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Abstract—We propose a system for improving grasping using
ngertip optical proximity sensors that allows us to perform
online grasp adjustments to an initial grasp point without
requiring premature object contact or regrasping strategies.
We present novel optical proximity sensors that t inside
the ngertips of a Barrett Hand, and demonstrate their use
alongside a probabilistic model for robustly combining sesor
readings and a hierarchical reactive controller for improving
grasps online. This system can be used to complement exigin
grasp planning algorithms, or be used in more interactive
settings where a human indicates the location of objects. fally,
we perform a series of experiments using a Barrett hand
equipped with our sensors to grasp a variety of common objest
with mixed geometries and surface textures.

|. INTRODUCTION

Grasping is a basic and important problem in robotic
manipulation. For robots to rellabl_y grasp novel ObJ?CtSFig. 1: Three- ngered Barrett Hand with our optical proximity
they must be able to sense the object geometry suf cientyensors mounted on the nger tips.
accurately to choose a good grasp. In this paper, we develop
an optical proximity sensor, embedded in the ngers of the

robot (see Fig. 1), and show how it can be used to estimate . . Lo . . .
( g. 1) motion, their use is limited to either minor adjustments of

local object geometries and perform better reactive grasps tact f ‘ red i ¢
Conventional grasp planning strategies rely heavily ofgontact forces at pre-computed grasp con gurations, or to
anning algorithms that require iterative re-graspingtod

long range vision sensors (such as cameras, LIDAR, and ject in order to grasp successfully [8], [19], [3]. While

range nders) to detect and model objects, and to determirf latt h h h bstantial | s i
grasp con gurations (e.g., [11], [15], [17]). While this ia € 1atter approach has snown substantial improvements in

led to a number of successful robot systems, errors ar?EaSp reliability, it rgquires a_signi cant amount of timad .
uncertainty ranging from small deviations in the Object,srequently causes lighter objects to be knocked over during

location to occluded surfaces have signi cantly limitec th the repeated grasp attempts.
reliability of these open-loop grasping strategies. Injee The limitations of tactile-sensing-augmented grasp plan-
in [15], we found that approximatel$5% of the grasp ning can be overcome by 'pre-touch’ sensing. This modality
failures were because we used only long range sensors dtp recently become a popular means of bridging the gap
lacked a reactive controller with suf cient local surfacese In performance between long range vision and tactile sen-
information. sors. In pre-touch sensing, gripper-mounted, short-rgAge
Tactile sensing has been employed as a means to augm@@iin) proximity sensors are used to estimate the absolute
the initial grasp and manipulation strategies by addrgssirﬂiStance and orientation (collectively called surface )os
inconsistencies in the contact forces during object cantagf & desired contact location without requiring the robot
and manipulation [20]. However, tactile sensors have to at0 touch the object [18]. The vast majority of these pre-
tually touch the object in order to provide useful infornoati  touch proximity sensors use optical methods because of
Because current sensor technologies are not sensitivegenotheir high precision [1], [7], [21], [9], [10]. Optical senss,
to detect nger contacts before causing signi cant objechowever, are highly sensitive to surface relection projesit
Alternatively, capacitive-based proximity sensors haiso a
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Fig. 2: Normalized Voltage Output vs. Distance for a TCND5000 @l Emitter Radient Intensity
emitter-detector pair. @ Detector Radient Sensitivity

. . Fig. 3: Possible ngertip sensor con gurations.
sensors used in previous work.

This paper presents an integrated approach that combines

sensor design, probabilistic data modeling, and a reactiv . . .
sign, p 9 . p%oto—recewer. The amplitude and phase of the light vary as
controller into a system that allows for on-line grasp atjus

- . : a function of the distance to the surface, its orientatiord a
ments to an initial grasp con guration without the need for : :
. . : other properties of the surface material (relectance,uest
premature object contact or re-grasping strategies. $peci . L .
. . S .~ etc.) [1]. In amplitude-modulated proximity sensor design
ically, a design for a low cost, pose-estimating proximity, . :
. the most commonly preferred method, these variations in
sensor is presented that meets the small form factor con-~ . : . .
. : L amplitude can be converted into pose estimates by measuring
straints of a typical robotic gripper.

