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Abstract—In this paper, we show that the tracking
performance of a hard disk drive actuator can be improved by
using two adaptive neural networks, each of which is tailored
for a specific task. The first neural network utilizes
accelerometer signal to detect external vibrations, and
compensates for its effect on hard disk drive position via
feedforward action. In particular, no information on the plant,
sensor and disturbance dynamics is needed in the design of this
neural network disturbance compensator. The second neural
network, designed to compensate for the pivot friction, uses a
signum activation function to introduce nonlinearities inherent
to pivot friction, thus reducing the neural network’s burden of
expectation. The stability of the proposed scheme is analyzed by
the Lyapunov criterion. Simulation results show that the
tracking performance of the hard disk drives can be improved
significantly with the use of both neural networks compared to
the case without compensation, or when only one of the
networks is activated.

I. INTRODUCTION

HE data density on magnetic disk drives has increased

significantly in recent years, corresponding to a decrease
of data track width and thus allowable position error of the
read/write head. This calls for an improvement of the
tracking accuracy of the voice-coil-motor (VCM) actuator.
However, the quest for better tracking performance of the
VCM actuator faces challenges from two major trends of the
hard disk drive (HDD) development. Firstly, the hard disk
drives are subject to more external vibrations and shocks as
they are increasingly used in mobile devices. Secondly, the
nonlinear pivot friction becomes more pronounced with the
current trend towards smaller form factors and smaller VCM

Manuscript received February 28, 2008. This work was supported by
NSF grant ECS-0501451, ARO grant W9INF-05-1-0314, A*Star SERC
grant 052 101 0097 and the National Natural Science Foundation of China
grant 60474033.

Chow Yin Lai is with the National University of Singapore Graduate
School for Integrative Sciences and Engineering (NGS), Centre for Life
Sciences (CeLS), #05-01, 28 Medical Drive, Singapore 117456. (email:
20601819 @nus.edu.sg).

Frank L. Lewis is with the Automation and Robotics Research Institute,
The University of Texas at Arlington, Fort Worth, TX76118, USA (email:
lewis @uta.edu).

V. Venkataramanan is with A*Star, Data Storage Institute, Engineering
Drive 1, Singapore 117608 (email: Venka V @dsi.a-star.edu.sg).

Xuemei Ren is with the Department of Automatic Control, Beijing
Institute of Technology, Beijing 100081, China (email: xmren @bit.edu.cn).

Shuzhi Sam Ge is with the Department of Electrical and Computer
Engineering, National University of Singapore, Singapore 117576 (email:
elegessz@nus.edu.sg).

Thomas Liew is with A*Star, Data Storage Institute, Engineering Drive
1, Singapore 117608 (email: LIEW_Yun Fook @dsi.a-star.edu.sg)

* Corresponding author. Tel. +65 6874 8693, Fax +65 6777 2053

978-1-4244-3124-3/08/$25.00 ©2008 IEEE

torque. Thus, the improvement of positioning accuracy under
the presence of external disturbances and friction has
become a major issue in the design of hard disk drives.

To reduce the effect of the disturbances on the hard disk
drives, a number of authors have proposed using
accelerometers to measure external disturbances and
injecting the accelerometer signal to a feedforward
controller, which then outputs a feedforward signal into the
system [1]-[8]. The drawback of almost all of the mentioned
feedforward control schemes is that the mathematical models
of the disturbance dynamics must be known or partly known.

Friction can cause tracking errors, large settling time and
overshoot. The methods for friction compensation can be
divided into two categories, namely the model-based [9]-[12]
and the non-model based compensation [13]-[16]. The
disadvantage of the model-based friction compensator is the
reliance on a highly accurate model. Some non-model-based
techniques such as disturbance observer and Kalman Filter
have the drawback that a plant model is needed.

Because of the distinct advantages of neural networks as
nonlinear controllers over conventional controllers in
achieving desired performances, they have received
considerable attention in the control community [17]-[20].
The efficacy of neural network feedforward compensator in
rejecting the effect of disturbances for improving tracking
accuracy was demonstrated via simulations in [21] and [22].
However there is a lack of theoretical results regarding the
stability analysis of the closed loop system.

There are also some papers dedicated to friction
compensation using neural networks [23]-[25]. The problem
related to [23]-[25] is that the neural network tries to
approximate the friction hard-nonlinearity via continuous
functions, and this may require many neural network nodes
and many training iterations to yield good results.

