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Abstract—The efficient acquisition and generalization of
skills for manual tasks requires that a robot be able to perceive
and control the important aspects of an object while ignoring
irrelevant factors. For many tasks involving everyday tool-
like objects, detection and control of the distal end of the
object is sufficient for its use. For example, a robot could
pour a substance from a bottle by controlling the position
and orientation of the mouth. Likewise, the canonical tasks
associated with a screwdriver, hammer, or pen rely on control
of the tool's tip. In this paper, we present methods that allow a
robot to autonomously detect and control the tip of a tool-like
object. We also show results for modeling the appearance of
this important type of task relevant feature. *

. INTRODUCTION Fig. 1. Domo, the robot with which we obtained our results.

Robots that manipulate everyday objects in unstructured,

human settings could more easily work with people and . ) ) , )
perform tasks that are important to people. We would liket Improves visual observation of the tool's use by reducing
robots to autonomously acquire task knowledge within thif2cclusion, and it assists force sensing by constraining the
context. Approaches that rely on detailed representationigteraction forces to a small region. For control, its distal
of specific objects and tasks are difficult to generalize tdocation increases maneuverability by reducing the possibility
novel objects and settings. Ideally, a robot would encod®f collisions. A single tip also defines the tool's interface to
task knowledge in terms of task relevant features that ar® world as a simple, salient region. This allows the user

important to its goal and are invariant across specific objectd® Perceptually attend to and control a single artifact, which

An important class of task relevant features is the tip®duces cognitive load. Looking beyond human tools, one

of a tool. In this paper, we describe an approach for th&an also find this structure in the hand relative to the arm,
autonomous detection and control of the tip of an unknowr?"d the finger tip relative to the finger.

tool-like object that is rigidly grasped by a robot. For a Foc_:using on a task relevant featu.re, such as the tip of a
wide variety of human tools, control of the tool's endpointtoc"' is advantageous for task learning. In the case of tool

is sufficient for its use. For example, use of a screwdrivese, it emphasizes control of the tool rather than control of
requires precise control of the position and force of theéN® Pody. This could allow the system to generalize what it

tool blade relative to a screw head but depends little on th@as learned across unexpected constraints such as obstacles,
details of the tool handle and shaft. Radwin and Haney [17fince it does not needlessly restrict the robot’s posture. It also
describe 19 categories of common power and hand toolPresents thg possibility of generalizing what it has learned
Approximately 13 of these tool types include a distal pointacross manipulators. For example, a tool could be held by the

that can be considered the primary interface between the tofnd: the foot, or the elbow and still used to achieve the same
and the world. task by controlling the tip in the same way. Additionally,
The prevalence of this type of feature may relate to théhe function of the tip is often shared across related tools,

advantages it gives for perception and control. For perceptiorggfjeé?sk knowledge could potentially be transferred between
jects.

1This work was sponsored by the NASA Systems Mission Directorate, We have p_re\”OUSIy _presented a method tha_t uses the
Technical Development Program under contract 012461-001. maximum point of optical flow to detect the tip of an



- f " table as task relevant features for object tumbling. While

= these features allowed a robot to generalize learning across
§ ] objects, the perception of these features required complex
(- fiducial markers.

oy,

4 B Research involving robot tool use often assumes a prior
% | [ f : model of the tool or constructs a model using complex
&3 : ‘D d> perceptual processing. A recent review of robot tool use finds
: few examples of robots using human tools [18]. NASA has
explored the use of human tools with the Robonaut platform,
Fig. 2. We previously demonstrated the tip detection on these tools. (howhich has used detailed tool templates to successfully guide
glue gun, screwdriver, bottle, electrical plug, paint brush, robot finger, peny standard power drill to fasten a series of lugnuts [6].
pliers, hammer, and scissors). The method performed best on the tools m% . . .
sharp tips. pproaches that rely on the registration of detailed models
are not likely to efficiently scale to the wide variety of human
tools. Williamson [19] demonstrated robot tool use in rhyth-
unmodeled tool and estimate its 3D position with respectnic activities such as drumming, sawing, and hammering by
to the robot’s hand [10]. In this approach, the robot rotategxploiting the natural dynamics of the tool and arm. This
the tool while using optical flow to detect the most rapidly work required careful setup and tools that were rigidly fixed
moving image points. It then finds the 3D position of theto the hand.
tip with respect to its hand that best explains these noisy The robot hand can be thought of as a specialized type of
2D detections. The method was shown to perform well orfool, and many researchers have created autonomous methods
the wide variety of tools pictured in Figure 2. However, theof visual hand detection through motion including [4] and
detector was specialized for tools with a sharp tip, which[14]. These methods localize the hand or arm, but do not
limited the type of objects that could be used. select the endpoint of the manipulator in a robust way.

