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Abstract

It has been amost two decades since the first globally tracking convergent adaptive controllers
were derived for robot with dynamic uncertainties. However, the problem of concurrent adaptation to
both kinematic and dynamic uncertainties has never been systematically solved. This is the subject of
this paper. We derive a new adaptive Jacobian controller for tragjectory tracking of robot with uncertain
kinematics and dynamics. It is shown that the robot end effector is able to converge to a desired
trgjectory with the uncertain kinematics and dynamics parameters being updated online by parameter
update laws. The agorithm requires only to measure the end-effector position, besides the robot’s joint
angles and joint velocities. The proposed controller can also be extended to adaptive visual tracking
control with uncertain camera parameters, taking into consideration the uncertainties of the nonlinear
robot kinematics and dynamics. Experimental results are presented to illustrate the performance of the
proposed controllers. In the experiments, we demonstrate that the robot’s shadow can be used to control
the robot.

Keywords: Adaptive Control; Tracking control; Adaptive Jacobian control; Visua Servoing.

I. INTRODUCTION

Humans do not have an accurate knowledge of the real world but are still able to act
intelligently in it. For example, with the help of our eyes, we are able to pick up a large
number of new tools or objects with different and unknown kinematic and dynamic properties,
and manipulate them skillfully to accomplish a task. We can also grip atool at different grasping
points and orientations, and use it without any difficulty. Other examples include tennis and golf
playing, and walking on stilts. In all cases, people seem to extend their self-perception to include
the unknown tool as part of the body. In addition, humans can learn and adapt to the uncertainties
from previous experience [1], [2]. For example, after using the unknown tool for a few times,
we can manipulate it more skillfully. Recent research [3] aso suggests that body shadows may
form part of the approximate sensorimotor transformation. The way by which humans manipulate
an unknown object easily and skillfully shows that we do not need an accurate knowledge of
the kinematics and dynamics of the arms and object. The ability of sensing and responding
to changes without an accurate knowledge of sensorimotor transformation [4] gives us a high
degree of flexibility in dealing with unforseen changes in the real world.

The kinematics and dynamics of robot manipulators are highly nonlinear. While a precisely
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calibrated model-based robot controller may give good performance [5]-[7], the assumption
of having exact models also means that the robot is not able to adapt to any changes and
uncertainties in its models and environment. For example, when a robot picks up severa tools
of different dimensions, unknown orientations or gripping points, the overal kinematics and
dynamics of the robot changes and are therefore difficult to derive exactly. Hence, even if the
kinematics and dynamics parameters of the robot manipulator can be obtained with sufficiently
accuracy by calibrations and identification techniques [8], [9], it is not flexible to do calibration
or parameter identification for every object that a robot picks up, before manipulating it. It is
also not possible for the robot to grip the tool at the same grasping point and orientation even
if the same tool is used again. The behavior from human reaching movement show that we do
not first identify unknown mass properties, grasping points and orientations of objects, and only
then manipulate them. We can grasp and manipulate an object easily with unknown grasping
point and orientation. The development of robot controllers that can similarly cope in a fluid
fashion with uncertainties in both kinematics and dynamicsis therefore an important step towards
dexterous control of mechanical systems.

To deal with dynamic uncertainties, many robot adaptive controllers [11]-[31] have been
proposed. A key point in adaptive control is that the tracking error will converge regardiess
of whether the trgjectory is persistently exciting or not [11], [14]. That is, one does not need
parameter convergence for task convergence. In addition, the overall stability and convergence
of the combined on-line estimation/control (exploit/explore) process can also be systematically
guaranteed. However, in these adaptive controllers, the kinematics of the robot is assumed to be
known exactly.

Recently, several Approximate Jacobian setpoint controllers [32]-[35] have been proposed to
overcome the uncertainties in both kinematics and dynamics. The proposed controllers do not
require the exact knowledge of kinematics and Jacobian matrix. However, the resultsin [32]-[35]
are focusing on setpoint control or point-to-point control of robot. The research on robot control
with uncertain kinematics and dynamics is just at the beginning stage [36].

In this paper, we present an adaptive Jacobian controller for trajectory tracking control of robot
manipulators. The proposed controller does not require exact knowledge of either kinematics or
dynamics. The trajectory tracking control problem in the presence of kinematic and dynamic

