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Abstract

In order to improve the overall contouring performance, it
appears that it is no longer possible to neglect dynamic cou-
pling phenomena that occur during contour tracking, espe-
cially for linear motor systems which often move at high
speed. This paper studies the high performance contour
tracking control of linear-motor-driven tables. The table
dynamics is first transformed into a task coordinate frame.
A discontinuous projection based adaptive robust controller
(ARC) which explicitly takes into account the dynamic cou-
pling effect is constructed to improve the contouring per-
formance under both parametric uncertainties and uncertain
nonlinearities. A desired compensation ARC scheme is also
presented, in which the regressor is calculated using desired
contour information only. Both schemes are implemented
and compared on a linear-motor-driven X-Y table.

1 Introduction

A great deal of effort has been devoted to solving indepen-
dent axial control problems of linear-motor-driven systems
[1]–[5]. In these designs, each axis of motion is separately
driven and the servo controller of one axis receives no infor-
mation regarding the other axes. This results in a collection
of decoupled single input and single output (SISO) systems.
Decoupled design may be preferable if the disturbance in one
axis should not affect the performance of other axes. For
contouring applications, however, decoupling is sometimes
damaging to the overall performance objective [6].

A more appropriate approach to address the contour tracking
problem is to introduce coupling actions in the servo con-
trollers so that the motion axes are “coordinated” to track the
desired contour. In [7], Koren proposed the cross-coupled
strategy. The control of multiple axes is treated as a single
control unit and the control of one axial servomechanism is
affected by other axial servomechanisms involved in the mo-
tion. In [8], Srinivasan and Fosdick proposed a multivariable
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analysis approach to motion coordination under the assump-
tion that the desired contour is a combination of piecewise
linear segments. Recently, Koren and Lo [9] introduced a
variable-gain cross-coupled controller for a general class of
contours. One limitation of these approaches is that they
cannot effectively address the dynamic coupling phenomena
(e.g. Coriolis force) occur when tracking curved contours,
since these designs are based on the traditional linear time-
invariant theories. In [6], Chiu and Tomizuka formulated
the contour tracking problem in a “desired” task coordinate
frame. However, the proposed task coordinate frame was
based on the desired contour which is only an approximation
of the actual task coordinate frame.

In this paper, the idea of adaptive robust control (ARC) of
robot manipulators in task space [10] is utilized to solve
the contour tracking problem of a linear-motor-driven table.
The table dynamics is first transformed into a task coordi-
nate frame. A discontinuous projection based adaptive ro-
bust controller [11] is then constructed to improve the con-
touring performance. As pointed out in [12], however, this
algorithm may have several potential implementation prob-
lems since the regressor depends on the states of the system.
As a remedy, a desired compensation ARC [12] in which the
regressor is calculated based on the desired contour infor-
mation only is then developed. Finally, comparative experi-
mental results are presented to show the advantages and the
drawbacks of each method.

2 Problem Formulation

The linear-motor-driven X-Y positioning table is assumed to
have the following dynamics [5]:

Mq̈+Bq̇+F(q̇) = u+d; (1)

whereq, q̇ and q̈ are the2� 1 vectors of the axis position,
velocity and acceleration, respectively;u is the2�1 vector
of control input, andd is the2�1 vector of unknown nonlin-
ear functions due to external disturbances or modeling errors
(e.g., force ripple);M andB are the2�2 diagonal inertia and
damping matrices, respectively;F(q̇) is the 2� 1 vector of
nonlinear friction, i.e.,F(q̇) = [F1(q̇1); F2(q̇2)]

T , andFi(q̇i) is



often modeled as [13]

Fi(q̇i) =�[ fci +( fsi� fci)e
�jq̇i=q̇sij

ξi
]sgn(q̇i); i = 1;2; (2)

where fsi is the level of static friction,fci is the level of
Coulomb friction, andq̇si and ξi are empirical parameters
used to describe the Stribeck effect. It is seen that the fric-
tion model (2) is discontinuous atq̇i = 0. Thus one cannot
use this model for friction compensation. To by-pass this
technical difficulty, a simple smooth friction model will be
used to approximate the actual friction model (2) for model
compensation. The model used in this paper is given by
F̄(q̇) = ASf(q̇), whereA is the2� 2 diagonal friction coef-
ficient matrix, andSf(�) is a vector-valued smooth function
i.e.,Sf(q̇) = [Sf (q̇1); Sf (q̇2)]

T . Define the approximation error
asF̃ = F̄�F. Then equation (1) can be written as

Mq̈+Bq̇+ASf(q̇) = u+dn + d̃; (3)

wheredn is the nominal value ofdl
∆
= d+ F̃, andd̃ = dl �dn.

