlusion of both the object and
ngers can easily occur.

5. An important componert of most grasping tasks is the knowledge of forces exerted by
ngers. Vision systemscan not directly compute accurate force measuremets.

Visual cortrol of graspingis not a panacea. The integration of vision and local contact/force
information is neededfor truly preciseconrol of graspingand manipulation. The work described
in this paper is aimed at highlighting what vision can provide and how it can be intelligently
usedin conjunction with other sensorsfor grasping.

The low-level vision moduleswe are using are a modi cation of Hager's X Vision system|7].
X Vision was chosenbecauseit is a software implementation that can be applied to an existing
hand system simply by hooking up a cameraand frame grabber. It also has the advantage of
portabilit y acrossa number of platforms. Using X Vision, complextrackerscanbe built up from
simple edgeand region-basedtracking primitiv es. Each tracker has a state vector consisting of
position and orientation information which is updated after ead iteration of the tracking loop.
Once a line or region tracker is initialized on an edgeor window within the imageit will track
the feature at frame rates up to translation, rotation and scaling.

These trackers have seweral parameters which can be altered by the user. The length of
the line tracker, as well as the width of the local window around the line, can be set. In
the region based SSD (Sum of Squared Distances) correlation tracker many parametersa ect
its performance. Theseinclude window size and resolution, as well as seweral ags to enableor
disablerotation, scaling,and brightnesscompensation. By seedingthesetrackersto follow edges
or regionsin the image, they will cortinuously track the featuresin real time. The trackers are
very reliable for reasonableamourts of motion.

In the experimerts described in section 6 we have usedtwo di erent approadesto integrate
vision with grasping, ead of which relies on the basic tracking primitiv esdescribed above. In
the rst approad, vision is usedto provide contact point estimation for the ngers. The strain
gaugescan report the forcesacting on the outer links of the ngers, but cannot localize them.
The strain gaugesonly provide us with torque readingsabout the outer joints - it is necessary
to nd the point of contact along a nger to determine the force normal to that nger. Vision
sensingcan be usedto provide this cortact point estimation, and thereby calculate the actual
nger tip forcesin conjunction with the strain gaugereadingsand the kinematic model developed
in the previous section. These experimens useda single camerathat canimage the ngers of
the hand and the object to be contacted. We useda scaledorthography cameramodel which
e ectiv ely allows usto determine the 3-D position of ngers and cortacts from the image plane



directly. This useof vision sensingis not totally passiwe, asit needsto track the ngers asthey
move, but vision doesnot provide explicit feedba& to the hand cortroller

In the last experimert we have implemented an active vision corntrol systemthat usesreal-
time visual feedba& to cortrol the movemen of multiple ngers and grasped objects for a
grasping task. We are using an uncalibrated stereo method described by Xie [18] to visually
seno the hand within the task space.A calibrated systemwould nd the world spacecoordinates
of two corresponding image points (subject to the quality of the calibration), and commandthe
arm to move to that location. Howewer, in many serwing applications precise world space
coordinates are not needed,and an uncalibrated approad provessimpler and more robust. The
uncalibrated strategy involves making relative, iterative movemens to reducethe error in the
image given visual referencefeatures. The method projects the three world axesinto image
spaceto determine the mapping betweenchangesin image spacefeaturesand their world space
equivalerts.

In essencethis is an online Jacobian-basedcorntrol. To nd the mapping matrix, we move
the robot in three non-coplanar directions, and record the ipage locations of the rgpot tool
at eat point. If we have four correspnding image points ('a;;"a;); i= 1;2;3;4 , whose
coordinates are 'a; = ('ui;'vi)! in the left image and "a; = ("u;;"v;)! in the right image, Xie
derivesthe following relationship:

=N P (8)
where

2 | | | | | | 3
uq Ug Uo U us Ug
_ |V1 |V4 |V2 |V4 |V3 |V4 9
- r r r r r r ( )
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and | isthe image di erence betweenthe projections of the robot's current point and target
setpoint in the two images,and P is the world spacedi erence betweenthesetwo points.

Since N is non square (4x3, relating 3 robot coordinate changesto 2 image coordinate
changesin ead of 2 cameras),we can usea pseudo-irversetechnique to invert it and obtain an
approximation to the Jacobian:

P=(NTN) INT 1| (10)

In fact, this matrix is a constart and can be computed onceat setup time. A proportional
controller for visual serwing can be designedby multiplying it with a diagonalconstart gain ma-
trix. This ensuresasymptotic image error corvergence.This gain matrix wastuned empirically
to give a quick responsetime without overshoot.