The data from these sensors is interpreted using empingle response from constellations of at least three receiver

cally derived models and a robust, belief-state-basecsarf (ZJ(iused at the same point on the target surface [1], [12],
pose estimation algorithm. The resulting pose estimates Jf ] i )
provided to a reactive grasp closure controller that regsla Although conceptually simple, modeling the pose of un-

contact distances even in the absence of reliable surfakBOWN surfaces is dif cult because of the non-monotonic

estimates. This allows the robot to move the nger tipbehawor of the proximity sensor receivers. The response of

sensors safely into con gurations where sensor data for tife SiNgle sensor is a function of the distance to the target
belief-state update can be gathered. Simultaneously,dse p surface and the baseline between the emitter and recesver, a
estimates of the sensor interpretation approach can moviﬁhown n Fig. 2. While the response In the far- eld varies

the necessary information to adjust the grasp con guratiofS the inverse square of the distance [6], the response of the

to match the orientation of the object surface, increasreg t SENSOr in the near eld is far more complex. The decrease
likelihood of a stable grasp. in received light energy in the near eld is governed not

We perform a series of grasping experiments to validat@nly by the relective properties of the surface, but also

the system using a dexterous robot consisting of a 7-DORY th_e geometric baseline betV\_/een the emitter and receiver.
Barrett arm and multi- ngered hand. In these tests, wé'S distance approaches zero in the near eld, the amount
assume that an approximate location of the object to K €nergy that can be relected between the emitter and
grasped has already been determined either from long ran'&‘é:e“’er Qecreases because the °Yef'ap betyveen the emitter
vision sensors [14], or through human interaction [5]. Frongnd receiver cones dgcrea;es. This rgsults In a sharp 9"°p'
the initial grasp positions, the system exhibits improvec?ff of received light intensity. To avoid complications in

grasping on a variety of household objects with varyind"Ode"ng the sensor data, most approaches, including ours,
materials, surface properties, and geometries offset the sensors from the surface of the gripper to maxémiz

the far eld sensor response. Although this sacri ces the
Il. OPTICAL SENSORHARDWARE higher sensitivity of the near eld, the longer range of the
The purpose of the optical sensor hardware is to provid@r eld is better suited to grasping applications [1].
data that can be used by the modeling algorithm to constructThe selection of specic sensor hardware and signal
pose estimates of nearby surfaces. The design is driven pyocessing electronics is severely constrained by thedimi
a series of constraints, including size, sensor respomgk, aspace in typical robotic ngers (for instance, our Barrett
eld of view, which are detailed in the following section.  ngers have a 1cm x 2cm x 1cm cavity volume). Bonen and
A basic optical sensor consists of an emitter, photowalker used optical bers to achieve the desired geometric
receiver, and signal processing circuitry. The light franet arrangement of emitters and receivers in their respective
emitter is relected by nearby surfaces and received by theensors. However, the bend radius and large terminations of



The complete proximity sensing suite consists of twelve
- total emitter-detector pairs, four on each nger. The eengt

o & 2 are pulsed in sequence by a PIC 18F4550 micro-controller
- located on the wrist of the robot (as shown in Fig. 1) so
that 16 readings are generated for each nger on each cycle.
The collected sensor data is pre-ampli ed by circuitry in
the nger tip and then sampled by a 10-bit A/D converter
before streaming the data back to the robot over a serial link
In spite of the 950nm operating frequency, raw sensor read-
ings remain sensitive to ambient light effects. Background
subtraction was used to remove this ambient component and
increase the signal to noise ratio.

IIl. SENSORMODEL

Given a series of observations from the sensors on each
nger, our goal is to estimate the surface pose (distance and
orientation) of the surface in front of the nger.