In this paper, we show that the tracking performance of a
hard disk drive actuator can be improved by using two
adaptive neural networks, each of which is tailored for a
specific task. The first neural network utilizes accelerometer
signal to detect external vibrations, and compensates for its
effect on hard disk drive position via feedforward action. No
dynamic knowledge of the plant, sensor and disturbance is
needed in the design of the neural network disturbance
compensator. This disturbance feedforward compensator can
be interpreted as a nonlinear FIR filter, which is the
extension of linear FIR filter whose basis function is linear.
The second neural network, designed to compensate for the
pivot friction, uses a signum activation function to introduce
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nonlinearities inherent to pivot friction, thus reducing the
neural network’s burden of expectation. The stability of the
proposed scheme is analyzed by the Lyapunov criterion.
Simulation results show that the tracking performance of the
hard disk drives can improve significantly with the use of
both neural networks compared to the case without
compensation, or when only one of the networks is activated.

The paper is organized as follows. Section II gives the
problem statement. In Section III, we present our control
structure. The neural network disturbance and friction
compensators are derived in Section IV. In Section V,
simulation results are presented. Finally, in Section VI,
conclusions will be drawn.

II. PROBLEM STATEMENT
The dynamics of the HDD system P can be expressed as
Mi+F(¢)+7, =71, (1)
where g denotes the position of the VCM actuator, M is
the unknown system inertia, 7, is the control input torque,
F (q) represents the velocity dependent friction force, and
7, is the disturbance torque acting on the system input

which is caused by external vibration « via the dynamics
D (Fig. 1). Note that friction can also depend on position,
but this dependence is negligible and thus is neglected here.
Let g, be the desired position. The tracking error e can
be expressed as
e=q,—4. 2

44 ¢

nominal

Fig. 1. Control structure of the HDD without additional compensations
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Fig. 2. Control structure with disturbance and friction compensations

The wusual control scheme for external vibration
compensation and friction compensation is shown in Fig. 2.
There, S represents the accelerometer which measures the
external vibration @ and generates the accelerometer signal

WeC15.2

a . If one knows the accurate model for D, S and friction,

one can construct the disturbance compensator as DS, and
the friction compensator using the friction curve. However,
in reality, D and friction are difficult to be modeled exactly,
thus hindering the full potential of the feedforward
compensation scheme.

The objective is thus to design the disturbance
feedforward compensator and friction compensator without
explicit knowledge about the disturbance model, sensor
dynamics and accurate friction model.

III. OVERALL CONTROL STRUCTURE

To bypass the need to explicitly model the disturbance,
sensor and friction dynamic, we use neural networks (NVN) to
construct our compensators (Fig. 3). As shown in Fig. 3, we
use two neural networks for two different tasks. The first
neural network, designed for disturbance attenuation, takes
the accelerometer signal a as the input data. This signal path
is purely feedforward, thus we name this neural network
disturbance feedforward compensator NN, . The second

neural network, designed for friction compensation, uses the
velocity ¢ as input data. Because of the feedback involved,

we abbreviate this friction compensator as NN ., .
d/dt

A

C

nominal

1

] (@.: activation
(Bias)

functions)

Fig. 4. Two neural network, the second one with signum activation function

To reduce the second neural network’s burden of
modeling the friction, we choose one of its activation
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functions as the signum function (Fig. 4). This physically-
motivated choice of activation function purposely introduces
nonlinearity inherent to pivot friction, and lessens
significantly the number of neural nodes needed to model
friction accurately, compared to the cases with only smooth
activation functions [23]-[25].

IV. NEURAL NETWORK CONTROL
In this section, the neural network compensators are
derived. As mentioned earlier, the derivation of the neural
networks does not rely on any plant, sensor, disturbance and
friction model.
Define an extended tracking error as
e, =é+ e )
where A is a positive scalar. Differentiating e, and using
(1) and (2), the HDD dynamics can be expressed as
Mé, =—t,+Mi, +MAé+F(¢)+7,. ®)
From (5), it can be seen that if friction and external
disturbance are non-existent, i.e. if F (c'])= 7, =0, then the
HDD dynamics can be written as
Mé, =—7,+ Mg, +MAé. (6)
The following assumption is reasonable and simplifies the
stability proof later:
Assumption I: The nominal control 7, guarantees the

tracking error e, in (6) to be asymptotically convergent, i.e.
. . 1
there exists a Lyapunov function V, (ev )= EMeVZ such that

Viie,)=e, (Mg, +MAe -7, )< Qe (7

v

where Q is a positive constant.
If we design the control law as
=Ty T F(G)+ £, (8)

unom

T, =T

u unom

+ Ty
then the disturbance torque and the friction in (5) can be
cancelled.