Based on the design model (3), in the following, we will for-
mulate the contour tracking problem in task space. Suppose
a desired contour inIR2 is given byqd(t) = [q1d(t);q2d(t)]T .
Then, the curveqd(t) can be represented implicitly by the
functionf (q1d(t);q2d(t)) = 0, and the curve length is given by

g(q1d(t);q2d(t)) =
Z t

0
k

d
dτ

qd(τ)kdτ: (4)

A task coordinate systemr 2 IR2 can be defined as

r = h(q) =
�

f (q)
g(q)

�
=

�
f (q1(t);q2(t))
g(q1(t);q2(t))

�
: (5)

Differentiating (5) twice yields

ṙ = Jq̇; r̈ = Jq̈+ J̇q̇; (6)

whereJ(q) = ∂h=∂q is the Jacobian matrix. It is assumed that
in the finite workspaceq 2Ωq, the mappingh(q) : Ωq !Ωr is
one-to-one and the Jacobian matrixJ is nonsingular. Using
(6), (3) can be represented in the task space as

Mt(r)r̈ +Bt(r)ṙ +Ct(r ; ṙ)ṙ +At(r)Sf(q̇) = ut +dt(r)+ ∆̃; (7)

where

Mt = J�TMJ�1; Bt = J�TBJ�1; Ct =�J�TMJ�1J̇J�1;

At = J�TA; dt = J�Tdn; ut = J�Tu; ∆̃ = J�T d̃:
(8)

It is well known that equation (7) has several properties [10]:

P 1 In the finite work spaceΩq, Mt(r) is a symmetric positive
definite (s.p.d.) matrix with

µ1I � Mt(r)� µ2I ; 8q 2Ωq; (9)

whereµ1 andµ2 are two positive scalars.

P 2 Given the definitions in (8), the matrixN(r ; ṙ) = Ṁ t(r)�
2Ct(r ; ṙ) is a skew-symmetric matrix.

P 3 The task space dynamics (7) is linear in terms of a set of
parameters, such as inertiaM , damping coefficientB, fric-
tion coefficientA and nominal disturbancedn, i.e.,

Mtr̈ +Bt ṙ +Ct(r ; ṙ )ṙ +At(r)Sf(q̇)�dt =�ψ(r ; ṙ ; ṙ ; r̈)θ; (10)

whereψ is a 2�8 matrix of known functions, known as the
regressor, andθ is an 8-dimensional vector of unknown pa-
rameters defined asθ = [θ1; � � � ;θ8]

T = [M1;M2;B1;B2;A1;A2;

dn1;dn2]
T.

In general, the parameterθ cannot be known exactly. For ex-
ample, the payload of the X-Y table depends on tasks. How-
ever, the extent of parametric uncertainties can be predicted.
Therefore, the following practical assumption is made. (For
simplicity, the following notations are used:�i for the i-th
component of the vector�, �min for the minimum value of
�, and�max for the maximum value of�. The operation<
for two vectors is performed in terms of the corresponding
elements of the vectors.)

Assumption 1 The extent of the parametric uncertainties
and uncertain nonlinearities is known, i.e.,

θ 2 Ωθ
∆
= f θ : θmin � θ � θmax g; (11)

∆̃ 2 Ω∆
∆
= f∆̃ : k∆̃k � δ∆ g; (12)

whereθmin = [θ1min, � � �, θ8min]
T , θmax = [θ1max, � � �, θ8max]

T,
andδ∆ are known. �

The control objective is to synthesize a control inputut such
that r tracks a desired contourrd(t) which is assumed to be
third-order differentiable.

3 Discontinuous Projection

Let θ̂ denote the estimate ofθ andθ̃ the estimation error (i.e.,
θ̃ = θ̂�θ). In view of (11), the following adaptation law with
discontinuous projection modification can be used

˙̂θ = Proĵθ(Γτ); (13)

whereΓ > 0 is a diagonal matrix,τ is an adaptation function
to be synthesized later. The projection mappingProĵθ(�) =
[Proĵθ1

(�1); � � � ;Proĵθp
(�p)]

T is defined in [14, 11] as

Proĵθi
(�i) =

8<
:

0 if θ̂i = θi max and �i > 0
0 if θ̂i = θi min and �i < 0
�i otherwise

(14)