In use,an image error is computed and usedto update a seriesof set points that move the
robot to the target feature, at which time the imageerror is nulled out. Thus, we can e ectiv ely
perform real-time control using image updates mapped through this matrix to generatecortrol
movemerts of the arm. The mapping matrix is robust to disturbancesin the cameras'position
and orientation. Small changesin cameraposition may induce errors in 3-D positioning, but the
iterativ e nature of the corntrol will evertually reducethe positioning error to zero. In the lab,
we have moved the cameraslaterally up to 12 inchesand were still able to achieve corvergence.
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Figure 7: Contact distancevs. tactile localization along a single column of one of the tactile pads.

Bold line is actual distance versustactile reading, and points are sample probes along one of the
outer links.

5 Tactile Sensor Suite

While vision can track ngers and help to determine contact points, it is important to
note that occlusion can prevert the vision sensorfrom reporting this information. This can
be overcome by the use of a nger mounted tactile sensorthat can estimate cortact point
localization. We have designeda set of tactile sensorghat canbe mounted on the ngers of the
hand, covering the active surfacesof the ngers and the palm. The padsusea capacitive tactile
sensordesignedby Howe [16] that is basedupon an earlier design of Fearing's [6]. The sensor
is designedto be slipped on to the links of the nger as shown in Figure 1. The electronics
padkageis mounted on the robot wrist with wiring to ead pad on the ngers and palm. The
tactile sensorgeometryon ead nger link is a 4x8 grid with ead capacitive cell approximately
3 mm by 3 mm and 1 mm spacingbetweentactile elemerts (tactels), and the sensorcan bendto
the curve of the ngertip. This provides 64 sensorsper nger, plus an 8x8 grid on the palm for
a total of 256 sensorson the hand. The ertire set of sensorscan be scannedin approximately
40ms (25Hz). The sensoris covered with a compliant elastomerthat allows force distributions
to be spreadover the sensingsurface. While the intensity valuesneedto be carefully calibrated
to provide accurate force information, it is possibleto usetheir relative responsesto compute
the weighted certer of contact of the applied force using momerts. To calibrate the sensorfor
position contact, we probed one column of the sensorwhich was aligned along the length of the
nger at di erent distancesalongits length and it reported the corntact certer with a precisionof
about 1.2 mm. Figure 7 shows the predicted relationship betweentactel location and distance
alongthe nger and sample probesalong one of the sensorsattached to the outer link.

6 Experimental Results

A number of experimerts have beenperformed to analyzethe capability of a hand system
using the three kinds of sensors:internal native joint position and force sensing,external tactile
sensorsand external vision sensing. Theseexperimerts are aimed at shaving how thesesensors
can be usedin a complemenary fashionto provide more robust and accurate information than
eat sensorby itself. We are also interested in how accurately nger corntact forcescan be
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Figure 8: Finger of Barrett Hand applying forceto instrumented probe

measuredwith sud a set of sensors.

6.1 Experiment I: Verication of Finger Forces From Vision and Strain Gauge
Sensing

The purposeof this experiment was to con rm that vision sensingcould track nger and
object movemerts, and then localize contact along the nger to estimate actual applied nger
forcesusing the strain gaugemodel and calibration data. We mounted a spike-like probe on top
of an ATI force sensingwrist that provided us with accuratethree dimensionalforce data which
we used as ground truth (see Figure 8). The hand was mounted on a PUMA-560 robot and
positionedin the vicinity of the spike. One nger of the hand was positioned above the spike as
the trackers were initialized. To nd the point where the spike contacts the nger we usedone
line tracker initialized on the right side of the spike, one corner tracker placed along the inside
edgesof the the two links of the nger, and an SSDtracker initialized sothat it is certered on a
referencepoint marked at 7 mm from the end of the nger (seeFigure 9). As the nger closed
on top of the spike, the trackers followed it in real-time. A single calibrated camerawas used
for tracking sincethe nger motion wasin a plane orthogonal to the image plane. The camera,
with a 50 mm lens, was placed approximately two metersfrom the hand, making the horizontal
spatial resolution about 0.4 mm per pixel.

Using the state vectors of the trackers (seeFigure 9), a point of intersection in image space
was computed: c

-1 1 . _ Y Yy

y=LLlLy offset; x= @n(C 2

where L L.y is y-coordinate of the line tracker following the spike, (C:x; C:y) is the position

of corner tracker, C: , is the orientation of the upper line in the corner tracker, and of f set is

the distancein pixels from the certer of the spike to the edge. The point of nger cortact and

the point tracked by the SSDwere then transformed to world coordinates using the calibration
matrix.