In this paper, we extend this work in two ways. First, we In the work of Brooks [1], perception is directly coupled
present a new multi-scale motion-based feature detector thi® action in the form of modular behaviors that eschew
incorporates shape information. This detector performs wefomplex intermediate representations. Our method relates to
on objects that do not have a Sharp point, a||owing us tdhiS work in three ways. First, the robot’s action is used to
expand our notion of the tip of an object to include suchsimplify the perceptual problem. Second, the method directly
items as a bottle with a wide mouth, a cup, and a brush. Theetects and controls the tip of the tool without requiring a
bottle and the cup are not tools in a traditional sense, yegomplex representation. Third, our approach is suitable for
they still have a tip or endpoint that is of primary importanceimplementation as a real-time, modular behavior.
during control. First , we show that this new feature detector With respect to the computer vision literature, our tip de-
outperforms our previous method on these three objects arifictor is a form of spatio-temporal interest point operator that
that the estimated position and scale of the tip can be usedives the position and scale that are likely to correspond with
to build a visual model. Second, we describe a method fothe moving tool tip [13]. A similar algorithm was presented
control of the position and orientation of the tool in the by Kemp in [9]. The multi-scale histograms generated by the
image. We show results on the humanoid robot (Figure 1§letector (Figure 4) have similarities to the output from classic
described in [3], using an integrated behavior system that firdfnage processing techniques such as the distance transform,
performs tip detection and estimation, and then uses opefedial axis transform, and Hough transform for circles [5].

loop control to servo the tool in the image to a target location|| R eview oF Basic TiP DETECTION AND ESTIMATION
and orientation.

In this section we summarize the basic tool tip detection
Il. RELATED WORK method, which we describe in detail within [10]. Our ap-
proach consists of two components. First, a tool tip detector
Work involving manipulation of task relevant features typ- finds candidate 2D tool tip positions within the image while
ically involves fiducial markers or simple objects. Jagersangne ropot rotates the tool within its grasp. Second, a genera-
and Nelson [7] have demonstrated that many tasks can Rge probabilistic model is used to estimate the 3D position

visually planned and executed using sparse, task relevandf the tool tip within the hand's coordinate system that best
fiducial markers placed on objects. Piater and Grupen [15}ccounts for these 2D detections.

showed that task relevant visual features can be learned to _

assist with grasp preshaping. The work was conducted largefy- TiP Detection

in simulation using planar objects, such as a square and We wish to detect the 2D image position of the end
triangle. Pollard and Hodgins [16] have used visual estimategoint of a tool in a general way. This 2D detection can be
of an object's center of mass and point of contact with anoisy since the 3D position estimation that follows uses the



2 remain stationary. This is equivalent to a multiple view 3D

— ~
,';§‘§,’\ estimation problem where we wish to estimate the constant
_A 3D position of the tool tip,z;, with respect to{H} (For

clarity we will use z; to denote the tip position in the
hand frame’z,). In an ideal situation, only two distinct 2D
detections would be necessary to obtain the 3D estimate, as

"x, illustrated in Figure 3. However, we have several sources
of error, including noise in the detection process and an
imperfect kinematic model.

We estimatex; by performing maximum likelihood es-
timation with respect to a generative probabilistic model.
Fig. 3. The geometry of the tool tip 3D estimation problem. With respect toWWe model the conditional probability of a 2D detection at a
the hand’s coordinate systefii }, the camera moves around the hand. In an |gcation d. in the imagei given the true position of the tool
ideal situation, only two distinct 2D detections would be necessary to obtairE. y ) . . - -

ip, x4, and the robot’s configuration during the detectiof,

the 3D estimate. Given two observations with kinematic configuratigns X . : ) A
andcz, the tool tip, z;, appears in the image @, (Fx;) andT.,(Fx;).  with the following mixture of two circular Gaussians,

pdilze, ¢i) = (1= m)Ny(Te, (20), 07 I)(di) +
kinematic model to filter out noise and combine detections me(O,afJ)(di). Q)
from multiple 2D views of the tool.
The 2D tip detector looks for points that are moving” . . : .
rapidly while the hand is moving. This ignores points thatC|rcular Gaussian centered on the true projected location

are not controlled by the hand and highlights points under thtgf thfe too:_ tlpﬂ:nt the_ mlagti’Tci (xt_i_’ Wh(;,-rteh Tct ISI t_he
hand's control that are far from the hand’s center of rotation' a1'Sformation that projects the position of the tool tip,

