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ABSTRACT

In this article, an intelligent compensation control algorithm for low-speed robot joint with dynamic friction
was proposed based on self-recurrent wavelet neural networks (SRWNN). It is not necessary to predict the
dynamic model parameters, and the high-precision compensation of nonlinear friction is realized by using
few neurons and iterations through only position feedback. Lyapunov stability analysis results show the
bounded convergence of tracking error and network weights. The servo experimental results from a certain
type of robot joint show that the positioning accuracy can be greatly improved by introducing the proposed
intelligent algorithm.
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1. INTRODUCTION

Friction is the bottleneck for low-speed servo
drive system [1] to improve the dynamic and static
performance, and it can cause some malpractices
such as phase-lag, repeatability deterioration, stick-
slip motion, commutation error and waveform
distortion, etc. Therefore, the study of friction
compensation has been an important issue in the
field of precision motion control.

Friction compensation control method can be
divided into model compensation and model-free
compensation. The current research results have
shown that the friction is a complex nonlinear
function which has zero gap and piecewise
continuous characteristics. The friction model
parameters are related with shaft structure,
lubrication condition, temperature, load type and
servo speed, etc. Since the time-varying
characteristic of influencing factors, it is difficult to
directly use fixed friction model to compensate.
Genetic algorithm is a kind of approach for
nonlinear identification [2]. Jiao  proposed a
genetic algorithm to identify the friction model
parameters and to make the compensation term
continuously approach the actual friction [3]. Zhou
proposed an adaptive coulomb friction model based

on the SVM (support vector machine) regression,
and the inaccurate modeling problem caused by
discontinuous friction torque at zero-speed was
solved [4]. In [5], the online estimation and
compensation for friction is realized through the
fuzzy adaptive adjustment. A friction compensation
method by using the friction state observer with
time-varying gain is proposed in [6]. Model-free
compensation method regards friction as a kind of
nonlinear disturbance of the system, and uses the
robust method to stabilize the output, thus it is not
necessary to detect the friction parameters. The
representative methods are as follows: high gain
PID control (i.e., in [7]), friction estimation and
compensation based on extended Kalman filter (i.e.,
in [8]), the robust control based on the disturbance
observer (i.e., in [9]), etc. In recent years, the neural
networks [10], such as BP, RBFN, Gauss, etc., has
been successfully applied in the nonlinear domain
for the capability of high precision approximation
to the continuous functions. However, for the
nonlinear functions with piecewise, discontinuous
characteristics, the approximation ability is limited
even if using more neurons and iterations. Rastko
proposed a neural network structure with additional
jump-neurons to approximate the piecewise
continuous functions [11]. Kemal established a
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Sigmoid feed-forward neural network with only
one speed-input node to compensate the friction
[12]. An extension neural network with ogee jump
activation function was designed to compensate
friction in [13], but the neurons threshold of
activation function must be set at the discontinuity
point of approximated function. Seong used a
regression fuzzy neural network to compensate the
dynamic friction, and realized the high precision
positioning of the position servo system [14]. The
CMAC neural network is employed to realize the
local approximation and feed-forward
compensation control of nonlinear friction in [15].
Wavelet neural networks (WNN) is different from
the above mentioned neural networks [16]. It is
developed in the framework of multi-resolution
analysis, and has the ability to extract the signal
detail components. Hence, WNN can be used to
approximate the discrete nonlinear functions. In this
paper, an intelligent control algorithm for friction
compensation based on self-recurrent wavelet
neural network is proposed, and the experimental
results are shown.

2. STRUCTURE OF SELF-RECURRENT
WAVELET NEURAL NETWORK

output layer

product
layer

Figure 1 Self-Recurrent Wavelet Neural Network

Self-recurrent wavelet neural network is a
dynamic feedback network, and it has the mapping
function of the dynamic characteristics by storing
internal state, thus the network has the time-varying
characteristics. The compactly supported wavelet
makes the self-recurrent wavelet neural network has
superiority at approximation of the revulsion and
discontinuous functions.

Design a self-regression wavelet neural network
structure with four layers, namely, input layer, the
regression layer, the product layer and output layer,

as shown in Figure 1. The variable symbols are as
follows:

k —Servo cycle number;

v(k) —Input vector of the input layer;
v, (k) —Input vector of the regression layer;

v (k) —The i-th variable of the regression layer
input vector;

w (x) —Activation function of the regression layer
neurons;

v! (k) —Output of the i-th neuron in the regression
layer;

v, (k) —Output of the j-th neuron in the product
layer;

W, (k) —Ideal weights of the j-th neuron of the
product layer and output layer;

y(k) —The network output.