This method resulted in fast, reliable measuremets within 1mm of the actual point of
contact. Near the end of the nger where the distance between the cortact point and the
tracked endpoint referencewas small, our accuracy dropped to about 1.5mm from 1mm. The
standard deviation in visually measuredposition was .4 mm alongthe nger exceptat the very
tip where it increasedto .9 mm. Using the force model in equation 7, we took 10 averaged
visual distance measuremeis and 10 averagedstrain gaugereadingsto predict the force applied
to the nger at the point of contact. The results (seeFigure 10) showved that as we placed
the spike further alongthe nger our force error dropped until we readed the very end of the

+ C:ix (12)
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Figure 9: Top Left: Using three feature trackers, the point of cortact can be computed. Top Right,
Bottom Left and Right: Tracking sequenceof Line tracker, Corner tracker, and SSDtracker asthe
nger is brought into cortact with force probe
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nger. Generally we found that as more force is applied to the spike, our error perceriage
dropped signi cantly. Our force accuracy was somewhatlimited by the low resolution of the
strain gaugesin this force range. The maximum rangewas near four bits at the end of the nger
where the maximum de ection of the beam occurs. Contacts near the joint betweenthe outer
and inner links causedthe least de ection and the strain gaugereadingswere lessaccurate in
this region, with only two bits of information available. By varying the velocity of movemert
of the nger, we were able to apply a range of forceson the spike, limited by maximum torque
available from the hand's motor.

6.2 Experiment Il: Finding Contact Points and Estimating Forces After Break-
away

Eadh of the four motors in the hand is equipped with an optical position encader that can
supply angular data for the nger joint whereit meetsthe palm (referred to asthe inner joint).
Using the kinematic parametersof the hand, this allows usto calculate the endpoint of the inner
link. There is no encaer at the joint betweenthe inner and outer links (referred to asthe outer
joint). In normal operation, the outer joint of eady nger is drivenat a 4:3ratio with respectto
the inner joint, and using the kinematic equationsand this angleratio, the outer link's position
in spacecan be computed. One of the Barrett Hand's unique featuresis its ability to complete
a grasp of an object after the inner link's motion has beenobstructed. During this breakaway
situation, the clutch medanism in eadch nger allows the outer link to cortinue closing after
its inner link has beenstopped. This feature is especially useful for grasping large objects or
irregularly shaped objects wherethe inner links may be blocked early, and the outer links nish
the grasp. In a breakaway situation, the angle of the outer joint cannot be derived from the
optical encaler in the inner joint sincethe clutch has disengagedhe links and the 4:3 ratio no
longeris valid. To nd the position in spaceof the outer link during breakaway, we have used
vision sensingto compute the outer link joint angle by calculating the di erence in orientation
angle for the two line trackers along the inner and outer links of the nger. Knowing this joint
angleand the link geometry allows us to useforward kinematics to locate the last link in space.

To test this, we rigidly mounted a small block to the palm of the hand and closed the
third nger around it. By securingthe block from sliding, we were able to better ensurethe
obstruction of the rst link, and causethe graspto result in two cortacts by the inner and outer
links on the block which we attempted to locate. A single camerawas positioned in the same
manner asthe previous experiment. Howeer, in this experiment we usedtwo SSDtrackersand
three corner trackersto track the elemernts of the scene.One SSD tracker wasiinitialized on the
end of the nger and a secondone was certered on a crosshair marking the inner joint's axis.
Two cornertrackerswereplacedon the block, oneon ead side, and the third cornertracker was
placed along the inside edgesof the nger asbefore. After the trackers had beeninitialized, the
nger was closedaround the block (seeFigures 11,12, and 13). Using this method, we were
able to track the angle of the joint betweeninner and outer links at all times. We found that
the vision systemreported cortact points that were within 2 mm of the actual contact points.
We encourtered somedi cult y in keepingthe rst SSD tracker certered on the mark near the
end of the nger.

We also usedthe tactile sensoron the outer link of nger 3 to provide us with additional
contact information. In this experimen, the actual cortact distance along the outer link was
determinedto be 38 mm asread by a ruler. The vision systemreported 40.0mmasthe distance
and the tactile sensorreported it as 36.6mm. The actual cortact distance along the inner link
was determined to be 49 mm asread by a ruler and the vision systemreported 51.3 mm asthe
distance.