uncertainties is formulated and solved based on a Lyapunov-like analysis. By using sensory
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feedback of the robot end effector position, it is shown that the end effector is able to follow a
desired trgjectory with uncertainties in kinematics and dynamics. Novel adaptive laws, extending
the capability of the standard adaptive algorithm [14] to dea with kinematics uncertainty,
are proposed. A novel dynamics regressor using the estimated kinematics parameters is also
proposed. The main new point is the adaptation to kinematic uncertainty in addition to dynamics
uncertainty, which is something "human-like” asin tool manipulation. This gives the robot a high
degree of flexibility in dealing with unforseen changes and uncertainties in its kinematics and
dynamics. The proposed controller can also be extended to adaptive visual tracking control with
uncertain camera parameters, taking the nonlinearity and uncertainties of the robot kinematics
and dynamics into consideration. A fundamenta benefit of vision based control is to deal with
uncertainties in models and much progress has been obtained in the literature of visual servoing
(see [39]-[52] and references therein). Though image-based visual servoing techniques are known
to be robust to modeling and calibration errors in practice, but as pointed out in [51], only
a few theoretical results been obtained for the stability analysis in presence of the uncertain
camera parameters [49]-[52]. In addition, these results are focusing on uncertainty in interaction
matrix or image Jacobian matrix, and the effects of uncertain robot kinematics and dynamics
are not considered. Hence, no theoretical result has been obtained for the stability analysis of
visual tracking control with uncertainties in camera parameters, taking into consideration the
uncertainties of the nonlinear robot kinematics and dynamics.

Section Il formulates the robot dynamic equations and kinematics; Section Il presents the
adaptive Jacobian tracking controllers; Section 1V presents some experimental results and shows
that the robot’s shadow can be used to control the robot; Section V offers brief concluding

remarks.

[I. RoBOT DYNAMICS AND KINEMATICS

The equations of motion of robot with n degrees of freedom can be expressed in joint

coordinates ¢ = [q1,- - -, qn)T € R™ as[11], [30]:
N N
M(q)g + (5M(q) +5(a,4))q +g(g) = 7 (1)
where M (q) € R™*™ is the inertia matrix, 7 € R™ is the applied joint torque to the robot,
1

S(a,d)i = éM(q)q—%{%qTM(q)q'}T

December 29, 2005 DRAFT



and ¢g(q) € R" is the gravitational force. Several important properties of the dynamic equation
described by equation (1) are given as follows [11], [14], [30], [37]:

Property 1  The inertia matrix M (q) is symmetric and uniformly positive definite for al
q € R".

Property 2 The matrix S(q, ¢) is skew-symmetric so that v7'S(q,¢)v = 0, for all v € R".
Property 3 The dynamic model as described by equation (1) is linear in a set of physical

parameters 0y = (041, -, 0Oq4p)" @

M(q)i+ (3N1(a) + S0, )+ 9(a) = Yala: 4. 0)0

where Y,(-) € R™"*? is called the dynamic regressor matrix. &

In most applications of robot manipulators, a desired path for the end-effector is specified in
task space, such as visual space or Cartesian space. Let © € R™ be a task space vector defined
by [11], [32],

z = h(q)

where h(-) € R* — R™ is generally a non-linear transformation describing the relation between

joint space and task space. The task-space velocity 1 is related to joint-space velocity ¢ as:
&= J(q)g 2

where J(q) € R™™ is the Jacobian matrix from joint space to task space.

If cameras are used to monitor the position of the end-effector, the task space is defined as
image space in pixels. Let r represents the position of the end-effector in Cartesian coordinates
and z represents the vector of image feature parameters [39]. The image velocity vector & is
related to the joint velocity vector ¢ as [39]-[42],

&= Jr(r)Je(q)q )

where J;(r) is the interaction matrix [41] or image Jacobian matrix [39], and J.(q) is the
manipulator Jacobian matrix of the mapping from joint space to Cartesian space. In the presence

of uncertainties, the exact Jacobian matrix cannot be obtained. If a position sensor is used to
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monitor the position of the end-effector, the task space is defined as Cartesian space and hence

J(q) = Je(q).
A property of the kinematic equation described by equation (2) is stated as follows [56]:

Property 4 The right hand side of equation (2) is linear in a set of constant kinematic
parameters 0, = (61, -+, Ok,)”, such as link lengths, link twist angles. Hence, equation (2)

can be expressed as,

= J(q)q = Yi(q, q)0k (4)
where Y (q, ¢) € R™*? is caled the kinematic regressor matrix. O

For illustration purpose, an example of a 2-link planar robot with a fixed camera configuration

is given. The interaction matrix or image Jacobian matrix for the 2-link robot is given by

A A 0], )

=flo g

where (3, 35 denote the scaling factors in pixels/m, z is the perpendicular distance between the

robot and the camera, f is the focal length of the camera. The Jacobian matrix J,,,(¢) from joint

space to Cartesian space for the 2-link robot is given by:

Jm(q) _ { —lis1 — las12 —l2512 ] ’ (6)

lici + lacin lycio
where [,, [, are the link lengths, ¢; and ¢, are the joint angles, ¢; = cosq;, s1 = singq,
c12 = cos(q1 + q2), S12 = sin(q1 + ¢2). The constants [y, ls, 51, (2, z, and f are al unknown.
The image space velocity & can be derived as:

i = JIJm(Q)q _ f { B 0 ] { —l151 — l3812 —l2812 ] { 6?1 ]

z— f 0 S lic1 4 laci lycra a2

B [ —vil1s1¢n — vilasia(G1 + Go) %

volic1Gy + valacia(gr + Go)

where v = %, Vo = fﬂ2.
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Hence & = J;J,,(¢)¢ can be written into the product of a known regressor matrix Y% (q, ¢)

and an unknown constant vector 6, where

v1ly
. =511 —s12(¢g1 +¢2) O 0 V1l :
i = . o = Yi(a, )0k (8)
0 0 cigi ci2(dr + ¢o) valy
Valy

Similar to most robot adaptive controllers, we consider the case where the unknown parameters
are linearly parameterizable as in property 3 and property 4. If linear parameterization cannot be
obtained due to presence of time varying parameters or unknown robot structure, adaptive control
using basis functions [54], [55] is normally used. The basic idea is to approximate the models
with unknown structure or time varying parameters, by a neura network where the unknown
weights are adjusted online by the updated law (see [54], [55] for details).

[1l. ADAPTIVE JACOBIAN TRACKING CONTROL

We now present our adaptive Jacobian tracking controller for robots with uncertain kinematics
and dynamics. Tracking convergence is guaranteed by the combination of an adaptive control
law of straightforward structure, an adaptation law for the dynamic parameters, and an adaptation
law for the kinematic parameters. The main idea of the derivation is to introduce an adaptive
dliding vector based on estimated task-space velocity, so that kinematic and dynamic adaptation
can be performed concurrently.

In the presence of kinematic uncertainty, the parameters of the Jacobian matrix is uncertain

and hence equation (4) can be expressed as

&= J(q,06)d = Yi(q, )0k 9

where & € R™ denotes an estimated task-space velocity, .J(q, ;) € R™" is an approximate
Jacobian matrix and ), € R? denotes a set of estimated kinematic parameters.
To illustrate the idea of adaptive Jacobian control, let us first consider the simpler setpoint

control problem, and the controller

T = _jT(q’ ék)Kpr — Kyq+ g(Q)
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where Az = v — 24 , x4 € R" is a desired position in task space, K, and K, are symmetric
positive definite gain matrices, and g(q) is known. The estimated kinematic parameter vector 0y,

of the approximate Jacobian matrix is updated by
0, = LYl (q,§) K,Ax

where L, is a symmetric positive definite gain matrix. Let us define a Lyapunov-like function

candidate as
V =1¢"M(q)q + sA0T L AO + 1 AT K, Az
where AG;, = 6, — 0. Us ng the above controller and equation (1), the time derivative of V' is
V= —"Kyq+q"(J"(q) = J" (0, 0) KpAz = ALY, (0, ) KpAz = —4" K, < 0

Since V = 0 implies that ¢ = 0, points on the largest invariant set satisfy jT(q, ék)Kpr = 0.
Hence, both ¢ and jT(q, ék)Kpr = 0 tend to zero. In turn this implies that Ax converges to
zero as long as J7 (¢, 6,) is of full rank.

The above controller is only effective for point to point control. In the following devel opment,
we present an adaptive Jacobian tracking controller with uncertain kinematics and dynamics.
To avoid the need for measuring task-space velocity in adaptive Jacobian tracking control, we

introduce a known signal y based on filtered differentiation of the measured position z,
Y+ Ay =Xt (10)

The signa y can be computed by measuring x aone. With p the Laplace variable, y can be
written from equations (4) and (10) as

Ap
p+A

where

A .
Wi(t) = Y Yi(q, q)

with y(0) = 0 and W},(0) = 0 since the robot usually starts from a rest position. Other linear
filters may also be used based on noise or vibration models.
Let z4(t) € R™ be the desired trajectory in task space. The agorithm we shall now derive is

composed of (i) a control law
T = _jT(Qa ék)([(vAf;j + Kpr) + }_/;l(qa Q7 QW &ra ék>éd (12)
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where Az =z —xq , A& =& —dq, Yalq,q,dr,d,,0%) is a dynamic regressor matrix as detailed
later and ¢, and &T are defined based on the adaptive dliding vector as detailed later, (ii) a
dynamic adaptation law

~

ed - _Ld}_/d(qa q.7 q.7‘7 Ejru ék)s (13)
and (iii) a kinematic adaptation law.
O = —LiWE () Ky (Wi(t)0, — y) + LY (q,§) (K, + oK, ) Az (14)

All gain matrices are symmetric positive definite. Thus, while the expression of the controller
and dynamic adaptation laws are straightforward extensions of standard results, the key novelties
are that the algorithm is now augmented by a composite kinematic adaptation law (14), and that
a specific choice of ¢, is exploited throughout. In the proposed controller, = is measured from
a position sensor. Many commercia sensors are available for measurement of x, such as vision
systems, electromagnetic measurement systems, position sensitive detectors, or laser trackers.
Let us now detail the proof. First, define a vector &, € R" as

T, = Tq — aAx (15)
Differentiating equation (15) with respect to time, we have

T = 3g — oAl (16)

where i, € R™ is the desired acceleration in task space.