It can be shown [15] that for any adaptation functionτ, the
projection mapping used in (14) guarantees

P4 θ̂ 2Ωθ
∆
= fθ̂ : θmin � θ̂ � θmaxg

P5 θ̃T
�

Γ�1Proĵθ(Γτ)� τ
�
� 0; 8τ

(15)

4 Adaptive Robust Control (ARC) Law Synthesis

Define a switching-function-like quantity as

s= ė+Λe= ṙ � ṙ eq; ṙ eq
∆
= ṙ d�Λe; (16)

wheree= r(t)� rd(t) is the output tracking error, andΛ > 0
is a diagonal matrix. Define a positive semi-definite (p.s.d.)
function

V(t) =
1
2

sTMt(r)s: (17)

DifferentiatingV yields

V̇(t) = sT
h
ut �Mtr̈eq�Bt ṙ �Ct ṙeq�AtSf(q̇)+dt + ∆̃

i
; (18)

where r̈ eq
∆
= r̈ d �Λė, and P2 is used to eliminate the term

1
2sTṀ t(r)s. Furthermore, since it follows from P3 that

Mtr̈eq+Bt ṙ +Ct ṙeq+AtSf(q̇)�dt =�ψ(r ; ṙ ; ṙ eq; r̈ eq)θ; (19)



equation (18) can be rewritten as

V̇(t) = sT
h
ut +ψ(r ; ṙ ; ṙ eq; r̈ eq)θ+ ∆̃

i
: (20)

Noting the structure of (20), the following ARC law is pro-
posed:

ut = ua+us; ua =�ψ(r ; ṙ ; ṙ eq; r̈ eq)θ̂; (21)

whereua is the adjustable model compensation needed for
achieving perfect tracking, andus is a robust control law to
be synthesized later. Substituting (21) into (20), and then
simplifying the resulting expression lead to

V̇ = sT
h
us�ψ(r ; ṙ ; ṙ eq; r̈ eq)θ̃+ ∆̃

i
: (22)

The robust control functionus consists of two terms:

us= us1+us2; us1=�Ks; (23)

whereus1 is used to stabilize the nominal system, and it is a
simple proportional feedback withK being a symmetric pos-
itive definite matrix in this case, andus2 is a robust feedback
used to attenuate the effect of model uncertainties. Noting
Assumption 1 and P4 of (15), there exists aus2 such that the
following two conditions are satisfied

i sTfus2�ψ(r ; ṙ ; ṙ eq; r̈ eq)θ̃+ ∆̃g � ε
ii sTus2� 0

(24)

whereε is a design parameter that can be arbitrarily small.
One smooth example ofus2 satisfying (24) is given by
us2 = � 1

4ε h2s, whereh is a smooth function satisfyingh �
kθMkkψ(r ; ṙ ; ṙ eq; r̈ eq)k+δ∆, andθM = θmax�θmin.

Theorem 1 Suppose the adaptation function in (13) is cho-
sen as

τ = ψT(r ; ṙ ; ṙ eq; r̈ eq)s: (25)

Then, the ARC control law (21) guarantees that:

A. In general, all signals are bounded. Furthermore,
the positive semi-definite functionV(t) defined by (17) is
bounded above by

V(t)� exp(�λt)V(0)+
ε
λ

h
1�exp(�λt)

i
; (26)

where λ = 2σmin(K)=µ2, and σmin(�) denotes the minimum
eignvalue of a matrix. Note thatσmin(K) is real and posi-
tive sinceK is symmetric positive definite.

B. Suppose there exist parametric uncertainties only after a
finite timet0, i.e., ∆̃ = 0, 8t � t0. Then, in addition to result
A, zero final tracking error is also achieved, i.e,e�! 0 and
s�! 0 as t�! ∞.

Proof: The proof of Theorem 1 is similar to the proof of
Theorem 2 in the following, and therefore it is omitted.

5 Desired Compensation ARC (DCARC)

In the ARC design presented in Section 4, the regressor
ψ(r ; ṙ ; ṙ eq; r̈ eq) in the model compensationua (21) and adap-
tation functionτ (25) depends on statesr and ṙ . Such an

adaptation structure may have several potential implementa-
tion problems [12]. First, the effect of measurement noise
may be severe, and a slow adaptation rate may have to be
used, which in turn reduces the effect of parameter adapta-
tion. Secondly, there may exist certain interactions between
the model compensationua and the robust controlus. This
may complicate the controller gain tuning process in imple-
mentation. In [16], Sadegh and Horowitz proposed a desired
compensation adaptation law, in which the regressor is cal-
culated by desired trajectory information only. This idea was
then incorporated in the ARC design in [12]. In the follow-
ing, the desired compensation ARC is applied on the linear-
motor-driven X-Y table.