Typically, tool tips are the most distal component of the toolontc} th? |31afge é)linethglvenbtf:'e ignflgurtgtlon gf lthe (;OtbhOt’
relative to the hand’s center of rotation, and consequently®’ - ¢ IS defined by the Tobols kinematic model an €

have higher velocity. The hand is also held close to thé” hole camera model for the robot’s calibrated camafa.

camera, so projection tends to increase the speed of the to t(:]elsl falstg det?iﬂonts alc;pss t?he |m2age(;hat are mde[:enddent
tip in the image relative to background motion. of e location of the tool tip with a aussian centere

In our initial work, the tool tip detector returned the " the image with mea and a large variance;. m is the

location of the edge pixel with the most significant motion mixing pgrameter. . . .

relative to a global motion model. In this paper, we use the Assqmlng that the dgtectpns OVer a sefes of images,

same optical flow algorithm to compute the significance of” are mdepender_wt and _|de_nt|cally distributed, and _that the

an edge’s motion, but perform multi-scale processing on OS'F'On O_f the tip, ¢, is mdep_endent of Fhe SEres of

motion-weighted edge map to detect the tool tip. conf!gurathnSc_l . Cny the following expression gives the
As described in detail within [10], the optical flow com- maximum likelihood estimate far,,

putation first uses block matching to estimate the most likely

motion for each edge and a 2D covariance matrix that modelsZt = Argmax,, ('09 (p(+)) + Z log (p(di |z, Ci») )

the matching error around this best match. Next, a global 2D i

affine motion model is fit to these measurements. FinallyWe define the priorp(z;), to be uniform everywhere except

the significance of the motion for each edge is computedt positions inside the robot’s body or farther thlimeter

as the Mahalanobis distance between the edge’'s measurtsdm the center of the hand. We assign these unlikely

motion model and the global motion model. This motionpositions approximately zero probability. We use the Nelder-

measurement incorporates both the magnitude of the edgetdead Simplex algorithm implemented in the open source

motion and the uncertainty of the measurement. SciPy scientific library to optimizer; with respect to this

cost function [8].

N; models the detection error dependent gnwith a 2D

B. 3D Estimation

After acquiring the 2D tip detections in a series of images IV. INTERESTPOINT DETECTION
with distinct views, we use the robot’s kinematic model to In our original approach we modeled the tip of a tool as a
combine these 2D points into a single 3D estimate of theingle point within the image. Here we extend this approach
tool tip’s position in the hand’'s coordinate system. To doby modeling the tip of a tool as occupying a circular area of
this, we use the same 3D estimation technique described some radius. In this section we describe this extension, which
[10], which we summarize here. has better performance on tools with tips that do not come

With respect to the hand’s coordinate systef#/}, the to a sharp point. Since this new estimate includes the spatial
camera moves around the hand while the hand and tool tipxtent of the tip, it also facilitates the use of visual features



We definer, such thatrs; is a constant multiple of,
where s ranges froml to ¢ inclusive. We also define, to
be between,, ., andr,,;, inclusive, so that

Fig. 4. An example of the set of 2D histograms,s, produced by the log(r ) — log(Fmin)
interest point detector when given a rectangle of edges weighted equally,. — exp( &'max g\ min (s — 1) +log(rmin)) (3)
with unit motion. The scales, increases from left to right. Strong responses c—1

in the planes correspond with corners, parallel lines, and the ends of th . .
rectangle. 8etting,i,, and ., determines the volume of the scale-

space that will be analyzed, whitedetermines the resolution
at which the scale-space will be sampled.

We compute the bin indices),, b, ), for the 2D histogram
at scales with

be(z,0) = roundl—i(:c + 7, [z?zggi 7;2:))} ), 4)

which adds a vector of length, to the edge position: and
then scales and quantizes the result to find the appropriate
%in in the histogram.

Algorithmically, we iterate through the edges adding their
weighted contributions to the appropriate bins. We can write
that describe the appearance of the tip over this spatial exter%pe quann for the _resultlng interest point detection maps,

i " : ms, using delta functions), so that
For example, given the position and radius we can collect

appropriately scaled image patches, see Figure 7.

Fig. 5. This figure depicts the approximate locations in the image of th
two votes at scale cast by an edge with orientatighand position(z, y).