Next, define an adaptive task-space dsliding vector using equation (9) as,

Sg = % — T, = j(qa ék)q — Ty (17)

where J(¢,0.)¢ = Yi(q, ¢)0, as indicated in equation (9). The above vector is adaptive in the
sense that the parameters of the approximate Jacobian matrix is updated by the kinematic update
law (14). Differentiating equation (17) with respect to time, we have,

where i denotes the derivative of 7. Next, let

G = J g, 0), (19)
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10

where J~(q, 6,) isthe inverse of the approximate Jacobian matrix .J(¢, 6),). Since J (¢, 0),) isa
function of the estimated kinematic parameters 0,,, astandard parameter projection algorithm [58]
can be adopted to keep the estimated kinematic parameters ), remain in an appropriate region.
We also assume that the robot is operating in a finite task space such that the approximate

Jacobian matrix is of full rank. From equation (19), we have
1

dr = jil(Q7 ék)xr + ji (qa ék)'l'r (20)

.A,1 R R R . N .
where J  (q,0) = —J *(q,0%)J(q,0x)J (g, O). To eliminate the need of task-space velocity
in g., we define

. RIS .
G, = JNq, 008+ (q,0k)r (21)

where

~

Iy = &g — AL (22)

From equations (22) and (16), we have

A~

iy =g — ali+ (i — ) = & + a(i — &) (23)

Substituting equation (23) into equation (21) and using equation (20) yields

A~

Gr = Gr + ad g, 00) (& — 2) = §r — ag+ aJ (g, 0) T (9)g (24)
Next, we define an adaptive sliding vector in joint space as,
s = 4—d =J g, 00)((@ — a) + alz — 24))
= J Yq, 0,5, (25)
and
$ = ¢—4qr (26)
Substituting ¢, from equation (24) into equation (26) yields
5 = G (G +ad) +al " (g,00) () (27)

Substituting equations (25) and (27) into equation (1), the equations of motion can be expressed

as,

M(q)s + (AM(q) + S(g,d))s + M(q)g, + (3M(q) + S(q,9))d- + 9(q)

+aM(q)q — aM(q)J (q,00) T (q)g = T (28)
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11

The last six terms of equation (28) are linear in a set of dynamics parameters 6, and hence

can be expressed as,
M(q)d, + (3M(q) + S(a,9))dr + 9(q) + aM(q)g — aM(q)J (g, 04) T (g)q
= Yu(q, 4, dr+ Gy 01)04 (29)
so dynamics (28) can be written
M(q)$ + (3M(q) + S(4,))s + Ya(q d, Gr G Oc)0s = 7 (30)

Consider now the adaptive control law (12), where K, € R"*" and K, € R"*" are symmetric
positive definite matrices. The first term is an approximate Jacobian transpose feedback law of the
task-space velocity and position errors, and the last term is an estimated dynamic compensation
term based on equation (29). Update the estimated dynamic parameters 6, using (13), and the
estimated kinematic parameters using (14), where L, and L, are symmetric positive definite

matrices. The closed-loop dynamics is obtained by substituting (12) into (30),

M(q)s + (AM(q) + S(a.4))s + Ya(q: 4 v+ 4, Or) Ay

+J7(q,60,) (K, A& + K,Az) = 0 (31)

where Af, = 0, —éd. The estimated kinematic parameters ék of the approximate Jacobian matrix
J(q,0) is updated by the parameter update equation (14). Note that some kinematic parameters
appear in the dynamics and are updated separately as the lumped dynamic parameters 6, us ng
(13).

The linear parameterization of the kinematic parameters is obtained from equation (4). The
estimated parameters 6, is then used in the inverse approximate Jacobian matrix J~*(q, 6,) and
hence ¢, and ¢, in the dynamic regressor matrix. Note that 6, (like ¢ and ¢) is just part of the
states of the adaptive control system and hence can be used in the control variables even if it
is nonlinear in the variables (provided that a linear parameterization can be found else where in
the system model i.e. equation (4)). Since J(g¢,0),) and its inverse J (¢, 0;,), are updated by ¢
and 6, J(q,0,) and j_l(q,ék) — (g, 0,)J(q,0:)J (¢, 6, are functions of ¢, ¢, Af, and
Az because 6, is described by equation (14).