More formally, leto = (0;;0;;03) 2 R® be the readings

Emitters in Blue from the three sensors grouped in a triamgland s =

Detectors in Red (d; Xrot ; Zrot ) be the surface pose of the local surface (ap-
Fig. 4: Front view of sensor constellation. Hatches show th@'OXimated as a plane). Here,is the straight-line distance
crosstalk between adjacent sensor pairs. from the center of the three sensors to the surface of the

object (along the vector pointing outwards from the nger
surface) sensor;,t andzy are the relative orientations

the bers violate the space constraints in this applicatiorPf the surface around the nger's x-axis (pitch) and z-axis
Instead, our design uses four low-cost, off-the-shelfaérgd (roll) respectively, as shown in Fig. 4. (They are equa®@
emitter/receiver pairs (Vishay TCND50000) on each ngerwhen the object surface is parallel to the nger surface.)
The small size (6 x 3.7 x 3.7 mm) meets the volume One of the major challenges in the use of optical sensors is
requirements of the design and the range (2-40mm) is ideilat intrinsic surface properties (such as relectivityffuasiv-
for pre-touch sensing. ity, etc.) cause the relationship between the raw sensoabig
The arrangement of these sensors represents yet anotfBfl the surface pose to vary signi cantly across different
design tradeoff between eld of view and pose estimatiourface types. For that reason, prior work using short-eang
accuracy. Large elds of view, both out from and in frontProximity sensors to nd surface pose has focused on using
of the face of the ngertip, as shown in Fig. 3a, aremultiple direct models obtained by performing regressian o
advantageous for detecting oncoming objects. Unfortuyjate€Mpirical data. This data is gathered by recording sensor
the sensor spacing needed to achieve this reduces thepved&ay readings for each relevant surface in turn, placed at a
between adjacent sensor pairs and lowers the signal to nomprehensive set of known surface poses [1]. In particular
ratio. Conversely, arranging the sensors to focus the ersitt [1]: [7], [21] both use a least-squares polynomial t of data
and maximize crosstalk, as shown in Fig. 3b, improves loc&fken for a known surface or group of similar surfaces
pose estimation accuracy at the expense of broader rani§e directly estimate surface pose given sensor readings.
data to nearby objects. The nal con guration, shown inHowever, acquiring enough data to successfully model a
Fig. 3c, consists of three sensors arranged in a triangle &§W surface is extremely time-consuming, and having to
the face of the nger to estimate pose with a fourth sensd#0 SO for every potential surface that might be encountered
at a 45 angle to the nger tip to increase the eld of view. IS Prohibitive. In practical grasping scenarios, we need to
Although surface area exists for placing additional sensorbe able to deal with unknown and never-before-encountered
the quantity is limited to four by the available space in théurfaces.
Barr_ett nger cavity for pre-ar_npli.er circuitry. The sense A. Calibration Data and Reference Forward Model
are inset into the nger to minimize near- eld effects, and o )
the aluminum housing is matte anodized to decrease internat"S ©PPosed to fully characterizing every surface with a

specular relection. The crosstalk between adjacent sensoicParate model, we use a single reference model that isiscale
is illustrated by the hatched area in Figl 4. with an estimate of the object’s IR relectivity parameter in

2Sensor 4, which is offset by#t5 to increase the eld of view, is

Iwhile the crosstalk between sensors 1-3 can be useful when tmot included in this sensor model because it rarely focuseshe same

primary sensor values saturate, which occurs on many tiglared surfaces, !at surface as the other three. As a stand-alone sensor, riev@rtheless

experimental testing showed the crosstalk to be below thsenmor on  independently useful, particularly when the peak expectaiie (object

many of the object surfaces we encountered. Since this wasknaes that surface relectivity) is known. For instance, it can be used prevent

the nature of the surface is unknown a priori, our currentknignores the unexpected collisions with objects while moving, or evenntove to a
crosstalk and only uses the primary sensor values. xed distance from a table or other surface with known oratian.



sensor readings with ngers at different (known) locatipns
and use the sensor readings, the nger positions, and our
empirical sensor model to update a belief state (a prothabili
distribution over possible values gj at each time step.

Here, we assume that the object is static during a grasp.
This is a reasonable assumption due to the fact that because
we are using proximity or ‘pre-touch’ sensors, the actual
grasp and sensing procedure does not make contact with the
object prior to complete closure of the grasp and thus does
not actively cause any object displacements. In additian, w
assume that the surface seen under each nger is locally
planar throughout the entire grasp procéss.