The network output is

Y0 = W, 0¥} () W

where N; is the number of product layer neurons.

The network product layer output is

N
Vi) =T v (k) @
i=1
where N, is the number of regression layer
neurons.

The network regression layer output is

vy (k) =y (v (K)) 3)

where the activation function of the regression layer
neurons is the Mexican-Hat wavelet function

w(x)=(@1-x")-exp(-x* 1 2) 4)

The input vector of the regression layer is

vy (K) =[v(k) v (k-1)] ®)
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The input vector v(k) of the input layer can be

defined in accordance with the control object and
the measured state variable.

3. INTELLIGENT CONTROL ALGORITHM
BASED ON FRICTION COMPENSATION
3.1 SYSTEM MODEL

The dynamics equation of robot joint position
servo system can be expressed as

M (0)6 +C(6,0)0 +K(0)+F(6) =7 (6)

where @ is the actual position, M is the positive
definite inertia term, C is the coupling term, K is

the positive definite stiffness term, F is the low-
speed nonlinear dynamic friction, and 7 is the
input control law.

Tracking error is

e=6,-6

Error function is defined as

r=e+Ae

where A >0 is the filter coefficient, thus

O=-r+6,+Ae

Mr =M (6, — 6 + Aé)
=M (@, + A&)—M b
=M, +A&)+CO+F +K -7
=M (@, + A&)—Cr+C(f, + Ae) +F + K -7
=—Cr—7z+f

()

where  f=M(d, +A&)+C(0, + Ae)+ F +K s
the uncertain item, and associated with the vector
vik)=[e ¢ 6, 6, 6,] . f -contains the
nonlinear friction term F , which is intermittent at
zero and usually unknown in practical engineering,

thus it is needed to be approximated by the control
law.

The control law is defined as
r=f+kr (8)

where f is the approximation of f , k
control gain.

is the

v

Combining (8) and (7) yields
Mi=-Cr—7z+ f
=—Cr—f—kr+f )
=—(C+k)r+f

where f=f—f , that is the approximation

accuracy of f to f.

Considering the convergence of tracking error,
the Lyapunov function can be defined as

V:er2
2

The first-order derivative is

V =Mr¢ =rf —(C+k,)r?

As aresult, when Kk, is a constant, the stability of
the control system will depend on the
approximation  precision f Therefore, the
identification and approximation of f ultimately
affects the control performance.

3.2 THE SELF-RECURRENT WAVELET
NEURAL COMPENSATION OF f

The self-recurrent wavelet neural network shown
in Figure 1 is used for the self-adaptive
approximation of f The input vector is

v(ky=[e ¢ 6, 6, 6,], the nominal value of
the network ideal weight W, (k) is defined as
W; (k)
W, (k) =W, (k) W, (k) . Considering the actual

situation, the

, and the weight error is

true value of f satisfies

N _
f=>W,(k)-v!(k)+&, where ¢ is the network
-1
approximation error, and |¢| < &, .

The network nominal
according to (1) is

value output of f

f (k)= ij (K)-v) (k) (10)

The control law (8) is rewritten as
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r=f+kr-p (11) Since re+rB=re—g, sgn(r)r=re—|rle, <0,

where S is the robust term used to overcome the

network approximation error ¢, it can be designed
as

B =~y sgn(r)
Combining (11) and (7) yields

MF=—(C+k)r+f+s+8 (12

The self-recurrent rate of the network nominal
weight Wj (k) is defined as

W, (k) = Av) (K)r (13)

where A >0 is the weight convergence coefficient.
Weights obtained by the differential equation (13)

W, (k) is updated online through the position error
e(k) and the change rate of the position error
é(k) in the k-th servo-cycle. The updating of the k-
th network weights W; (k) uses only the (k —1) -th

servo-cycle data, and the adjustment of network
weights can be done only in the k-th servo-cycle.
There is no need to readjust the weights from the
initial time, thus the adjustment time is greatly
saved.

3.3 STABILITY  ANALYSIS
PROPOSED ALGORITHMS

OF THE

Consider the uniform convergence of the
tracking error and the network weights as the
control objectives, the Lyapunov function can be
redefined as

L

V(K) =S Mr? +
2 24

W, (k)*
The first-order derivative is
. 1 -~ *
V (k) = Mrf +EWj (k)WJ. (k)
=rf —(C+k)r*+rs+rp

— (W, (k) =W, (K)v (k)r
=—(C+k)r’+re+rp

170

thus V (k) <0, Lyapunov stability conditions can
be satisfied, the tracking error and the network
weights will remain UUB. Thus, the stability of the
intelligent control algorithm is only related to the
selection of A, k, and A, and independent of the

system parameters, thus it is robust. In accordance
with the above algorithm, the position control
system block based on the friction compensation is
designed as shown in Figure 2.