Let us define a Lyapunov-like function candidate as

V =1s"M(q)s + sA0T L Ay + SAOT L AGy, + A2 (K, + oK) Az (32

2
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12

where A6, = 6, — 0. Differentiating with respect to time and using Property 1, we have
V = sTM(q)$ + 557 M(q)s — AT LT 0, — AOT L0y, + AaT (K, + ak,)Ai (33)
Substituting M(q)s from equation (31), Gk from equation (14) and éd from equation (13) into
the above equation, using Property 2, equation (25) and equation (11), we have,
V = —§TK,Ai— 5T K,Ax + AdT (K, 4+ aK,) A
— AW () K, Wi () Ay — A6, (q,4) (K, + aK,) Az (34)
From equations (17), (4) and (15), we have
5, = A&+ aAx = A + oAz — Yi(q, §) A (35)
where
Yila, )00 = J ()i — J(q,6:)i = & — & (36)
Substituting Az = Ag — Yi(q,¢)Ab, and 5, = Az + aAx —Yi(q, ¢)Ab,, into equation (34), we
have
V = —AiTK,Ad+ 208K, Yi(q, ) A0 — AOTYE (q,¢) K, Yi(g, 4) A6,
—aAz" K,Az — AOF W (8) K, Wi (t) A6,
Since Az = Ad — Yi(q, ¢) Aby, the above equation can be simplified to
V = —Ai K,A% — aAd" K Az — ATWE (8 K, Wi(£) Ay (37)

We are now in a position to state the following Theorem:

Theorem  For afinite task space such that the approximate Jacobian matrix is non-singular,
the adaptive Jacobian control law (12) and the parameter update laws (14) and (13) for the robot
system (1) result in the convergence of position and velocity tracking errors. That is, t —xy; — 0
and & — @4 — 0, ast — oo. In addition, Wy (t)Af, — 0 ast — oc.

Proof:  Since M(q) is uniformly positive definite, V' in eguation (32) is positive definite in
s, Az, A6, and Ad,. Since V < 0, V is aso bounded, and therefore s, Az, Af), and Ab,
are bounded vectors. This implies that 6, 6, are bounded, z is bounded if z, is bounded, and

8, = J (q, ék)s is bounded as seen from equation (25). Using equation (35), we can conclude
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13

that Az is also bounded. Since Az is bounded, i, in equation (15) is also bounded if i, is
bounded. Therefore, ¢, in equation (19) is also bounded if the inverse approximate Jacobian
matrix is bounded. From equations (25), ¢ is bounded and the boundedness of ¢ means that i is
bounded since the Jacobian matrix is bounded. Hence, Az is bounded and z, in equation (16) is
aso bounded if i, is bounded. In addition, Z, in equation (22) is bounded since Az is bounded.
From equation (14), Hk is bounded since Az, Afy, ¢ are bounded and Yj(-) is a trigonometric
function of ¢. Therefore, Ejr in equation (21) is bounded. From the closed-loop equation (31),
we can conclude that s is bounded. The boundedness of s imply the boundedness of ¢ as seen
from equation (27). From equation (18), s, is therefore bounded. Differentiating equation (35)

with respect to time and re-arranging yields,
AZ + aAi = §x

which means that A% = 7 — i, is also bounded.
To apply Barbalat’s lemma, let us check the uniform continuity of V. Differentiating equation
(37) with respect to time gives,

V:—mﬁf&Ai—mﬂﬂ%yMFQAﬁwﬂwmum@A@—wmo@)

where W (t) and W (t) are bounded since ¢, ¢ are bounded. This shows that V' is bounded since
Az, Ak, Ak, Ak, Ay, 0, are all bounded. Hence, 1 is uniformly continuous. Using Barbalat's
lemma, we have Az = 2 — 24 — 0, Az = & — iq — 0 and Wy(q)Ad, — 0 as t — oco. Finaly,
differentiating equation (35) with respect to time and re-arranging yields,

~

which means that Az = & — %, is also bounded. Since Az and A# are bounded, we have
Az — 0 ast — oo. ANAN

Remark 1. If some of the kinematic parameters are known, they are not adapted upon but
al the proofs still apply. For example, if the link parameters of the manipulator are known with
sufficient accuracy, we can focus on the object parameters to save computation (unlike object

parameters, link parameters are usually fixed). In this case, note that equation (4) is replaced by

i = J(q)q = Yi(q, )0 +v(q,q)

December 29, 2005 DRAFT



14

where v(q,q) € R™ is a known vector containing the known kinematic parameters. In some
cases, we can simply put the known parameters into the known kinematic regressor Yi(q, q).