For each nger, lesS be the set of all possible statgsand
let s;, o anda; be the state, sensor readings (observation),
and hand pose (actions) at time t, respectively. At all times
we will track the belief statdy = P(Spjor:::0; a1:a),

Fig. 6: Locally weighted linear regression on calibration datathe probability distribution over all possible surface gss

The plot shows energy values for one sensor at a xed distanda S seen at the rst time step, given all observations and
and varying x and z orientation. Green points are recordéd; da hand poses since. We assume that our sensor observations
red points show the interpolated and extrapolated estBneiftehe at different times are conditionally independent given the

model.

surface pose:
order to obtain an approximate forward model for the speci c P(sojor:ior;az:iar) = P (sojot; ar) ()
object of interest® By scaling with the estimated peak value, t=1

the model becomes roughly invariant to surface brightness. ,
For this work, the calibration data was taken using a Kodak" Observation Model

grey card, which is a surface often used to adjust white An essential part of nding the most likely surface pose

balance in photography. The data consists of 1904 sampliéshaving a model for how likely it is that we could have

of o taken at distance values ranging fradrb cm to 3:4 seen the current sensor readings if that pose were true.

cm, Xrot Values ranging fronB0 to 110, andz values Speci cally, the quantity we are looking for B (otjay; st),

ranging from40 to 140 . Fig. 5 shows the calibration data. the probability of seeing the sensor readings we obtained
_ _ o at time t @) given the current hand con gurationay)
B. Direct Model Using Polynomial Fit and a particular surface pose ). For this, we need a

We rst tried using a least-squares polynomial t on thefunction mapping states to observatiofis) = o. We use
calibration data to estimate given o, as in [1]. While the locally weighted linear regression on our scaled calibrati
resulting polynomial function was a reasonable t to thedata set to estimate givens. An example of the values
calibration data, its performance on estimatingn different  Obtained using locally weighted linear regression is shown
surfaces was extremely poor. This is because even smill Fig. 6, where the green points are actual data and the
changes in the true underlying function (caused by differefed points are estimated values. Each estimated point uses
brightness or relection properties) results in large shift @ plane derived from only the 8 closest actual data points.
estimates fors for the sameo, making the direct model Also, because extrapolation using locally weighted linear
very brittle in the context of different, unknown objecteida regression is extremely poor, the estimated point is clippe
limiting its applicability to contexts where thareciseobject 10 be no greater than the highest of those 8 values, and no

characteristics are known a priori. less than the lowest. _
We then assume that the estimated model values are
C. Belief State Model correct (for a givers;, we expect to see the model-estimated
In order to address the sensitivity of the direct modeft): and that any deviations we see in the actual sensor

to the object surface characteristics, we use an empiricgadings, = o C(s:), are due to Gaussian noise,

forward sensor model and a probabilistic estimation precedN (0; ©). This assumption is wildly inaccurate, as the errors
to derive the current best estimate farin our setting, as &€ i fact systematic, but this assumption nonetheleswsll

our robot hand is executing a grasp trajectory, we take maﬁ?e to nd the closest alignment of the obseneegoints to
the scaled calibration model without any assumptions about

3Estimation of the surface relectivity value is not partiady onerous Surface characteristics. For our experiments, sensoingad
to collect, as a single grasp of the object, particularlyhvitie use of raw
values to attempt to align at least one nger with the surfatéhe object, 4Even when the surface under the nger changes and the olchéatzmes
is suf cient to collect the required value. Alternativelgn estimate of the erroneous, the estimates would get progressively bettenas data from
peak value could be obtained by observing the object withRanamera or the new surface is observed. It is also simple to place a higlegght on
with a laser range nder that provides IR intensity values. new data, to make the adjustment faster.
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Fig. 5: Calibration Data. (Top row) plots xrot vs. energy for all ébr sensors, with binned distances represented by diffexdnts
(distance bin centers in mm: green=5, blue=9, cyan=13, ntagé9, yellow=24, black=29, burlywood=34). (Bottom ras¥)ows zrot vs.
energy for all three sensors.