12



Force N
20
17.5
15
12.5
10
7.5
5
2.5

SGvalue

222 224 226 228 230 232

Force N
20
17.5
15
12.5
10
7.5
5
25

SGvalue

222 224 226 228 230 232

Force N
20
17.5
15
12.5
10
7.5
5
25

SGvalue

222 224 226 228 230 232

Force N
20
17.5
15
12.5
10
7.5
5
25

SGvalue

222 224 226 228 230 232

Figure 10: Resultsof Experimert |: Graphs (top to bottom) show force data when spike is at 13mm
from outer joint, 24mm,40mm,and 51mm. Solid Line represets modeledlinear relationship between
strain gaugevaluesand forcesfor a cortact at the given distancealongthe nger. Points are actual
force readingsfrom the ATI force sensingwrist for cortact at the distance determined by vision.
Contacts farther out on the link were modeledmore accuratelydue to the limited rangeof the nger
forcesand strain gaugeresolution nearthe nger joint.
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Figure 11: The trackers after initialization.

Figure 12: The inner link is stopped, and breakaway occurs.

Figure 13: The outer link completesthe graspand the cortact points are computed.
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Figure 14: Left: Hand graspingcanistertop for unscrewingexperimert. Right: Vertical displacemen
of canistertop asmeasuredby tactile sensorand kinematic model for nger 2. The bold line is actual
screwpitch andthe openand closedcirclesrepreseih the computedstart and endvertical displacemen
for ead half revolution.

6.3 Experiment Ill: Unscrewing a Canister Lid

The purposeof this experimen wasto usetacile corntacts and our kinematic modelto securely
graspthe lid of a canisterand unscrewit from the base. This requiresrepeatedly stably grasping
the lid, rotating it 180degreesyeleasingthe lid, and rotating badk. Each time the lid is grasped,
the tactile sensorson the ngertips report the points of corntact along the length of the nger,
as well as an indication of the force applied. For this experimert it is su cient to verify that
the normal force of eadh nger tip is over an experimentally derived threshold.

The canister was rigidly mounted to the table, while the Barrett hand was mounted on a
PUMA arm that suspendedit directly over the lid. Fingers 1 and 2 were rotated so that they
directly opposedead other and were eat 90 degreesfrom Finger 3 (seeFigure 14). At the
start, the lid was screwed down 10 revolutions, and ngers 1 and 2 closedon the bottom edge.
This formed a line contact on the tactile sensorswhich reported the weighted certroids of the
contacts, aswell asthe total intensity cournt for ead pad. If the total intensity was below the
threshold the ngers were commandedto closemore tightly until the threshold was passed.At
that point the valuesof the joint encalerswererecordedand the vertical distance of the contact
points from the palm could be computed using the hand kinematics. The PUMA then rotated
the hand 180degreescounterclockwise, and the height of the lid wasrecomputedusing the same
procedure. The ngers then releasedthe lid and rotated badk clockwise 180degreesto perform
the procedure19 more times until the lid wasremoved. The third nger did not actually apply
forceto the lid asit was unopposedon the other side, but senedto steadythe lid whenit was
time to remove it. The vertical displacemen of the lid was recorded at the start and end of
ead half revolution, and was plotted against the true pitch of the threads (20 threads per inch
or 1.27mm/thread). Figure 14 shows the height of nger 2's cortact as measuredby the tactile
sensorand the hand kinematics. The open circles are the beginning cortact position and the
closedcircles are the ending cortact after a half revolution. The gure shaws 10 full revolutions
of the canister lid which was when the lid beganto comeo. After 9 revolutions of the hand,
the tactile sensorsreported a vertical displacemen of 11.1 mm while the actual displacemen
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Figure 15: An overheadview of the experimertal setup that also shows the componerts usedin our
system.

was 11.4mm.
6.4 Experiment IV: An Integrated Grasping and Manipulation Task

In the previous experiment we veri ed that the tactile sensorscan be usedin conjunction
with the position encalers and known hand kinematics to make accurate measuremets with
the ngers. By combining this with an uncalibrated stereo camerasetup to cortrol the hand,
we can perform the more di cult task of aligning the lid over the canister and screwingit on,
wherethe locations of the objects are variable and the diametersof both objects are unknown at
the start. The setup is similar to the last experimert except for the addition of two stationary
camerasplaced approximately 2.5 metersfrom the work spaceand with a baselineof one meter
(see gure 15).