With respect to our goal of detecting the tip of a tool, ms(u) = Zwi(é(u —bs(x,0;))+
this detector implicitly assumes that the end of an object i
will consist of many strongly moving edges that are approx- 0(u — bs(zi,0; +))), (5)
imately tangent to a circle at some scale. Consequently, the )
detector will respond strongly to parts of the object that are \ere 5 (;) — Lif (zz =0) A (zy = 0)
far from the hand’s center of rotation and have approximately 0 otherwise
convex projections onto the image. As our results show, the In order to soften the effects of our block discretization,
detections correspond well with human-labeled tips. we low-pass filter each 2D histogramn,s, with a separable,

The input to the interest point detector consists of a set offuncated, FIR Gaussian, which is approximately equal to
weighted edges;;, where each edgeconsists of a weight, giving each edge a Gaussian vote distribution, since
w;, an image locationy;, and an angled;. We use a Canny

edge detector to produce edge locations and orientations,
. . . . s — Wy - bs T, 0;
to which we assign weights that are equal to the estimated Gxm Z wi(Glu (i, 6:))+
motion. Each edge votes on locations in a scale-space that Glu — by (2,0 + 7)) ©6)

correspond with the centers of the coarse circular regions the
edge borders. For each edge, we add two weighted votes where G is an ideal Gaussian. This is also approximately

the appropriate bin locations at each integer seale equal to blurring the weighted edge map by scale varying
As depicted in Figure 5, within the original image coordi- Gaussians, or blurring the scale-space volume across scale.
nates the two votes are approximately at a distancom Ideally, the values of corresponding interest points result-

the edge’s location and are located in positions orthogonal ting from a shape would be invariant to translation, scaling,
the edge’s length. We assume that the arfglelenotes the and rotation of the shape. We introduce two scalar functions
direction of the edge’s length and is in the range;, ), ns andny to reduce scale dependent variations and angle
so that no distinction is made between the two sides of thdependent variations respectively, so that
edge.
For each scale there is a 2D histogram that accumulates

. . . . . s\u) = N , Wi G(u— bs iae'
votes for interest points. The planar discretization of these ms (1) =n Zj:nelw (Glu (s, 6:))+
histograms is determined by the integer bin lengthyhich
: : . o G(u — bs(x;, 0; . 7
is set with respect to the discretization of the scale-space over (u = by(@i, 6: +m)) ()
scalel; = [B(rs+0.5 —rs—o.5) |, Whereg is a scalar constant We determine the values for these two functions empirically
that is typically close tdl. using a calibration pattern.



Finally, we find the point within the scale-space with the
highest response and use its corresponding position and sc
within the image as the 2D tip detection.

V. CONTROL OF THETOOL IN THE IMAGE

As described in Section Ill, we use the 2D tip estimates tq
produce a 3D estimate of the tip’s location within the hand’s
coordinate frame. This effectively extends our kinematig
model, providing many options for controlling the tip. For

example, we could use the prediction of the tip’s position
P P PSP ig. 6. Left: The upper left image gives an example of the images used

within an image to initialize a more _rEﬂne_d detectlon_ basecguring estimation. The movement of the person in the background serves as
on a learned appearance model. Using this strong prior, highisource of noise. In the other three images the black cross marks the hand

resolution predictions suitable for visual servoing could peannotated tip location and has a size equivalent to the mean pixel error for
prediction over the test set. The black circle is at the tip prediction with a

Comqued in real-time. ) size equal to the average feature scale. Right: The mean prediction error, in
In this paper, as a step toward this closed-loop controllerixels, for each tool. The 3D tool pose in the hand is estimated in three ways:

we tested a method without visual feedback for controllingfh® hand labelled tool tips [eft bar], feature-based interest points [midde
, " . . . . ar], and the edge pixel with the maximum motion [right bar].
the tool’s position and orientation in the image. The approach

is a variant of the well studied area of resolved-rate motion
control [12] and operational-space control [11]. The robot
used in this paper, seen in Figure 1, has 4 DOF in the arm,
2 DOF in the wrist, and 7 DOF in the head.

A kinematic model of the head and arm is known. We

also know the camera’s intrinsic parameters and remove
radial distortion from the image. We assume that the heag. o . .