Similarly, equation (9) can be expressed as
& = J(q,01)d = Yi(g, 0)0x +v(q,d)
and hence
S0 = Yila: )0k +0(q.q) — & = Ad + ala = Yi(g, 4 Aby.
In the case of the filtered differentiation of the measured position z, one can define

¥+ Ay = Az —v(g,9))

and hence
y = Wi(t)0

where W, (t) = Iﬁ Yi(q, §).
For example, consider a 2-link robot holding an object with uncertain length [, and grasping

angle q,, the velocity of the tool tip is given in Cartesian coordinates as [57]:

—l151 — 12512 — 15co812 — 1pSoC12 —l2512 — 15CoS12 — 15S0C12 -I [ a1 -I

:L' =
lici + lacra + locoC1a — 1550512 lacia + locoCia — 1550512 G2 J

—(G1 + ¢2)s12 —(q1 + G2)c12 -I [ loCo -I n [ —l151G1 — la512(G1 + G2) -I
I (1 + ¢2)crs —(G1 + 42)S12 loSo licigy + lacia(qr + 4o2)

where ¢, = cos(qo), S, = sin(q,).

Remark 2. A standard projection algorithm [58], [35] can be used to ensure that the estimated
kinematic parameters 6), remain in an appropriate region so that the control signal ¢, in equation
(19) is defined for all 0y, during adaptation. In additions, singularities often depend only on ¢, not
6).. We assume that the robot is operating in a region such that the approximate Jacobian matrix
is of full rank. Note from the adaptive Jacobian control law (12) and the dynamic parameter
update law (14) that j—l(q, ék) is used only in the definition of control variable ¢, in equation
(19). Therefore, we should be able to control this by bounding the variable or using a singul arity-
robust inverse of the approximate Jacobian matrix [38].
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Remark 3. In the proposed controller, W, (t)A#, converges to zero. This implies parameter
convergence in the case that the associated ” persistent excitation” (PE.) conditions are satisfied.
Remark 4. In the redundant case, the null space of the approximate Jacobian matrix can be
used to minimize a performance index [38], [24]. Following [24], equation (19) can be written
as,

QT = jJr(Qa ék)xr + ([n - jJr(Qa ék)j(qa ék))w

where J*(q,05,) = J7(q,0:)(J(q,0,)J (¢, 0;)) " is the generalized inverse of the approximate
Jacobian matrix, and ¢» € R™ is minus the gradient of the convex function to be optimized. The
above formulation is especially useful in application when x represents the position in the image
space. This is because the image features is, in general, lesser than the number of degree of
freedoms of robot. Hence, using the generalized inverse Jacobian matrix allows our results to
be immediately applied to robots beyond two degrees of freedom.

Remark 5. From equation (35), the adaptive dliding vector can be expressed as.

b, = AF + oAz + Yi(q, )0 — Ya(q, )0 (39)

Hence, the sign of the parameter update laws in equations (14) and (13) are different because
the last term in equation (12) is positive while the last term in equation (39) is negative.
Remark 6. Asin[24], a computationally ssmpler implementation can be obtained by replacing
definitions (19) and (20) by filtered signals as,

~

dr + )\QT‘ = j_l(q, ék)(xr + )\xr - J(qa ék)qr)

with A > 0. This implies that,

d 7 ) 2 7 A . . .
%(J(q’ gk)Qr) + )\J(q, Qk)qr = 7, + \i,

so that J(q, 0;)¢, and its derivative tend to i, and its derivative. In this case, §, may be used
directly in the dynamic regressor.
Remark 7. The kinematic update law (14) can be modified as,

O = ax— PWI)K,(Wi(t)0 —y) + P Y (q,4)(K, + aK,) Az,
ar = —LiWEO)K,(Wi(t)0r —y) + LY (¢, §) (K, + oK,) Az

where P is a symmetric positive definite matrix. The adding of the ”proportional adaptation
term” to the usual integral adaptation term typically makes the transients faster. In this case, the
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potential energy %AG,{L;IA@ in the Lyapunov-like function candidate (32) should be replaced
by an energy term (6, — a)"L;' (0x — ax). That is,

V =1"M(q)s + SA0T L A0y + 3(0k — an)T Ly (6 — @) + 2 AT (K, 4+ aK,)Ax

This add to V' minus the square P-norm of W/ (¢)K,(W,(t)0, —y) + Le Y (q, §) (K, +aK,) Az.
A similar argument can be applied to the dynamic parameters update law described by equation
(13).

Remark 8. In general, the interaction or image Jacobian matrix in equation (3) can be linearly
parameterized, except for depth information parameters in 3D visual servoing or position in-
formation parameters in fish-eye lenses. In practice, adaptive control is still effective in cases
where the depth information is sowly time-varying. It is assumed that the desired endpoint
position is defined in visual space when adapting to the interaction or image Jacobian matrix. If
linear parameterization cannot be obtained, basis functions [54], [55] can be used to adaptively
approximate the estimated image velocity. One interesting point to note is that image velocity
or optical flow is not required in the visua tracking control agorithm.