We have added circular white ducial marks to the left and right ngers and to the front
surfacesof canister and lid which can be used as visual referencepoints. At the start of the
process,the userinitializes certroid trackers on ead of thesewhite spots in ead image, which
the trackers then follow for the remainder of the experimen (see gure 16). After ead frame
is grabbed, the tracker thresholds a small window of pixels around its certer, and computesthe
new certroid. Sincewe are tracking eight locations simultaneously ( ducial marks on 2 ngers,
1 mark on the canister, 1 on the lid times 2 cameras)we are using the faster certroid trackers
instead of SSD's. After the initialization, the robot erters closedloop corntrol and movesto
match the midpoint betweenthe left and right ngers with the mark on the front of the canister
using the previously determined uncalibrated positioning matrix. This aligns the ngers with
the front plane of the object. Next, the badk nger movesuntil it contacts the badk surface
of the canister and su cien t pressureis felt on the nger's strain gauge. The computer then
readsthe tactile sensoron the badk nger, and determinesthe point of cortact alongthe nger.
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Using this value and the known kinematics of the hand, the diameter of the canisteris calculated
(usually within 1mm).

The program then commandsthe hand to move to a point above the objects, simply to avoid
collisions. The location, alignmert, and measuring procedureis repeated for the cannister lid.
Oncethis diameter is known, the hand movesbadk half that distance,and the front ngers close
onthe lid until it is lifted slightly and the lid's weight is felt on the strain gauges.Then the badk
nger closesto provide a stable three- ngered grasp. The top is then lifted up, and the robot
erters another closedloop to move the top to a position that is 75 pixels up along the projected
robot Z axis (determined during the uncalibrated stereosetup). At this point the front facesof
the lid and the canisterare in the sameplane. The hand then movesforward by the di erence of
the two radii, which is an estimate of where the hand should be positioned to line up the certer
of the lid with the certer of the canister. The robot then movesdown slowly until the pressure
on the ngers is relieved when the lid comesin cortact with the canister (sensedby the strain
gauges).A problem that occursis in aligning the threads of the lid with the canister's threads.
We have solved this by slightly biasing the placemen of the lid to one side of the canister, and
then moving it to the other sidewith the ngers until resistanceis felt on the strain gauges.This
occurs when the lid threads engagethe canister threads and the ngers register this response.
At this point we implemert a motion sequencesimilar to experimert |11 to screwthe lid on the
canister. The threads were successfullyaligned about 70% of the time. Misalignment generally
occurred due to noisy position data from the tactile sensorwhich resultedin inaccurate diameter
measuremets. Improving the reliability of the tactile sensorsshould increasethis succesgate.

7 Conclusions

In this paper, we have described the designand use of a set of external tactile sensorsand
external vision modulesto extend someof the capabilities of a typical, limited-sensing robotic
hand. In the rst experimen, vision was usedto nd the position of contact along a nger
in order to estimate applied nger forces. A model of the internal strain gaugeforce sensing
was developed and calibrated, and using this model, we were able to fuse the visual cortact
position information with the strain gaugevalues and correctly predict applied nger forces.
In the secondexperiment, vision provided the angular orientation of a nger joint which was
used with the hand's kinematic model to estimate ngertip positions and object cortacts in
space. In addition, tactile sensorswere designed,built and usedto estimate contact points of
the nger on an object. Thesesensorscan report positional contact location and limited forces,
and may be usedwhen vision is occluded, aswell ascon rming any visually determined contact
positions. The third experiment shawved the use of tactile contact information with forward
kinematics to estimate nger positionsin spaceduring an unscrewingtask. The last experiment
usedreal-time visual feedba& to seno the ngers of the hand and monitor task progressfor a
complete grasping task. This experiment utilized the tactile sensorsand internal strain gauge
sensingin conjunction with vision to determine nger positions and cortacts. Even though we
were using an uncalibrated vision system, the combination of vision and touch sensingallowed
us to make accurate measuremets of the objects to be grasped.

Theseexperimerts shaw in alimited way the utilit y of providing external sensingto a robotic
hand. This sensingmay beinexpensive and easyto add to existing handsthat lack robust sensing
(i.e. the majority of existing hands), and will increasethe ability of the hand to operate in a
closedloop fashion.

Acknowledgmen t: We would like to thank Rob Howe, Jae Son, Bill Peine, and Parris
Wellman from the Harvard Robotics Lab for their help in building the tactile sensorsystem.
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Figure 16: Top to Bottom, Left to Right: A) Hand above canister. B) Fiducial marks on ngers
visually senoed to align with canister ducial mark, with third nger registeringtactile cortact for
diameter measuremen C) Similar procedurefor measuringlid diameter. D) Lid is stably grasped
with 3 nger grasp. E) Lid ducial mark is visually senoed to align with canister ducial mark. F)
Ceners of lid and canister aligned by moving the lid an amourt equalto the half the di erence of
the measureddiameters. G) Lid placedon canister with bias to one side. H) Threads aligned and
lid screved on
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