A. Disturbance compensation network

Note that
# =1, =(Ds" )

where denotes the optimal estimate of the argument.
Since D and S are unknown (possibly) nonlinear functions,
we approximate (9) as a nonlinear FIR function

£, = H(a(kT)....,a((k - N)T))+ Ag, (10)
where H (a(kT),...,a((k—N)T)) is the unknown nonlinear

function, T

AF

is the sampling interval, and A¢g, is the
approximation difference between the FIR and IIR filters.
This approximation error satisfies |A¢1| <¢g,, where € >0,

and decreases as the order N increases.

Define
x=[alkT).....a((k-N)T)]" . (11

Now, a neural network NN, = w'®(x) is derived. The
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ideal neural network w™ ®(x) will approximate the function
H(x) in (10) in a compact set Q@  RV*' | i.e.
H(x)= W*T¢(x)+ Ag,

w e R" is the optimal

12)

where network parameter,
CID(x)e R" is the basis function of the neural network, and
Ag, s

|Ag,| <&, where &, >0.

the network approximation error satisfying

Assumption 2: The optimal weight w" is bounded by
”w" <W on the compact set Q , where W >0.
Summarizing (9), (10) and (12), we obtain
t =7,=H(x)+ A,

=w ®(x)+Ag, +Ag, (13)

We thus design the neural network disturbance
compensator and hence the estimated 7, as
£, =w®(x). (14)
B. Friction compensation network
Next, note that
F(g) =F(g). (15)

Since the friction F(g) is difficult to be modeled
accurately, we use neural network to approximate it as
F(g) = F(g)=w, @, (x,)+Ag, (16)
In (16),
x=lq 1] (17)
is the network input vector, w, € R" is the optimal network
parameter, <I>2(x2)e R" is the basis function of the neural
network, and A¢, is the network approximation error
satisfying |A¢3| <&, where & >0. The ideal neural
network w, @, (x,) will approximate the true friction in a
compact set Q, .
Assumption 3: The optimal weight w, is bounded by
”Wz” <W, on the compact set &,, where W, >0.

Thus, we design the neural network friction compensator
as

F(CI)= W;q)z(xz)'

C. Network weight tuning algorithm

Substituting (8), (13), (14), (16), and (18) into (5), we
obtain
Meé, =—t,+ M, +MAe+F(§)+1,
—F(g)-%,+Mg, +MAe+F(§)+7,
= _Tunom _W;¢2(x2)_wT¢(x)+Méd +M/1€
+w, @, (x,)+ Ag, +w D(x)+Ag, +Ag,

+ Mg, +MAé—w ®(x)-w @, (x,)+Ag

(18)

=-7

unom

19)

_Turmm

where
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W=w-w (20)
W, =w, —w, (1)

are the weight estimation errors, and
AP =AP +A@, +Ag,. (22)

The adaptation law for the parameters w and w, are
W =1 =T®(x)e, —olle,|w (23)
w,. 24)

where I' and T, are adaptation gains which determine the

W, =W, = qu)z(xz )ev —-o,le,

rate of convergence, while o and o, are parameters which

determine the robustness of the adaptive systems against
external disturbances.

Theorem: The control laws (8), (14), (18) and the
parameter update laws (23), (24) guarantee that the tracking
errors e, and e as well as the weight estimation errors w,

w, to be uniformly ultimately bounded.

Proof:  Consider
candidate

the following Lyapunov function
Vv :lMe2 +1WTF’1W+1WZTF;W2. (25)
2" 2 2
By applying (19) and Assumption 1, the time derivative of
V is given by
V< —Qe’ - eVWTQD(x)— ew, ®, (x2 )+ e,Ap

+w T W +w/ T;'W,

. 26
=—Qe’ +te Ap+w" (I"’IW—eVCD(x)) (20
+ W2T (Fz_lwz - eVCI)z (xz ))
Substituting (23) and (24) into (26), we obtain
V <-Qe’+e,Ap—ow e |-o,w) w,le,| . 27
Using the inequalities
— IV WAL T
wws([rleg ) -5l (8)
Ly oY Ly e
Wiw, < [||W2||+5"w2'"j _Z| W, (29)
we obtain
2
V< —-Qe’ +e‘,A¢—O'(||W||+%|W* j e, +%|W* 2|e‘,|
S P O, || |2
_02[||w2||+5||wz||j e[+ Z|wif