The proposed DCARC law and adaptation function have
the same form as (21) and (25), but with the regres-
sor ψ(r ; ṙ ; ṙ eq; r̈ eq) substituted by the desired regressor
ψd(rd; ṙ d; ṙ d; r̈ d):

ut = ua+us; ua =�ψd(rd; ṙ d; ṙ d; r̈ d)θ̂;
τ = ψT

d (rd; ṙ d; ṙ d; r̈ d)s:
(27)

Choose a positive semi-definite function

V(t) =
1
2

sTMt(r)s+
1
2

eTKee; (28)

whereKe is a s.p.d. matrix. DifferentiatingV(t) and substi-
tuting (27) into the resulting expression yields

V̇(t) = sT
h
us+ ψ̃θ�ψd(rd; ṙ d; ṙ d; r̈ d)θ̃+ ∆̃

i
+eTKeė; (29)

whereψ̃ = ψ(r ; ṙ ; ṙ eq; r̈ eq)�ψd(rd; ṙ d; ṙ d; r̈ d) is the difference
between the actual regression matrix and the desired regres-
sion matrix formulations. As shown in [16],ψ̃ can be quan-
tified as

kψ̃θk � ζ1kek+ζ2kek
2+ζ3ksk+ζ4kskkek; (30)

whereζ1,ζ2,ζ3 and ζ4 are positive bounding constants that
depend on the desired contour and the physical properties
of the X-Y table configuration. Similar to (23), the robust
control functionus consists of two terms given by:

us = us1+us2; us1=�Ks�Kee�Kakek2s; (31)

where the controller parametersK , Ke andKa are s.p.d. ma-
trices satisfyingσmin(Ka)� ζ2+ζ4 and the following condi-
tion

Q =

�
σmin(KeΛ)� 1

4ζ2 � 1
2ζ1

� 1
2ζ1 σmin(K)�ζ3�

1
4ζ4

�
> 0: (32)

Specifically, it is easy to check that if

σmin(KeΛ)�
1
2

ζ1+
1
4

ζ2; σmin(K)�
1
2

ζ1+ζ3+
1
4

ζ4; (33)

the matrixQ defined in (32) is positive definite. The robust
control termus2 is required to satisfy the following constrains
similar to (24),

i sTfus2�ψd(rd; ṙ d; ṙ d; r̈ d)θ̃+ ∆̃g � ε
ii sTus2� 0

(34)

One smooth example ofus2 satisfying (34) is us2 =

� 1
4ε h2

ds, where hd is any function satisfying hd �

kθMkkψd(rd; ṙ d; ṙ d; r̈ d)k+δ∆.



Theorem 2 The desired compensation ARC law (27) guar-
antees that

A. In general, all signals are bounded. Furthermore,
the positive semi-definite function V(t) defined by (28) is
bounded above by

V(t)� exp(�λt)V(0)+
ε
λ

h
1�exp(�λt)

i
; (35)

whereλ =
2σmin(Q)

max[µ2; σmax(Ke)]
, andσmax(�) denotes the maximum

eignvalue of a matrix.

B. Suppose there exist parametric uncertainties only after a
finite timet0, i.e., ∆̃ = 0, 8t � t0. Then, in addition to result
A, zero final tracking error is also achieved, i.e,e�! 0 and
s�! 0 ast �! ∞.

Proof: Substitutingė= s�Λe into (29), one can place an
upper bound oṅV in the following manner

V̇(t)� sT
h
us�ψd(rd; ṙ d; ṙ d; r̈ d)θ̃+ δ̃

i
+kskkψ̃θk

+eTKes�eTKeΛe
(36)

Substituting (30), (31) and condition i of (34) into (36) yields

V̇(t)��sTKs�kek2sTKas+kskkψ̃θk�eTKeΛe+ ε
��σmin(K)ksk2�σmin(Ka)kek2ksk2+ζ1kskkek+ ε
+ζ2kskkek2+ζ3ksk2+ζ4ksk2kek�σmin(KeΛ)kek2

(37)

By using completion of square, (37) can be written as

V̇(t)��σmin(K)ksk2�σmin(Ka)kek2ksk2+ζ1kskkek
�ζ2kek2( 1

2 �ksk)
2+ 1

4ζ2kek2+ζ2kek2ksk2+ζ3ksk2

�ζ4ksk2( 1
2 �kek)