. ) ig. 7. These average tip images give an example of acquiring a model of
remains fixed and therefO%T, the transform between world  he tip’s appearance. Square image patches of the tips were collected using
coordinates and image coordinates, is constant. the tip detector, tip predictor, and smoothing of the estimated state. They

A Jacobian transpose approach allows us to minimize thyere then normalized in scale and orientation and averaged together.
error between the desired tool pose and the estimated pose,
if the joint angles start close to their final state [2]. The
Jacobian, W JT', is known from the kinematic model and
relates hand forces to joint torques as= WJ7 W¢.
Instead of controlling the arm’s joint torque directly, we W T _ WR 0
control the joint angle, and our controller takes the form of H 0 WR |-

A = o W JT W f for controller gainss.
i w _ WT H w _ WT H
We control the position and orientation of the tip throughJV'"9 fo=pgJ" "foand Tf, =g Jo " f,, where
W R is the rotational component & 7. A spherical 3 DOF

simulated forces," f, created by virtual springs in the H' , : o
hand's coordinate framéH}. One virtual spring controls wrist allows decoupling of the control problem into position

the position of the tip by connecting the estimated position of©Ntro! by the arm and orientation control by the wrist, giving
the tip” z,, with the target location,” z4. The other virtual the controllers:

spring controls the orientation of the tip by connecting the  ag . — W T (Gtwrist "V fr + Opurist V) (12)
estimated position of the robot's hantl;z,, with a target

location “z,. The target locations for the tip and the hand Ay = V' IT (Grarm "V fr + Oparm " fo) (13)
are constrained to lie at a fixed depth along the camera
optical axis. The virtual forces acting at the hand are then:

for 12 = [a, b, c]. We can transform forces from fran{éd }
to {WW} through:

(11)

For controller gainsry. The wrist used in our experiments has
only 2 DOF and consequently we must ignore the third joint

Hyf = HJT(Hyg)) [ (de — Hmt) 00 0 ]T (8) and assume that the correct orientation is locally achievable
. with the restricted kinematics. These decoupled controllers
Bf,=HJ"Ma,) [ (Hoo—Hz,) 0 0 0] . (9)  will bring the estimated tool pose into alignment with a

desired pose if the controller is initialized at a joint pose

H 1T (H i
where ' J% (") relates forces in{H} to a wrench at the . o final solution.

hand, as:
0 —c b VI. RESULTS
HyT(Hg) = [ ]ID ? } P=| ¢ 0 a|, (10 We validated our method on a bottle, a cup, and a brush, as
b a O pictured in Figure 6. The items were chosen for their varying



enable us to visually track the tip and actively test and
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observe the endpoint during task execution. Additionally, the
approach should be applicable to skill transfer from a human
to a robot based on observation of the tool tip rather than the

15 : | kinematic details of the task.
10 2 We have described a general method for visual manip-
5 1 ] ulation of human tools rigidly held by a robot. It is a

step towards robots that autonomously learn to perform
manipulation tasks with novel, unmodeled objects in human-

centric environments.

Fig. 8. The controller error for a single trial for the tip position [left, pixels]

and orientation [right, degrees] using the multi-scale detector. The black bar,
indicates the error as measured by the projection of the predicted tip positioril]
and orientation into the image. The grey bar indicates the hand measure(i‘t2
position and orientation error. The relative errors for the orientation results, ]
(7degrees), were too small to be measured with precision. 3]

tip size and length. The feature detector, estimator, andl
controller were integrated into a real-time behavior module
for the robot. The detection algorithm runs EtH > on a
3GH = Pentium computer. It is run in parallel for the robot’s [
two cameras. When the tool is placed in the robot's hand, g
it automatically generates a short sequence of tool motion
of about 200 samples over 5 seconds. Each detection and
kinematic configuration is logged and then batch processeq7]
by the estimator. The estimated tip locatiéhy,, is passed to
the tool pose controller and it servos the tool to a potentially 6]
time-varying location and orientation in the image.

For each tool we compare the multi-scale detector of this[9]
paper to the original edge-motion detector. Figure 6 shows the
mean prediction error, as measured by the tool tip projection
into the image, for the two detectors. The multi-scale detectoio]
significantly improves the predicted location for these three
objects that have large, broad tips. Consequently, it extends
the notion of a tool tip beyond sharply pointed objects. [11]

The multi-scale detector also enables online modeling of
the tip. Figure 6 shows the average estimated tip scale fqiy)
each tool, which demonstrates the ability of the detector
to appropriately extract the size of the tool tip. Figure 7[ 3
illustrates the construction of a pose normalized visual modeiL
of the tip. [14]

We tested the tool tip controller by servoing the tip of each
tool to the center of the image with a horizontal orientation [15)
Figure 8 shows the typical errors, relative to the predicted tip
location in the image, and relative to the actual hand labelled®!
tip location. The controller is able to successfully bring the
estimated (though not necessarily the actual) tip location t&7]
the desired pose. In the future we plan to incorporate visual
feedback based on the tip's visual model to zero out errorgs
accumulated from kinematic inaccuracies.

Our work affords many avenues for further exploration.[19
The reliable prediction of the tool tip in the visual scene
allows us to model the tool's visual features, which should
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