Eq.

son (1) [ Ea®)

Figure 2 Self-Recurrent Wavelet Neural Friction
Compensation Control System Block Diagram

4. EXPERIMENTAL RESULTS

Position control experiments are carried out
under the low-speed conditions at a robot joint
shown in Figure 3. The host computer is industrial
PC, the hypogynous machine is Turbo PMAC servo
card, MicroE2000 circular grating measures the
actual joint position @ , CYB torque sensor
measure the output torque, and CF-2 magnetic
powder brake offer dummy load.

Robot joint Circular grating

Magnetic powder
brake

Torque sensor
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Figure 3 Robot Joint Position Control Experiment ~ RBFN, Gauss, etc., it has several advantages,
Bench namely, the simple topological structure, small
scale, easily realized, and high identification and

The expectation trajectory is given as approximation precision.

6, =0.05xsin(2z /6-t)rad , namely the sine

function of the amplitude for 0.05rad, cycle for 6s. 00 ey o ion compensation
Without detecting system parameters, two position 004 trajectory with friction compensation
tracking experiments are employed. The first o 003
experiment is done by debugging control gain £ o02
A =5 and k, =40 to make position tracking error 2 001
. _: = 0
reduced into 4.8x10°rad bounded range. The voL
second experiment is performed on the basis of the ; 0'02
control gain A =5 and k, =40, and then the self- 3 _0‘03
recurrent wavelet neural compensation algorithm 004
shown in Figure 1 and Figure 2 is introduced. The 005 ‘ ‘ ‘ ‘
neurons number of the regression layer is N, =2, 0 ! z Timea(sec) 4 ° 6
the neurons number in the product layer is N; =2,
the initial value of the network nominal weight (@) Position Tracking Results
Wj(k) are all set to be zero, weight convergence a0’ tacking oo ot o campensaton
CO@fﬁCient iS i 21300 in (13) ) tracking error with friction compensation
The response curves of the two experiments are 3

shown in Figure 4 for a comparison. (a) shows the
position tracking results with and without the
friction compensation, one can see that there is a
clear phase lag and slightly flat-topped
phenomenon of position tracking before

Tracking error (rad)

. .. . . 2
compensating friction, the tracking performance is -
greatly improved after using self-recurrent wavelet
neural network for friction compensation. The 4
contrast curves of tracking error can be obtained by S0 1 2 3 4 5 6
(b), the error peak from 4.8x107%rad to Time (sec)

3.8x10™rad, improved by about 12.6 times. (c)
shows the output torque of the controller is
maintained within a smaller range of variation with
and without friction compensation, which indicates
the friction compensation does not consume too
much energy, and this method can save energy if it
is compared with conventional high gain friction
compensation. Furthermore, the boundedness of
network weights in (d) also verifies the above
conclusion.

(b) Position Tracking Error

=
o

— without friction compensation
— with friction compensation

[N

o
n

The above analysis shows that the proposed self-
recurrent wavelet neural network compensation
algorithm not only do not need to predict the
dynamic model parameters, but also only need one 1
state variable, namely the actual positon. The
complex nonlinear friction is approximated by the
proposed network with a small number of neurons
and simple weights iterative algorithm. Compared
with the existing neural networks, such as BP,

Controller output torque (Nm)

0 1 2 4 5 6

3
Time (sec)

(c) Controller Output Torque

e
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L,-norm of network weights

4 5 6

) 1 2

3
Time (sec)
(d) L, Norm Of Network Weights

Figure 4 Experimental Result

5. CONCLUSION

The self-recurrent wavelet neural network has
gradually refined description characterization of
mutant function, and there is no requirement about
the continuity of the function to be approximated.
The self-feedback function of the network makes
itself has a memory function, and it can map the
dynamic characteristics of the mutation, thus it is
suitable for approaching the discontinuous
nonlinear dynamic friction at zero. There is no need
to artificially separate zero for dynamic nonlinear
friction function. Form the experimental results in
this article, one can see that: for the low-speed
position-servo  system, the position tracking
accuracy can be greatly improved just only by
introducing the proposed self-recurrent wavelet
neural network compensation algorithm on the
basis of the conventional controller.