<le -0k |+[aal +hao +fao + S|+ ]

(30)
sle [~

o o
e|+e +e +e,+—W? +—2W22j
3Ty 4

It can be seen that V will be negative whenever
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g +e,+e,+owi+ Ty
> 4 4 - 31)
0

Thus, |el,| will decrease from its initial value until it is

e

v

smaller than the term on the right hand side of (31) and will
not leave the bound again. This implies that e, and the

weight errors w, w, are uniformly ultimately bounded.
Because e, =é+ e is a stable system, it can be concluded
by [19], [26] that as ¢ — oo,
le,| & FETE +%W2 +&Wz2
le| < <

A o4

(32)

V. SIMULATION RESULTS

A MATLAB/Simulink block diagram is constructed
according to Fig. 3. By ignoring the friction force (because
friction is to be modeled separately) and high frequency
resonances, the hard disk drive can be represented by:

4.0968-10’ 1.421-10°
P(s)= 5 "= 5 -
s §°+22625+1.421-10
Double Integrator

The simulated “true” friction force is modeled using the
Tustin’s friction model [11]

F(3)=0.000032G +0.01sgn(g)+0.01e " sgn(g)—0.0005

(34)
where the first term in (34) is the viscous friction, the second
term is the coulomb friction, the third term is the Striebeck
friction and the last term is some bias.

The nominal controller 7 is designed based on the

unom

(33)

Resonance Mode

double integrator model in (33), ignoring the resonance
mode. The closed loop poles are places at —5441+£3142i .

The neural network for disturbance attenuation is
constructed as a nonlinear FIR filter with delayed
accelerometer signal as inputs (Fig. 4)

t, =w' ®(alk),alk —1),---,alk —4))

(35)
=w'[S(alk)).S(alk = 1)), S(alk - 4))]
with the sigmoidal function
S(x)=—2——1. (36)
I+e™

The second neural network for friction compensation is
constructed as follows:

F(g)=w;@,(q.1)

(37
=w; [5,(9)0.05(sgn(¢))1]
with the sigmoidal function
2
S, (e) = (38)

The velocity signal g as well as e in the extended
tracking error are obtained by differentiating ¢ and e
respectively with differential filter of bandwidth 500 Hz. To
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reduce chattering, the sgn function is approximated using a
saturation function.

The parameters are chosen as 4 =500, 6=0.1, I'=1,,
0,=0.1 and T, =0.05-1, where I, denotes the nxn

identity matrix. All the weights are simply initialized at zero.
The accelerometer transfer function is

(s)= -1.104-10°
0.0003183s” +1.268s> +6.333-10% s +1.963-10°
whereas the disturbance filter D(s) is modeled via a 50"

(39)

order transfer function (not shown here).

Finally, to make the simulation more realistic, the plant,
the controller and the neural compensator are digitalized
using a sampling frequency of 20 kHz. Some measurement
noise is also added to the plant and accelerometer outputs.

A. Friction compensation when no external vibration

To show that the neural network compensator with signum
activation function works well, we shall first show the
simulation results when no external vibrations are present.

Firstly, the reference position g, is set as zero. When

only the nominal controller is switched on, we see that there
is a steady state error due to the presence of unknown
friction. This steady state error is eliminated when the

friction compensator is activated (Fig. 5).
01 T

anly : U e + MN Friction

Compensator

U

nominal

COutput in um

i
0.5 1
tins

Fig. 5. Position with and without friction compensation, zero reference

Next, the reference ¢, is set to be sinusoidal. The

tracking error for a 80Hz sinusoidal reference of amplitude 8
micrometers with and without friction compensation is
shown in Fig. 6. One sees that the friction compensator
indeed reduces the tracking error. In Fig. 7, the output of the
neural network friction compensator is compared to the true
friction given in (34). One sees that the neural network
output resembles the true friction, and that there are indeed
“jumps” in the neural network output, thus validating that the
signum activation function helps the neural network learn the
friction discontinuity.
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4 T T T T T T T T T
Unominal only : Unomlnal +hN
3 : : : i1 Friction compensator

Errar in um

1} 01 02 03 04 058 0B 07 08

tins
Fig. 6. Tracking error, sinusoidal reference
0.05 , ! ! . :
: : = N output

True friction

Friction force in %

0.08 i 1 i i 1
06 0.61 0.62 063 0.64 0.65 0.66

tins
Fig. 7. Modeled and true friction; “jumps” clearly seen

B. Disturbance and Friction Compensation
Next, we shall also test the efficacy of the disturbance
compensator. The desired position g, is zero. The VCM
position, with and without the disturbance and friction

compensators, for different external vibrations are shown in
Fig. 8 and Fig. 9.

