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Abstract. Dextrous high degree of freedom (DOF) robotic hands provide versatile
motions for fine manipulation of potentially very different objects. However, fine
manipulation of an object grasped by a multifinger hand is much more complex
than if the object is rigidly attached to a robot arm. Creating an accurate model is
difficult if not impossible. We instead propose a combination of two techniques: the
use of an approximate estimated motor model, based on the grasp tetrahedron acquired
when grasping an object, and the use of visual feedback to achieve accurate fine
manipulation. We present a novel active vision based algorithm for visual servoing,
capable of learning the manipulator kinematics and camera calibration online while
executing a manipulation task. The approach differs from previous work in that a full,
coupled image Jacobian is estimated online without prior models, and that a trust
region control method is used, improving stability and convergence. We present an
extensive experimental evaluation of visual model acquisition and visual servoing in
3, 4 and 6 DOF.

1 Introduction

In an active or behaviora vision system the acquisition of visual information is not an
independent open loop process, but instead depends on the active agent’s interaction
with the world. Also the information need not represent an abstract, high level model
of the world, but instead is highly task specific, and represented in a form which
facilitates particular operations. Visual servoing, when supplemented with onlinevisua
model estimation, fits into the active vision paradigm. Results with visual servoing
and varying degrees of model adaption have been presented for robot arms [23, 4, 21,
15, 16, 13, 2, 11]2. Visual models suitable for specifying visua alignments have also
been studied [9, 1, 1Q], but it remains to be proven that the approach works on more
complex manipulatorsthan the seria link robot arm. In this paper we present an active
vision technique, having interacting action (control), visua sensing and mode! building
modules, which alows the simultaneous visua-motor model estimation and control
(visual servoing) of a dextrous multi finger robot hand. We investigate experimentally
how well our algorithmswork on a 16 DOF Utah/MIT hand.

A combined model acquisition and control approach has many advantages. In addi-
tion to being able to do uncalibrated visual servo control, the online estimated models
are useful for instance for: (1) Prediction and constraining search in visua tracking
[16, 4] (2) Doing local coordinate transformations between manipulator (joint), world
and visua frameq[15, 16]. (3) Synthesizing views from other agent poses[14]. In robot

* Support was provided by the Fulbright Commission and ONR grant NO0014-93-1-0221.
2 For areview of this work we direct the reader to [15] or [2].
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arm mani pul ation we have found such afully adaptive approach to be particul arly help-
ful when carrying out difficult tasks, such as manipulation of flexible material [15, 16],
or performing largerotationsfor visually exploring object shape[17]. For the Utah/MIT
dextrousrobot hand thefully adaptive approach i sappealing because precisely modeling
manipul ation of a grasped object ismuch harder than for atypical robot arm, where the
object isrigidly attached to the end effector. The four fingers of the Utah/MIT hand have
atotal of 16 actuated joints. When grasping a rigid object the fingers form a complex
paralel kinematic chain. Although a few experimental systems that demonstrate the
capabilities of dextrous robot hands have been implemented (e.g. [18, 20, 22]), their
potentia for performing high-precision tasks in unmodelled environments has not been
fully realized. We have proposed an approach to dextrous manipulation [ 7], which does
not require a-priori object models; al the required information can beread directly from
the hand’s sensors. This alignment virtual tool [19] alows versatile manipulation as
shown in fig. 1 by providing an approximate transformation between the 6 DOF pose
space of the grasped object and the 16 DOF joint control space. But the transformation
is only approximate, and there is no way to account for dips in the grasp and other
inaccuracies, so some external, object pose based feedback is needed to achieve high
precision object fine manipulation.

pmerfl foer

-

Fig. 1. Examples of manipulationwith Utah/MIT hand.

In this paper we show how to learn online, and adaptively refine alocal estimate of a
visual-motor model, and to use that estimate for stable, convergent control even in dif-
ficult non-linear cases. Our objectives are to completely do away with prior calibration,
either experimental “test movements’ or model based, and to improve the convergence
to allow solving manipulation tasks in larger workspaces, and/or more difficult cases
than previoudly possible. The difficulty in the problem we solve lies much in the -
for manipulator control purposes - extremely low sampling frequency imposed by the
video rate of cameras. With very few samples, we want to control over large portions of
the visual-motor work space and deal with large initial deviations between desired and
actua states. Thisisdifferent from what we feel mainstream control theory is meant to
solve. Inthe paper weinstead cast the estimation and control problemin an optimization
theory framework, where we can draw on previous experience on estimating with very
sparse data, and obtaining convergence despite large initial errors and large step sizes.