6. ACKNOWLEDGMENTS

This work was supported in part by the
Specialized Research Fund for the Doctoral
Program of Higher Education (20110005120004),
Scientific and technological innovation projects of
General Armament Department(ZYX12010001),
the National Natural Science Foundation of China
(61175080), the National High Technology
Research and Development Program of China
(2012AAT7096018) and the Fundamental Research
Funds for the Central Universities (2012RC0504).

e
172

REFRENCES:

[1] B. Badre, K. Mohammed, I. Silviu, et al., “Low-
speed sensorless control of pmsm motor drive
using a nonlinear approach backstepping control:

FPGA-based implementation”, Journal of
Theoretical and  Applied Information
Technology, Vol. 36, No. 12, 2012, pp. 154-
166.

[2] A. H. Shiraz, N. Umar, A. Faraz, et al., “Genetic
algorithm based bowling coach for cricket”,
Journal of Theoretical and Applied Information
Technology, Vol. 37, No. 2, 2012, pp. 171-176.

[3] Jiao Z.Q., Qu B.D. and Xu B.G., “DC servo
motor friction compensation using a genetic
algorithm”, Journal of Tsinghua University,
Vol. 47, No. S2, 2007, pp. 1875-1789.

[4] Zhou J.Z., Duan B.Y., Huang J., et al., ”Support
vector regression modeling and backstepping
control of friction in servo system”, Control
Theory & Applications, Vol. 26, No. 12, 2009,
pp. 1405-14009.

[5] zZhang G.Z., Chen J. and Li Z.P., “Adaptive
fuzzy friction compensation for linear motor
servo systems”, Electric Machines and Control,
Vol. 13, No. 1, 2009, pp. 154-160.

[6] Huang X.L., Bao W.L., Lu H.Q. et al,
“Friction compensation using observers with
time-varying gain”, Electric Machines and
Control, Vol. 15, No. 11, 2011, pp. 46-49.

[7] Armstrong B., Neevel D. and Kusik T., “New
Results in NPID Control: Tracking, Integral
Contraol, Friction Compensation and
Experimental Results”, IEEE Transantion on
Control Systems Technology, Vol. 9, No. 2,
2001, pp. 399-405.

[8] Opart G., “Compensation and Estimation of
Friction by Using Extended Kalman Filter”,
SICE-ICASE International Joint Conference,
Institute of Elec.and Elec. Eng. Computer
Society (United States), 2006, pp. 5032-5035.

[9] Yu S., Fu Z., Yan W.X,, et al., “Method of
friction compensation based on disturbance
observer in inertial platform”, Journal of
Harbin Institute of Technology, Vol. 40, No. 11,
2008, pp. 1830-1833.

[10] Y.L. Zhang, “Tracking control for wheeled
mobile robots using neural network model
algorithm control”, Journal of Theoretical and
Applied Information Technology, Vol. 46, No. 2,
2012, pp. 794-799.

[11] Rastko R. S. and Lewis F. L., “Deadzone
Compensation in Motion Control Systems



http://www.jatit.org/

Journal of Theoretical and Applied Information Technology
10" April 2013. Vol. 50 No.1 B

© 2005 - 2013 JATIT & LLS. All rights reserved-

" A m—
A iil

ISSN: 1992-8645 www.jatit.org E-ISSN: 1817-3195

Using Neural Networks”, IEEE Transaction on
Automatic Control, Vol. 45, No. 4, 2000, pp.
602-613.

[12] Kemal C. M. and Masayoshi T., “Friction
modelling and compensation for motion control
using hybrid neural network models”,
Engineering  Applications  of  Artificial
Intelligence, Vol. 20, No. 7, 2007, pp. 898-911.

[13] Song S.M., Song Z.Y., Chen X.L., et al., “The
Nonlinear Friction NN Compensation of Inter-
satellite  Optical Communication  Coarse
Pointing Subsystem”, Acta Aeronautica Et
Astronautica Sinica, Vol. 28, No. 2, 2007, pp.
358-364.

[14] Seong I. H. and Kwon S. L., “Robust friction
state observer and recurrent fuzzy neural
network  design for dynamic friction
compensation with backstepping control”,
Mechatronics, Vol. 20, No. 3, 2010, pp. 384-
401.

[15] Ma P., Wang S.Y., Qin L., et al., “Cerebellar
model articulation controller (CMAC) for
antenna pointing and tracking system”, Journal
of Jilin  University  (Engineering  and
Technology Edition), Vol. 40, No. 4, 2010, pp.
1091-1095.

[16] Yoo S. J., Park J. B. and Choi Y. H., “Adaptive
Output Feedback Control of Flexible-Joint
Robots Using Neural Networks: Dynamic
Surface Design Approach”, IEEE Transaction
on neural networks, Vol. 19, No. 10, 2008, pp.
1712-1726.

173


http://www.jatit.org/

	1MING CHU, 2JING-ZHOU SONG, 3QING-XUAN JIA, 4XIN GAO