041 T T :
Unom\nal : Unominal+ : Unomina\+ : Unomlnal+
0.08 F1 anly o] NN o MM friction o MM B
¢ | disturbance compensator | ;| disturbance
: | compensator . | and friction
oo e compensator |
£ oo MMNOIIMIRE _
=
- |
2
s 0.02 FRAINH R I G LA L A - J
a
; Juhildhluhmlhh‘I|| I \l|‘ i || Ll
Mn \||H|'| I
DDz_ .................................................... -
-0.04 ' ' i
025 0.s 0.7s 1
tins

Fig. 8. VCM Position (external vibration 100 Hz, 1.4 g acceleration)
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Unam|na| Unominal + : Unomlnal + Unom\nal *
0E k| only L MN L] N R .
disturbance ;| friction : | disturbance
compensator compensatar and friction
0.4 campensatar

0z

Output in um

0.z [

04 kil

i i I
025 05 075 1
tins

Fig. 9. VCM Position (external vibration 300 Hz, 1.4 g acceleration)

It can be observed that the disturbance compensator
reduces the amplitude of the tracking error significantly,
whereas the bias due to friction is eliminated by the friction
compensator. Activated together, the disturbance and friction
compensator improves the tracking performance of the VCM
under the presence of disturbance and friction. Similar
results are obtained for all 1.4 g vibrations within the range
of 50 Hz and 300 Hz.

VI. CONCLUSION

In this paper, we designed two adaptive neural networks
for two different tasks. The first neural network is designed
for disturbance attenuation, whereas the second neural
network is designed for friction compensation. To reduce the
number of nodes necessary to model the friction
nonlinearity, we choose one of the activation functions of the
friction compensator to be signum function, in order to
introduce nonlinearity inherent to friction. The efficacy of
our scheme in rejecting disturbance and friction is shown
through realistic simulation.

REFERENCES

[1] D.Y. Abramovitch, “Rejecting rotational disturbances on small disk
drives using rotational accelerometers,” in Proc. of the 1996 IFAC
World Congress, Francisco, CA, July 1996, pp. 1-8.

[2] S.E.Baek and S. H. Lee, “Vibration rejection control for disk drives
by acceleration feedforward control,” in 38" Conference on Decision
and Control, Phoenix, USA, Dec. 1999, pp. 5259-5262.

[3] N.Bando, S. Oh, and Y. Hori, “External disturbance rejection control
based on identification of transfer characteristics from the
acceleration sensor for access control of hard disk system,” in
Advanced Motion Control 2002, Maribor, Slovenia, pp. 52-56.

[4] C.L.Du,S.Z. Ge, and F. Lewis, ,,Ho compensation of external
vibration impact on servo performance of hard disk drives in mobile
applications,” International Journal of Adaptive Control and Signal
Processing, vol. 22, 2008, pp. 374-387.

[5] S.Pannu and R. Horowitz, “Adaptive accelerometer feedforward
servo for disk drives,” in Proc. of 36™ Conference on Decision and
Control, San Diego, CA, USA, Dec. 1997, pp. 4216-4218.

[6] A.Jinzenji, T. Sasamoto, K. Aikawa, S. Yoshida, and K. Aruga,
“Acceleration feedforward control against rotational disturbance in
hard disk drives,” IEEE Trans. Magnetics, vol. 37, no. 2, Mar. 2001,
pp- 888-893.

(71

(8]

[91

(10]

(1]

(12]

[13]

[14]

[15]

[16]

(17

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

3645

WeC15.2

K. Usui, M. Kisaka, A. Okuyama, and M. Nagashima, “Reduction of
external vibration in hard disk drives using adaptive feedforward
control with single shock sensor,” in Advanced Motion Control 2006,
Istanbul, Turkey, pp. 138-142.