The overal structure of our vision based manipulation system is shown in fig. 2.
In the two following sections we describe the online model acquisition. In sections 4
and 5 we describe the visual and motor control of the hand. Visual goal assignment,
trajectory generation and what kind of visua features to use are task dependent. In
[16] we describe the high (task) level parts of the system and how to solve real world
mani pul ation problemswith this system, such as sol ving ashape sorting puzzle, handling
flexible material s and exchanging alight bulb. In section 6 we study low level aspects of
visua control, and use simplerandom trajectoriesto quantitatively eval uate positioning
and model estimation.
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Fig. 2. Structure of the system, and the time frames each part runsin. Arrows indicate
information exchange.

2 Viewing Model

We consider therobot hand? as an active agent in an unstructured environment. The hand
manipul ates a grasped object in approximate motor pose space* x € R” through the
transformations derived in section 5, and observes the results of its actions as changes
inavisual perception or “festure” vector y € R™. Visual features can be drawn from a
large class of visua measurements[23, 15], but we have found that the ones which can
be represented as point positions or point vectors in camera space are suitable[16]. We
track features such as boundary discontinuities (lines,corners) and surface markings.
Redundant visual perceptions (m > n) are desirable as they are used to constrain the
raw visual sensory information.

Images

U

Features
Robot control X y

!

Fig. 3. Visua control setup using two cameras.

The visua features and the agent’s actions are related by some visual-motor model
f, satisfyingy = f(x). The goa for the control problem is, given current state xo and
vo, the desired final state in visual space y*, to find a motor command, or sequence
thereof, Axy. st. f(xo+)_, Axx) = y*. Alternatively, onecan view thisproblem asthe
minimization of thefunctional ¢ = %(f —y*)T(f —y?*). Inatraditiona visua control
setup we have to know two functions, camera calibration ~» and robot kinematics g,
either apriori, or through some calibration process. The final robot positioning accuracy

% The visual feedback methods derived here also apply to other holonomic manipulators.
4 Vectors are written bold, scalars plain and matrices capitalized.
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depends on the accuracy of both of these functions (f =1 = g(h(+))), since feedback is
only performed over the joint values.

In our uncaibrated visual servoing, the visua-motor mode is unknown and at any
time k we estimate afirst order model of it, f(x) = f(xx)+J(xk)(x —xx). Themodel
isvaid around the current system configuration x;,, and described by the “image’[2] or
visual-motor Jacobian defined as

(734) ) = 200 @

The image Jacaobian not only relates visua changes to motor changes, as is exploited
in visua feedback control but aso highly constrains the possible visual changes to the
n—D subspace yx+1 = JAX 4+ yi Of yr+1 C R™ (remember m > n). Thus the
Jacobian J is also a visual model, parameterized in exactly the degrees of freedom
our system can changein. A collection of such Jacobians represents a piecewise linear
visual-motor model of the part of the workspace the agent has explored so far. In our
case f islinearized on an adaptive size mesh, as explained in section 4.

3 Visual-Motor Modd Estimation

In previous visual servoing work a Jacobian has been either (1) derived anaytically,
(2) derived partidly anaytically and partially estimated (eg. [4, 21]), or (3) determined
experimentally by physically executing a set of orthogonal calibration movements e;
(eg. [1, 9]) and approximating the Jacobian with finite differences:

J(x,d) = (f(x + die1) — f(x),..., f(x +dne,) — f(x))D7* @)
where D = diag(d),d € R".