were scaled to vary from 1 to 100, andwas set to be sensors in the array vary in a similar way with respect
25, since we expect signi cant deviations from our modeto orientation changes for all surfaces. Thus, a nhumber of
values. observations over a wide range of different values afan
be used to align a new set of observations with a model that
is not quite right. Thes with expected (model) observations
At each time step, we wish to compute an estintatef  that align best with the actual observations is generakly th
the current state. The stateS, are discretized to a uniform one with the highest likelihood, even with large model error
grid. We can represerit as a grid of probabilities that sum
to 1, and update the belief state probabilities at each time
step using our actions and observations as we would any V. REACTIVE GRASPCLOSURE CONTROLLER
Bayesian lter.
More speci cally, the belief state update is performed as To verify the usefulness of our ‘pre-grasp’ proximity
follows: sensors, a reactive grasp closure controller was designed
b = P (Soj01:1:00; a0 ay) and implementeq that uses the proximity dgta to move the
, . ngers such that: 1) they do not collide with the object,
_ P(ajao; 8 S0)P (Sojor:0x 17818 1) and 2) they close simultaneously, forming a symmetric grasp

E. Inference

_ P(a) con guration around a pre-speci ed grasp point. This dhili
_P(aja;s)lr 1 @ is aimed at achieving successful grasps even in the presence
P(o) of signi cant uncertainty about the object geometry, and at

We assume a uniform prior on the sensor readings, and thggowing_ the sensor interpretatiqn approach to safelyecoll
the denominator can be normalized out. We then nd thdata to improve the surface estimates.

expected value of the stagg as follows: The hierarchical control architecture used here composes
. two reactive control elements that run asynchronously and
$o = E(so) = P(sojor:::0r; @1::ar)So (3)  that control separate aspects of the grasp closure process.
So At the bottom level, a nger distance controller controls
We can computd; from &, using the hand kinematics andthe ngers to maintain approximately equal distances to the
the known hand positiona, anday. object surface. On top of this control element, a kinematic

The advantage of combining observations in this manneonditioning controller controls the arm to center the ebje
is that, while the actual sensor readings we expect to seéthin the hand and to cause the ngers to be parallel to the
vary greatly from surface to surface, readings acrossmiffe surface.



Fig. 7: A sequence showing the grasp trajectory chosen by our #hgorilnitially, the ngers are completely open; as more detanes,
the estimates get better, and the hand turns and closes tfez in such a way that all the ngers touch the object at theeséime.

A. Finger Distance Controller TABLE |: Model Test Experiment Error
At the bottom level, the nger distance controller moves DIST(CM) | Xrot () | Zrot ()
just the ngers in an attempt to keep all ngers at a given | BROWNWoOD BowL 35 4.4 13.5
distance from the object surface while closing them around| BEIGEPLASTIC BowL 34 4.4 23.0
_— . L ) " BLACK PLASTIC BOX .49 10.3 16.5
the initial grasp pose. To avoid collisions even in the aliti BLUE PLASTIC BOX 59 53 217
stages of grasping, the nger distance controller starts ou | carpBOARD BOX 20 3.8 14.4
using just raw proximity sensor values normalized for the | YELLOw Box .43 3.6 17.3
estimated object relectivity (expected peak value). When | AVERAGE 40 5.3 17.7

available, it switches to using distance information from

the belief estimation process. Either raw values or diganc

estimates can be used to achieve and maintain a desired>iven a correctly chosen initial grasp point, this two-
proximity from the surface for all ngers, at the rate recgdr element controller hierarchy provides robustness to thsm

by the basic hand controller. This allows for the ef cientind process and can signi cantly increase the success rate
gathering of proximity sensor readings during the grasgOr grasping tasks. However, it still relies heavily on a doo
which can be used to improve the surface pose belief staf@)oice of initial grasp pose. To alleviate this and to fully
Wh|Ch in turn can improve the nger distance Contro”er’sut”ize the CapabilitieS of the sSensors, the presentedtim&ic
ability to keep the ngers at a desired distance. Steadilyrasp closure hierarchy could be augmented with a reactive
decreasing the desired surface distance allows one to cld@sp con guration controller that uses the surface normal
the ngers such that they simultaneously touch the objed@stimates provided by the sensors’ belief state estimation

surface. system. Having normal estimates would allow such a con-
troller to adjust the grasp con guration to optimize thedbc
B. Kinematic Con guration Controller grasp geometry. In particular, one could add a reactivel loca