M. T. White and M. Tomizuka, “Increased disturbance rejection in
magnetic disk drives by acceleration feedforward control and
parameter adaptation,” Control Eng. Practice, 5(6), 1997, pp. 741-
751.

T. Yan and R. Lin, “Experimental modeling and compensation of
nonlinearity in hard disk drives,” IEEE Trans. Magnetics, vol. 39, no.
2, Mar. 2003.

J. Q. Long, L. Guo, H. S. Lee, and B. Yao, “Modeling and
cancellation of pivot nonlinearity in hard disk drives,” IEEE Trans.
Magnetics, vol. 38, no. 5, Sep 2002, pp. 3560-3565.

L. Mirton and B. Lantos, “Modeling, identification, and
compensation of stick-slip friction,” IEEE Trans. Industrial
Electronics, vol. 54, no. 1, Feb. 2007, pp. 511-521.

J. Swevers, F. Al-Bender, C. G. Ganseman, and T. Prajogo, “An
integrated friction model structure with improved presliding behavior
for accurate friction compensation,” IEEE Trans. Automatic Control,
vol. 45, no. 4, Apr. 2000, pp. 675-686.

J. Ishikawa and M. Tomizuka, “Pivot friction compensation using an
accelerometer and a disturbance observer for hard disk drives,” IEEE/
ASME Trans. Mechatronics, vol. 3, no. 3, Sep 1998, pp. 194-201.

H. T. Goh, S. Weerasooriya, T. S. Low, and Y. H. Huang, “Modeling
and compensation of pivot friction in a disk drive actuator,” in Proc.
of the American Control Conference, Seattle, Washington, June 1995,
pp. 4141-4145.

A. Ramasubramanian and L. E. Ray, “Stability and performance
analysis for non-model-based friction estimators,” in Prof. of the 40™
IEEE Conference on Decision and Control, Orlando, Florida, USA,
Dec. 2001, pp. 2929-2935.

A. Ramasubramanian and L. E. Ray, “Adaptive friction compensation
using extended Kalman-Bucy filter friction estimation: a comparative
study,” Prof. of the American Control Conference, Chicago, Illinois,
June 2000, pp. 2588-2594.

S. S. Ge and C. Wang, “Adaptive neural control of uncertain MUMO
nonlinear systems,” IEEE Trans. Neural Networks, vol. 15, no. 3,
2004, pp. 674-692.

E. B. Kosmatopoulus, M. M. Polycarpou, M. A. Christodoulou, and
P. A. Ioannou, “High-order neural network structures for
identification of dynamical systems,” IEEE Trans. Neural Networks,
vol. 6, no. 2, 1995, pp. 422-431.

F. L. Lewis, A. Yesildirek, and K. Liu, “Multilayer neural net robot
controller with guaranteed tracking performance,” IEEE Trans.
Neural Networks, vol. 7, no. 2, 1996, pp. 388-399.

F. L. Lewis, S. Jagannathan, and A. Yesildirek, Neural Network
Control of Robot Manipulators and Nonlinear Systems. London:
Taylor and Francis, 1999.

C. L. Lin and Y. H. Hsiao, “Adaptive feedforward control for
disturbance torque rejection in seeker stabilizing loop,” IEEE Trans.
Control System Technology, vol. 9, no. 1, 2001, pp. 108-121.

D. Gorinevsky and L. A. Feldkampf, “RBF network feedforward
compensation of load disturbances in idle speed control,” IEEE
Control Systems, vol. 16, no. 6, 1996, pp. 18-27.

X.Z. Gao and S. J. Ovaska, “Friction compensation in servo motor
systems using neural networks,” in IEEE Midnight-Sun Workshop on
Soft Computing Methods in Industrial Applications 1999, Kuusamo,
Finland, 1999, pp. 146-151.

S. N. Huang, K. K. Tan, and T. H. Lee, “Adaptive friction
compensation using neural network approximations,” IEEE Trans.
Systems, Man and Cybernetics, vol. 30, no. 4, Nov. 2000, pp. 551-
557.

Y. H. Kim and F. L. Lewis, “Reinforcement adaptive learning neural
network based friction compensation for high speed and precision,” in
Proc. of the 37™ IEEE Conference on Decision and Control, Tampa,
Florida, USA, Dec. 1999, pp. 1064-1069.

J. J. E. Slotine and W. Li, Applied Nonlinear Control. Englewood
Cliffs, NJ: Prentice Hall, pp. 276-283.