Weinstead seek an onlinemethod, whi ch estimates the Jacobian by just observing the
process, without a-priori models or introducing any extra “calibration” movements. In
observing the object movementswe obtainthechangesinvisua appearance Ay neasured
correspondingto aparticular controller command Ax. Thisisa secant approximation of
thederivativeof f alongthedirection Ax. Wewant to update the Jacobian in such away

as to satisfy the most recent observation (secant condition): Ay measured = Jr+14%
The above condition is under determined, and a family of Broyden updating formulas
can be defined [5, 13]. In previous work we have had best results with this asymmetric
correction formula[15, 16, 13]:

(Aymeasured - JkAX)AXT 3

AxT Ax 3
This is a rank 1 updating formula in the Broyden hierarchy, and it converges to the
Jacobian after n orthogona moves { Axg, k = 1...n}. It trivialy satisfies the secant
condition, but to see how it works let's consider a change of basis transformation P
to a coordinate system O’ aligned with the last movement so Ax’ = (Az4,0,...,0).
In this basis the correction term in eg. 3 is zero except for the first column. Thus our
updating schema does the minimum change necessary to fulfill the secant condition
(minimum change criterion). Let Ax; ... Ax, ben orthogona moves, and P; ... P,
the transformation matrices as above. Then P, ... P, are just circular permutations of
Py, and the updating schema is identica to the finite differences in eg. 2, in the O}
frame.

Note that the estimation in eq. 3 accepts movements along arbitrary directions Ax
and thusneedsno additional dataother thanwhat isavail able asapart of the manipulation
task wewant to solve. In themore generd case of aset of non-orthogonal moves { Ax }
the Jacobian gets updated a ong the dimensions spanned by { Axy }.

jk+l = jk +
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4 Trust Region Control

While previous work in visual servoing have mostly used simple proportiona control,
typicaly with dight modifications to account for some dynamics, we have found that
for hand manipul ation a more sophisticated approach is needed. We use two ideas from
optimization: (1) A trust region method [3] estimates the current model validity online,
and controller response is restricted to be inside this “region of trust”. (2) A homotopy
or path following method [8] is used to divide a potentially non-convex problem into
several smaller convex problems by creating subgoals aong trajectories planned in
visua space. For details see [16], in which we describe a method for high level visual
space task specification, planning, and trajectory generation. For details on the low
level control properties see [13]. In addition to alowing convergent control, these two
methods serve to synchronize the model acquisition with the control, and cause the
mode! to be estimated on an adaptive size mesh; dense when the visual-motor mapping
isdifficult, sparse when it is near linear.

Thetrust region method adjusts a parameter « so that the controller never moves out
of thevalidity region of the current Jacobian estimate. To do that we solve aconstrained
problem for |05 || < « instead of taking the whole Newton step Ax of a proportiona
controller.

min |lyx —y" + Jidx|)? 4
10k || <ok

Define amodel agreement asdy, = ”Ayllféll and adjust « according to (d;ower

measured||
and dypper are predefined bounds):

%ak if dy < diower
Q41 = A if diower < dg < dupper (5)
max(2||9]], ) if dg > dupper

5 Non-Model-Based Dextrous Manipulation

We propose a non-model -based approach to manipulation for the Utah/MIT hand, a 16
DOF four-fingered dextrous manipulator [12]. The method does not require any prior
information about the object; al the required information can be read directly from
the hand’s sensors. The method alows arbitrary (within the robot’s physica limits)
trand ationsand rotations of the object being grasped. Werely on the compliance of the
Utah/MIT hand to maintain astable grasp during manipul ation, instead of attemptingto
compute analytically the required forces.

We assume that prior to manipulation the object has been stably grasped. The basic
idea of our technique is that the commanded fingertip positions (setpoints) define a
rigid object in three-dimensional space, the grasp tetrahedron. The contact pointsof the
fingers on the object define another object that we refer to as the contact tetrahedron.
Because of the compliant control system, we can model the statics of the situation by
regarding each vertex of the contact tetrahedron as being attached to the corresponding
vertex of the grasp tetrahedron by a virtua spring. In the case of an object free to
move, net wrench is constrained to be zero. Moreover, for a well conditioned grasp,
the wrench zero coincides with a deep local minimum of the spring energy function
on amanifold defined by the rigid displacements of the grasp tetrahedron with respect
to the contact tetrahedron. This means that if we treat the fingertip contacts as fixed
points on the object, then the object can be rotated and trandated by executing the
desired rigid transformation on the grasp tetrahedron. Although, due to non-zero finger
size and other effects, the assumption of fixed contact pointsis not strictly correct, our
experimental results show that the compliance of the Utah/MIT hand compensates for
the errorsintroduced by the use of this assumption.
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Let ¢ = [eq,cy, c.]T be the coordinates of the centroid of the grasp tetrahe-
dron. We define an object-centered frame of reference C, with its axes paralld to
the fixed hand-centered reference frame and with origin a c. Let qq, . .., q3 be the
coordinates of the vertices of the grasp tetrahedron; given the manipulation command
x = {(z,y,2,a,0,7), where z, y and z represent displacements of the object with
respect toitsinitial position and «, 3, v are interpreted as sequential rotations about the