Given the current grasp pose and nger con guration, th&ontrol component ba_lsed on.wrench residuals [2] to the grasp
kinematic con guration controller moves the arm and hand t§losure controller using a hierarchical control compaositi
optimize the available kinematic workspace and contacifor @PProach [4]. Such a component would use the local surface
capabilities of the grasping system. To achieve this, iatel NOrmal information to optimize the contact con guration,
actions that IOC@WQ{ minimize a kinematic con guration @rr allowing one to achieve reliable force and moment closure
function, x = i 2 by descending the gradier% grasps of objects even when no two ngers see the same

of this metric with respect to the hand frame pose parameteFr)Isanar face [13], [2].

X;j that determine the position and orientation of the hand. V. EXPERIMENTS

k, is the kinematic error for nger i, which is a measure ) N )

of the distance from the preferred kinematic con guration Ve Wil rst evaluate the ability of our algorithm to model

(which in our case is the middle of the nger joint range). S€NSOr data in Section VB Then we _W|II use the model to
For the Barrett hand, the result of descending this gradieRETfOrm grasping experiments in Section V-C.

is a hand/arm con guration in wh_|ch all ngers are bent toA' Robot Hand

the same degree and the hand is centered over the current

contact con guration as determined by the nger distance The sensors described in Section Il were mounted onto the

controller. When used in combination with the nger distanc nger tips of a Barrett hand. This manipulator has a total of

controller, the result is that the two ngers on the samé degrees of freedom (three ngers each with one degree of

side of the hand end up parallel to the surface under theffeedom, and a nger “spread”). The hand was attached to a

(assuming they see the same or a similar surface), and thedof arm (WAM, by Barrett Technologies) mounted on the

hand ends up centered around the object. For a completéifAIR (STanford Al Robot) platform.

novel object, these two controllers together can be used to -

perform an initial grasp to collect data identifying theets 5 Prediction Model

relectivity parameters, since the peak sensor value is only As a test of our estimation method, we placed the Barrett

seen when the nger is parallel to the object surface. hand at known positions relative to a number of commonly



Fig. 8: Different objects on which we present our analysis of the ehguiedictions. See Section V-B for details.

found objects of various materials. (See Fig. 8 for their piction. Additionally, the inclusion of arm motions througheth
tures.) Our test data consisted of three different origotiat use of the kinematic conditioning controller should furthe
for each object: parallel to the ngers;10 rotation, and enhance the range af,; angles encountered during a grasp,
20 rotation. The ngers were then made to close slowlyand thus allow for somewhat betteg; estimates.

around the object until each nger nearly touched the s@rfac
Sets of 100 raw sensor readings were taken every 1.2 degrges
of nger base joint bend, and for every 1.2 degrees of nger Our goal was to focus on the nal approach of grasping
spread (up to at most 17 degrees) and averaged. Resfng proximity sensors. Our system could be used in a

showing errors in the nal estimates dfl; x.o ;Ziot) are Variety of settings, including the point-and-click appcba
in Table 1. of [5], where a laser pointer is used to highlight an object

Jor a robot to pick it up, or combined with long range vision

Grasping Experiments

Table | shows that our model is able to predict th that select optimal ints [14
distances with an average error @#icm. We are also able sensors that select optimal grasp points [14].