2+ 1
4ζ4ksk2+ζ4kek2ksk2

�σmin(KeΛ)kek2+ ε

(38)

After collecting common terms in (38), it can be rewritten as

V̇(t)� ζ1kskkek�ζ2kek2( 1
2 �ksk)

2�ζ4ksk2( 1
2 �kek)

2

�[σmin(K)�ζ3�
1
4ζ4]ksk2� [σmin(Ka)�ζ2�ζ4]

�kek2ksk2� [σmin(KeΛ)� 1
4ζ2]kek2+ ε

(39)

Suppose the control gain matrixKa is large enough such that
σmin(Ka)� ζ2+ζ4. Then, (39) becomes

V̇(t)��[σmin(K)�ζ3�
1
4ζ4]ksk2� [σmin(KeΛ)� 1

4ζ2]kek2

+ζ1kskkek+ ε; (40)

which can be put into a matrix form

V̇(t)��xTQx+ ε � λV + ε; (41)

wherexT = [ kek ksk ]. Inequality (41) leads to (35) and result
A of Theorem 2 is proved. Now consider the situation inB
of Theorem 2, i.e.,̃∆ = 0, 8t � t0. Choose a positive definite
functionVθ as

Vθ(t) =V(t)+
1
2

θ̃TΓ�1θ̃: (42)

From (41), condition ii of (34) and P2 of (15), it follows that

V̇θ(t)��xTQx�sTψd(rd; ṙ d; ṙ d; r̈ d)θ̃+ θ̃TΓ�1 ˙̂θ
=�xTQx+ θ̃T

h
Γ�1 ˙̂θ�ψT

d (rd; ṙ d; ṙ d; r̈ d)s
i

��xTQx

(43)

This shows thatx 2 L2\L∞. It is easy to check thaṫx is
bounded. So,x is uniformly continuous. By Barbalat’s
lemma,x �! 0 as t �! ∞, which implies resultB of The-
orem 2. 2

6 Comparative Experiments

6.1 Experimental Setup
To test the proposed nonlinear ARC strategies, an X-Y posi-
tioning table is set up as a test-bed. As shown in Figure 1,
the two axes of the X-Y table are mounted orthogonally on
a horizontal plane with the Y-axis on top of the X-axis. The
position sensors of the table are two linear encoders with a
resolution of 1µm after quadrature. The velocity signal is
obtained by the difference of two consecutive position mea-
surements. Standard least-square identification is performed

Figure 1: Experimental Setup

to obtain the parameters of the table. The nominal values of
M is diag[0:14; 0:027]. To test the learning capability of the
proposed ARC algorithms, a 9:1kg load is mounted on the
table in experiments and the identified values of the parame-
ters are (assume that the nominal disturbance is zero):

θ = [0:21; 0:10; 0:25; 0:273; 0:06; 0:09; 0; 0]T : (44)

The bounds of the parameter variations are chosen as:

θmin = [0:10; 0:02; 0:20; 0:24; 0:05; 0:08; �1; �1]T ;

θmax= [0:25; 0:12; 0:35; 0:35; 0:09; 0:12; 1; 1]T :

6.2 Performance Index
As in [5], the following performance indexes will be used to
measure the quality of each control algorithm:

� k f krms = ( 1
T

R T
0 j f j2dt)1=2, the rms valueof the contouring

error, is used to measureaverage contouring performance,
whereT represents the total running time;
� fM = max

t
fj f jg, the maximum absolute value of the con-

touring error, is used to measuretransient performance;
� kuikrms= ( 1

T

R T
0 jui j

2dt)1=2, the average control input of each
axis, is used to evaluate the amount ofcontrol effort;
� cu = ∑2

i=1
k∆uikrms

kuikrms
, the sum of the normalized con-

trol variations of each axis, is used to measure
the degree of control chattering, wherek∆uikrms =q

1
N ∑N

j=1 jui( j∆T)�ui(( j�1)∆T)j2 is the average of control
input increments of each axis.