z, y and z axes of C, theresulting setpointsq’, . . ., q'5 are given by:®
qhe cacf casfsy — sacy casfey 4+ sasy x4+ ¢y Giz — Cz
qu | sacf sasfsy + cacy sasfey —casy y+ ¢y Giy — Cy
qu o _Sﬁ 0637 CBCPY z+c; qiz — Cz
1 0 0 0 1 1

Addition of a Cartesian Controller At the lowest level, each joint in the Utah/MIT
hand is controlled using a standard PD controller. In principle, the errors in object
position and orientation can be reduced by increasing the gains in these controllers.
However, this would aso result in a decrease in compliance. As a way to reduce
position errors without sacrificing compliance, we implemented a higher-level PID
Cartesian controller to correct errors directly in the 6-dimensional position-orientation
space, using an estimate of theerrorsin (z, y, z, «, 4, ) asinput. For details see [6].

6 Experimental Results

The Utah/MIT hand is arelatively imprecise and difficult to control manipulator. Each
joint is actuated by a pair of pneumatically-driven antagonist tendons. This resultsin
a compliant response, but it also makes reliable and consistent positioning difficult
to achieve due to hysteresis and friction effects. Furthermore, especialy during long
mani pul ation sequences, dipping in the grasp pointsadd to these errors.

We tested repeatability under closed loop visua control and compared the resultsto
traditional joint control. Thetest object was apiece of standard 2 by 4 wood construction
stud, approximately 2 inches long. Positionswere measured through a0.001” accuracy
dia meter. Accurate visua measurements were provided by tracking specia surface
markings in thefirst experiments, see fig. 4. The markers could be placed arbitrarily on
the object, since the servoing agorithm is self calibrating. Placement near the corners
gives better conditioned visual measurements with respect to rotations. In the second
experiment, for improved visua accuracy, we track LED’s mounted on wood screws.
Two cameras were positioned approximately 90 degrees apart. 1 pixel corresponds
approximately to a 0.3mm object movement. Repeatability was measured by moving
the abject on arandom trajectory towards the dial meter until it wasin contact, reading
the dia value and visual or joint values, then retreating on a second random trajectory,
and then trying to reachieve the visud or joint goal. Infig. 4 let « bethe opticray, y the
image row and z the column. Around the z, y and =z axis respectively, a grasped object
can be trandated about 40mm, 60mm and 30mm, and rotate 70, 45 and 90 degrees
(see fig. 1). We tested but did not find any correlation between trgjectory length and
positioning error.

6.1 Repeatability in 3and 4 DOF

In table 1 we compare repeatability for four different positioning methods, based on
50 trials with each method. The 3 DOF visua feedback controls only trandations of

® we use cf and s# as shorthand for cos(8) and sin(8), respectively.
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Fig. 4. Setup for hand fine manipulation repeatability experiments

the object. The 4 DOF visua feedback controlsthe trandationsand rotation around the
optical axisof fig4. Visua feedback in both cases consist of m = 16 featurevaluesfrom
8 markers, and 2 cameras. The two joint feedback methods differ in that one only uses
joint feedback, while in the Cartesian one, the error vector is projected onto the 6DOF
space defined by the grasp tetrahedron. As seen in table 1 visual servoing performs
on the average a little better than joint feedback methods. When studying maximum
errors visual servoing is significantly better. This is because the visual feedback can
compensate for dip in the grasp contact points.