to estimatex;o; reasonably accurately, with an average error In this experiment, we placed a varlety of objects (weigh-
of 5:3 . The high error inx,, in the case of the black Ing less than 3 pounds) in known locations on a table (see

plastic box can be attributed to the fact that the rst ngerF'g' 10), with some objects lush against each other. These

in one run did not see the same surface the entire timgpjeCts are of a variety of shapes, ranging from simple boxes

which is a requirement for reasonable predictions with Ou?r_l?rc])wls,bt(?[ more c;)hmprilca;etd ?r:lapes suc_:h af[S a Skt' bo?i.h
model. Note that these objects have signi cantly different, . etro (;) movets € handto " etéappromma ecer: elrlo €
surface properties, and other than the peak sensor value,?%eC and executes a grasp stralegiging our controtier

other surface characteristics were assumed. High-reteeta to move the hand and the ngers in response .to esUmgted
stances from the sensors and the pose estimation algorith

surfaces tended to do worse than matte surfaces due to sﬁzg'i_l bot th ok the obiect and it i
ni cant deviation from the calibration model. Nonethelgss € robot then picks up the object and moves It to verly

l5r|1eat the grasp is stable. (See Fig. 7 and Fig. 10 for some

predictions by the time the ngers touch the surface. images of the robot picking up the objects.)

The higher errors inz,,y are a consequence of the
movements used during the data collection and estimation
process. Since the sensor interpretation approach usie$ bel
updates to determine the maximum likelihood orientatiba, t
quality of the resulting estimates depends on the proximity
data encountered along the ngers’ trajectories, with darg
variations in the local geometry resulting in more accurate
estimates. In the procedure used here to gather the test data
a wide range ofx,,; angles was encountered within the
useful range of the sensors due to the strong curling of Fig. 9: Failure cases: (a) Shiny can, (b) Transparent cup
the Barrett ngers. On the other hand, only a very limited
range of z,,x angles were correctly observed due to the Note thatour objects are of a variety of shapes and made of
signi cantly smaller variation available using the hand’sa variety of materials. Out of the 26 grasping trials perfedn
spread angle. Furthermore, most spread actions moved thie 21 unique object$pur grasping system failed three times.
ngers to positions signi cantly further from the objectften  Two of these failures were due to extreme surface types: a
resulting in sensor readings that were no longer observable
While this is a problem in the test data and illustrates the “One could envision using better strategies, such as thasitm vision-

. . . . ased learning [15], [16], for moving the hand to a graspiogqipon the

advantage of active sensing strategies, its cause should JRct.
largely alleviated when using the grasp closure contratler  ®Procedure used to choose the objedtte asked a person not associated
establish the initial grasp, due to the ability of the ngerWith the project to bring objects larger than about 8 inchredength and

. . . . less than 3 pounds from our lab and different of ces. No otkelection
distance controller to maintain the ngers at a distancé th

; &riterion was speci ed, and therefore we believe that oyects represented
provides usable results throughout the nger spread opera-easonably unbiased sample of commonly found objects.



Fig. 10: Snapshots of the robot picking up different objects.

transparent cup and a highly relective aluminum can (Fig. 9)
To address these cases, our optical-based proximity sensg;
could be combined with a capacitive-based system that is
good at detecting metallic or glass surfaces. The thirdaibje [2
was a ski-boot, for which our approach worked perfectly;[3]
however, due to the object’s weight, our robot was unable tct4]
lift it up.

A video of the grasp experiments is available at thel®
following url:

(6]

(7]
In the video, the hand rotates the ngers in many cases to
be approximately parallel to the object surface and causes t [g]
ngers to contact at nearly the same time, thereby improving
the grasp. [9]

http://stair.stanford.edu/proximitygrasping/

VI. CONCLUSION [10]
. 1
In this paper, we presented a system that enables staglé
grasping of common objects using pre-touch pose estimatiof?2]
We designed a novel low-cost optical proximity sensor to
meet the space constraints of typical robot grippers usings
off-the-shelf components. We converted the data provided
by these sensors into pose estimates of nearby surfaqgﬁ
by a probabilistic model that combines observations over a
wide range of nger/hand con gurations. We also created!®!
a hierarchical reactive controller to perform the grasplehi [16]
optimizing nger locations to maintain distance and impgov
the estimation model. Finally, we validated the system by e¥17]
periments with a Barrett hand, which showed improvements
in reactive grasping. (18]

[19]
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