Remark 9. In the approximate Jacobian setpoint controllers proposed in [32]-[34], it is shown
that adaptation to kinematic parameters is not required for point-to-point control. Hence, the
proposed controllers in [32]-[34] can deal with time varying uncertainties as far as setpoint
control is concerned. In most visual servoing techniques, adaptation to camera parameters is
also not required but the effects of the uncertainties of nonlinear robot kinematics and dynamics
are not taken into consideration in the stability analysis. Hence it is not sure whether the stability

can still be guaranteed in the presence of these uncertainties.

¢

If aDC motor driven by an amplifier is used as actuator at each joint of the robot, the dynamics
of the robot can be expressed as [11], [30]:

M(q)i+ (531(q) + S(a,0))d + gla) = Ku, (40)

where © € R"™ is either a voltage or current inputs to the amplifiers and K € R™" is a
diagonal transmission matrix that relates the actuator input « to the control torque 7. In actual

implementations of the robot controllers, it is necessary to identify the exact parameters of matrix
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K in equation (40). However, no model can be obtained exactly. In addition, K is temperature
sensitive and hence may change as temperature varies due to overheating of motor or changes in
ambient temperature. In the presence of uncertainty in i, position error may result and stability
may not be guaranteed.

We propose an adaptive controller based on the approximate Jacobian matrix and an approx-

imate transmission matrix K as,

U = Kﬁl(_jT(% ék)(KvAZ% + Kpr) + de(Qa Q7 QTy &.ra ék)éd + }/CI(TO)GACI) (41)

~

0, = —L.Y,(7)s, (42)

where the kinematic parameter are updated by (14), the dynamic parameter are updated by (13),
L, € R™™ is a poditive definite diagonal matrix, 6, € R" is an estimated parameter updated
by the parameter update law (42), Y, (7,) = diag{—To1, —To2, - - ., —Ton} and 7,; denotes the i*"
element of the vector 7, which is defined as

To = jT(q: ék)(KvA-% + KpAm) - Yd(Qa (L q.rv &rv ékz)éd (43)

In the above controller, a constant A~ is used to transform the control torque to an approx-
imate actuator input and an additional adaptive input Ya(ro)éa is added to compensate for the
uncertainty introduced by the estimated transmission matrix K.

Applying a smilar argument as in the previous section on equation (40), and using equation
(41), we have

M(q)5+ (XM (q) + S(q,4))s + Ya(q, 4 drs 4, O) Ay
+J7(q, 00) (K, Az + K,Az) + (KK = 1)1, — KK~'Y,(7,)0, = 0, (44)

where 7, is defined in equation (43). Since K, K and Y,(r,) are diagonal matrices, the last two
terms of equation (44) can be expressed as
(KK™' — D)1, — KK™YY,(7,)0, = Ya(7,) AG, (45)

where 0,, = 1 — ’Z— and k;, k; are the it diagonal elements of K, K respectively, Af, =

0, — KK, and hence A0, — — KK,
The proof follows a similar argument as in the proof of the Theorem by using a Lyapunov-like
function candidate as
xq=v+%A@IjKK*A@ (46)
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where V' is defined in equation (32). Hence, we have
Vi = —Ai' K,Ab — aAa” KAz — AGTWT (1) K, Wi, (£) A6y, < 0 (47)

where we note that Ad, is aso bounded.

IV. EXPERIMENTS

A series of experiments were conducted to illustrate the performance of the new adaptive

Jacobian tracking controller.

A. Experiment 1. using Shadow Feedback

Recent psychophysical evidence by Pavani and Castiello [3] suggests that our brains respond
to our shadows as if they were another part of the body. This imply that body shadows may form
part of the approximate sensory-to-motor transformation of the Human motor control system. In
this section, we implement the proposed adaptive Jacobian controller on the first two joints of an
industrial robot and show that robot’s shadow can be used to control the robot. The experimental
setup consists of a camera, a light source and a SONY SCARA robot as shown in figure 1. An
object is attached to second joint of the robot and is parallel to the second link. A robot’s shadow
is created using the light source and projected onto a white screen. The camera is located under

the screen and the tip of the object’s shadow is monitored by the camera (see figure 1).

Fig. 1. A SONY Robot with its Shadow

December 29, 2005 DRAFT



19

The robot’s shadow is required follow astraight line starting from the initial position (X, Yy) =
(153, 73) to thefinal position (X, Yy) = (75, 185) specified in image space (pixels). The desired
trgjectory (X, Yy) for the robot’s shadow is hence specified as

Y, =mX,+c
where

Xd{ Xo—6d(sh — o5) foro<t<T
Xy for T'<t < Ty
and m = —1.448, ¢ = 294.65, d = 78 pixels, T'= 5 sec and Ty = 6 sec.