Error |Visual feedback| Joint feedback
3 DOF| 4DOF | Joint |Cartesian
Mean|0.3mm| 0.4mm [0.9mm| 0.5mm
Max |1.0mm| 1.3mm |2.5mm| 2.9mm

Controlled DOF's
3 DOF|4 DOF|5 DOF|6 DOF
k| 16 2.6 11 30

Table 1. L eft: Measured repeatability of the Utah/MIT hand fine manipulating arigid
object under visual and joint feedback control. Right: Condition numbers « of different
degree of freedom (DOF) Jacobians.

Visual feedback gets more difficult in high DOF systems. One reason is that the
number of parameters estimated in the Jacobian increases. Another is that high DOF
tasks are often more ill conditioned. Particularly, there is a difference between pure
trandations (3 DOF) and combinations of trandations and rotations (4-6 DOF). The
condition numbers of the 3 to 6 DOF estimated Jacobian are shown in table 1. We
tried 5 and 6 DOF visual servoing using the setup described above, but could not get
reliable performance. For 5 DOF 37 % of the trids failed (diverged), and for 6 DOF
nearly al failed. Thisis not surprising given the mechanica difficultiesin controlling
the hand. When trying to make the small movements needed for convergence the actual
response of the manipulator has significant random component. The signal to error ratio
in visua control space is then further decreased by the bad condition number of the
transformation between motor and visua space. The high condition numbers in the
5 and 6 DOF cases stem from two distinct problems. With the two camera setup we
use, the rotation around the z-axis is (visualy) ill conditioned (differentially similar
to the trandation along the optic axis.) This problem occurs with a two camera setup,
when the points tracked in each camera are planar. The other problem is that two of
the manipulations are differentially very similar in Cartesian motor space. By taking
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out the two problematic DOF's we get the low condition numbers of the 3 and 4 DOF
manipul ations.

6.2 6 DOF visual feedback control of the Utah/MIT hand

In order to evaluate visua servoing in the full 6 DOF pose space we improved the
visual measurements by tracking LED’s mounted on adjustable screws attached to the
test objects. The LED’s facililiate more precise tracking than the surface markings,
and using the screws we adjusted them into a non-coplanar configuration, avoiding the
singularity we got from tracking the planar surfaces of the object. With this setup we
were ableto do both 5 and 6 DOF visua servoing, achieving accurate end positionsin
over 90% of thetrials, and only diverging completely in two out of 67 trials.

We performed the same positioning experiment as described in section 6.1, but here
inthefull 6 DOF of therigid object. Positioning errorswere measured al ong the 3 major
axes. For the Y and Z axes the measuring axis coincides with the center of rotation, so
the errors measured are purely trandational. For the X axis, the fingers are in the way,
and we used ameasuring point bel ow thefingers, and thus measure the sum of rotational
and trandationa error components.

The results are shown in table 2. The positioning error along the X-axis is much
worse than the two others. We propose two reasons for this: (1) The difference in the
measuring location discussed above and (2) along the Y and Z axes the trandation is
effected by all fingers moving in parallel, which tend to average random disturbances
in an individua finger, while along the X axis only the thumb opposes the force of the
three other fingers, so positioning is no more precise than for one finger.

Visual feedback improvesthepositioninginall cases. Theimprovement issignificant
alongtheY and Z axes, but only marginal along the X axis. Thisresult is consistent with
our earlier observations that visua feedback improves an aready precise manipul ator
more than an imprecise one. We don’t have a good analysis of the exact reasons for
this. In part it can probably be attributed to the visual feedback needing a monotonic
response to very small movements, while in an imprecise manipulator the response is
random. For amore preci se mani pul ator the response may be monotonic, but non-linear,
which affects only open loop accuracy.

Visual feedback |Cartesian joint feedback
AXis: X Y Z X Y Z
Mean error:|1.0mm|0.2mm|{0.2mm|1.1mm|{0.7mm| 0.6mm
Max error: [2.4mm|0.5mm|0.5mm|2.9mm|4.9mm| 2.3mm

Table 2. Measured repeatability of the Utah/MIT hand fine manipulating arigid object
under 6 DOF visua and Cartesian joint feedback control.

Error distributions for the 6 DOF positioning experiment are shown in fig. 5. For
open loop joint feedback, the object positioningerrorsare of two distinct types. Thefirst
isdueto theinaccurate response of the fingers themselves, the second isdue to slippage
in the grasp points. The mode around 0.5 mm is due to manipulator inaccuracies. The
errors caused by dippage are represented in the mode around 2 mm.