6.3 Comparative Experimental Results
The control system is implemented using a dSPACE DS1103
controller board. The controller executes programs at a sam-
pling rate ofTs = 0:4 ms, which results in a velocity mea-
surement resolution of0:0025 m=sec. The following control
algorithms are compared:



ARC: Adaptive Robust Control - the ARC law proposed
in section 4. The smooth functionSf (q̇i) is chosen as
2
π arctan(900q̇i ). For simplicity, in the experiments, only
six parameters,θ1;θ2;θ5 � θ8, are adapted. The de-
sign parameters are chosen as:Λ = diag[200;30] and K =

diag[2;1]; us2 is given in section 4 andε = 5. The adap-
tation rates are set asΓ = diag[10;10;0;0;20;20;1000;1000].
The initial parameter estimates are chosen as:θ̂(0) =

[0:17;0:07;0:25;0:27;0:06;0:09;0;0]T .

DCARC: Desired Compensation Adaptive Robust Control
- the Desired Compensation ARC law proposed in section
5. The design parameters are chosen as:Λ = diag[200;30],
K = diag[10;1], Ka = diag[1 � 105;1 � 105] and Ke =

diag[2000;2000]; us2 is given in section 5 andε=1. The adap-
tation rates are set asΓ = diag[100;100;0;0;50;50;1000;1000].
For comparison purpose, the same initial conditions as those
in ARC are used.

To test the contouring performance of the proposed algo-
rithms, the X-Y table is commanded to track a circle with
radiusR= 0:1 m at a feedrate of314 mm=sec. The following
test sets are performed:

Set 1: To test the nominal contouring performance of the
controllers, experiments are run without payload,
which is equivalent toθ1 = 0:14 andθ2 = 0:027;

Set 2: To test the performance robustness of the algorithms
to parameter variations, a9:1kg payload is mounted on
the table, which is equivalent toθ1 = 0:21 andθ2 = 0:1;

Set 3: A large step disturbance (a simulated0:3 V electrical
signal) is added at t=0:4 secand removed at t=1:6 sec
to test the performance robustness of each controller
to disturbance.

Set 1 Set 2 Set 3
Controller ARC DCARC ARC DCARC ARC DCARC
k fkrms(µm) 2.55 2.09 2.69 2.20 4.17 4.08
fM (µm) 10.0 9.10 9.90 8.91 28.5 25.6
ku1krms (V) 0.18 0.20 0.19 0.19 0.23 0.23
ku2krms (V) 0.13 0.13 0.14 0.15 0.19 0.18

cu 0.77 0.58 0.74 0.54 0.61 0.35

Table 1

The experimental results in terms of performance indexes are
given in table 1. Overall, both ARC and DCARC achieve
good contouring performance during fast movements. As
seen from the table, DCARC performs better than ARC in
terms of all the indexes. It also can be seen that, as expected,
both controllers use almost the same amount of control ef-
fort for every test set, but ARC has a larger degree of con-
trol chattering, which agrees with the theoretical prediction
stated in section 5. For Set 1, the contouring errors are given
in Figure 2 which shows the nominal performance of both
controllers. Tracking errors of ARC and DCARC, which
are defined asz= q(t)�qd(t), are given in Figure 3 and 4,
respectively. These two figures show that both controllers
achieve good tracking accuracy, in addition to good contour-
ing performance. The control inputs of ARC are shown in
Figure 5. As seen, the input signals are within their physical

limits. The control inputs of DCARC have similar shapes as
those in Figure 5 and thus are not given here. For Set 2, the
contouring errors are given in Figure 6. It shows that both
controllers achieve good contouring performance in spite of
the change of inertia load. The contouring errors for Set 3
are given in Figure 7. As seen from the figures, the added
large disturbance does not affect the contouring performance
much, except for the spikes when the sudden changes of the
disturbance occur. This result illustrates the performance ro-
bustness of the proposed schemes.

7 Conclusions

This paper considers contour tracking control of linear-
motor-driven tables in task space. An ARC controller and a
DCARC controller have been developed. The proposed con-
trollers take into account the effect of model uncertainties
coming from the inertia load, friction force and external dis-
turbances. The resulting controllers guarantee a prescribed
transient performance and final tracking accuracy in general
while achieving asymptotic tracking in the presence of para-
metric uncertainties only. Furthermore, it is shown that the
DCARC scheme, in which the regressor is calculated using
desired contour information only, offers several implemen-
tation advantages. Experimental results illustrate the high-
performance of the proposed ARC strategies and show the
advantages and drawbacks of each method.
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Figure 2: Contour tracking performance (without load)
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Figure 3: Tracking error of ARC (without load)
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Figure 4: Tracking error of DCARC (without load)
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Figure 5: Control input of ARC (without load)
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Figure 6: Contour tracking performance (with load)
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Figure 7: Contour tracking performance (with disturbance)