To illustrate the idea we discussed in remark 1, we first assume that the lengths of the robot
links were sufficiently accurate in this experiment. Experiments with uncertain link parameters
will be presented in the next subsection. Hence only the object parameters were updated. The
object was placed very closed to the white screen in order to cast a sharp shadow onto the screen.
Therefore, the unknown mapping from the shadow to object is just a scalar in this experiment.
The length of the object was initially estimated as 0.5 m. The experiment was performed with
Ly =0.031, Ly = 0.00051, K,, = diag{0.03,0.029}, K,, = diag{0.175,0.13}, a = 2, A\ = 200m.
A sequence of the images capturing the motion of the robot’s shadow are presented in figure 2
and a video of the resultsis shown in Extension 1. The shadow started from an initial position as
shown in figure 2(a), followed the specified straight line and stopped in an end point as shown
in figure 2(f). The maximum tracking error of the experiments was about 4.2 mm. As seen from
the results, the robot’s shadow is able to follow the straight line closely. Note that the shadow
experiment is also similar to using a finger with an overhead projector to point at a specific

equation for instance.

B. Experiment 2: using Position Feedback

Next, we implemented the proposed controllers on a 2-link direct-drive robot as shown in
figure 3. The masses of the first and second links are approximately equal to 1.6kg and 1kg
respectively, and the masses of the first and second motors are approximately equal to 9.5kg and
3kg respectively. The lengths of the first and second links are approximately equal to /; = 0.31m
and [, = 0.3m respectively. The robot is holding an object with an length of 0.10m and agrasping
angle of 60°. A PSD camera (position sensitive detector) manufactured by Hamamatsu is used

to measure the position of the robot end effector.
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(c) iy

(&)

Fig. 2. Experimental results showing robot’s shadow following a line

The robot is required to hold an object with uncertain length and grasping angle and follow
a circular tragjectory specified in Cartesian space as.

X; = 0.33+0.1sin(0.54 + 3t)
Yo = 0.41+ 0.1cos(0.54 + 3t)

In this experiment, uncertainties in both robot parameters and object parameters were also
considered. The link lengths were estimated as [,(0) = 0.25m, I5(0) = 0.27m and the object
length and grasping angle were estimated as 0.12 m and 20° respectively. The initial position of
the robot end effector was specified as (X (0), Y (0)) = (0.28,0.52). Experimental results with
L, = diag{0.04,0.045,0.015}, Ly = diag{0.01,0.002,0.002,0.002,0.015,0.01,0.01}, K, =
diag{2,2}, K, = diag{450,450}, o = 1.2, A = 2007 are presented in figures 4 and 5. The
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/
HODbject tip

PSD Camera —

Fig. 3. A 2-link Direct-Drive Robot

transient response is shown in figure 6. As seen from the results, the tracking errors converge
with updating of the estimated kinematic and dynamic parameters.

— Actual Path
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>
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Fig. 4. Path of the end effector
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Fig. 6. Position Errors (Transient)

In the next experiments, a proportional term is added to the kinematic update law (see Remark
7). The experimental results in figure 7 and figure 8 show that the tracking errors converge and
the transient response is shown in figure 9. We used L, = diag{0.075,0.105,0.025}, P =
diag{0.00018, 0.0002,0.0001}, with the rest of the control gains remaining the same.
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Fig. 7. Path of the end effector
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V. CONCLUDING REMARKS

We have proposed an adaptive Jacobian controller for robot tracking control with uncertain
kinematics and dynamics. A novel update law is introduced to update uncertain kinematics
parameters, using sensory feedback of the robot end effector position. The robot end effector is
able to track a desired trajectory with the uncertain kinematics and dynamics parameters being
updated online. Experimental results illustrate the performance of the proposed controllers. The
experiments also show that a robot can be controlled using its shadow. As pointed in [36],
the research on robot control with uncertain kinematics and dynamics is just at the beginning
stage [36]. Future works would be devoted to extending the adaptive Jacobian controller to
force tracking control and object manipulation by robot hand with soft tips. In these control
problems, the Jacobian matrices are uncertain. For example, the constraint Jacobian is uncertain
in presence of uncertainty in the constraint surface; the contact points of the robot fingers with
soft tips are also difficult to estimate exactly since they are changing during manipulation. Due
to the depressions at the soft contact points, the kinematics of the fingers also become uncertain.
It is also interesting to investigate the applicability of the proposed adaptive Jacobian control
theory to the study of internal model in sensorimotor integration [59], [60].
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APPENDIX A: INDEX TO MULTIMEDIA EXTENSION

The multimedia extensions to this article are at: http://www.ijrr.org.

Extension | Type Description

1 Video | Experimental results of robot tracking control using shadow’s feedback.
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