In the visua servoing behavior we noted that trialsfell into three categories. About
half the trials converged very fast. Most of the rest converged, initially fast, but much
dlower towardsthe end. Last asmall percentage did not converge at al (2 out of 67 visua
feedback trials). We have not observed thisdifferencein convergence speed when using



In Proc of 4th European Conference on Computer Vision, 1996, p. 603-612

the same visual feedback controller on robot arms. We think a partial explanation may
be that mechanical phenomenain the hand and remotizer linkage cause some positions
to be harder to reach than others. We have also observed that when the visua servo
controller isturned off, the hand often does not remain in the same position, but drifts
significantly, despite the joint setpoints remaining the same.

Not all visua servoing trias converged satisfactory. Specifically aong the x axis
errorsweresometimesaslargeas 2mm (seetable?). Thecontroller convergencecriterion
ispartly causing this. When convergence is unsatisfactory over several sampleintervals,
the controller adjuststhe expected positioningaccuracy down, and also the derived gain.
Thisisto stop long oscillatory behaviors near the goal. In some cases the adjustment is
too large, impairing accuracy.

Joint feedback Visual feedback

50 50
40 40
F30 F30
520 520
10 10
oL 0 Lo -
0 2 4 6 0 2 4 6
Error (mm) Error (mm)

Fig.5. Distribution of trandational positioning errors for joint and visual feedback
positioning of the Utah/MIT hand.

7 Discussion

We have been doing visua servo control on robot arms in high DOF spaces for several
yearg[15, 16, 13]. Getting it to work well on a multi finger gripper like our Utah/MIT
dextrous hand was much harder than we had expected. For simple robot arm control
(eg. move dong alinein 3 DOF) we have found that amost any controller based on
the Newton method will work[15, 16]. There are aso many accounts of success in
practica application for low DOF manipulation in the literature [4, 21, 2, 11]. Robot
arm control is also fairly insensitive to somewhat ill conditioned visual measurements,
such as caused by bad camera placement, and the particular choice of visua featuresto
track.

To successfully apply visual servo control on the hand we found that we had to be
more careful in choosing the camera placement, and which features to track. Since it
isthe 6 DOF pose of the object we are controlling, rather than the individual fingers,
we have to find viewpoints where the object is relatively unobstructed by the fingers
so we can reliably see object features, and track them possibly through large rotations.
The relative inaccuracy of the hand responses to motion commands, together with
a, for 6 DOF manipulations, often somewhat ill-conditioned visua-motor Jacobian
demand some special measures in the controller. The restricted step in our trust region
controller proved to be crucial. Intuitively, both thetrust region controller and the visual
space trgjectory planning serve to synchronize model acquisition with the actions, so
that the actions never run too far ahead into a region where the model estimate is no
longer accurate. Without the step restriction, and when the system isin anear singular
state (which is not uncommon, see section 6.1), the controller may make a move of
uncontrolled length and speed. This often causes the grasp to shift unfavorably, the
object to be dropped, or the visua trackers to loose track. With the step restriction, the
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movement is still erroneous, but small. In most cases, this small movement is enough to

get out of the singularity, so that normal servoing can be resumed.

The estimation and control a gorithmswe devel oped have strong theoretical proper-
ties (see[13]). It isstill very important to experimentally evaluate how they performin
real environments, with real process disturbances/noise and manipulators with real me-
chanically caused errors and finite precision. Our results show that visual feedback con-
trol yieldssignificant repeatability improvement (5 times) in an imprecise PUMA robot
arm[15], while only a smaller improvement in the Utah/MIT hand. This is explained
by the different characteristics of the manipulators. The inaccuracies in positioning the
PUMA arm stem mainly from backlash, which the visua feedback can correct, and the
mode adaption is made robust to. In the hand a combination of sticktion and flexibility
makes it much harder to control accurately. When trying to make small movements, the
hand will initially not move at all, and the controller ramps up thesignal . When the hand
finally unsticksit overshoots the intended goal. This makes it very hard to control with

afeedback controller, and even harder to estimate the visual -motor Jacobian.
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