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that have to encounter nonlinearities and various uncertain-

Abstract ties in their dynamic models, such as friction, disturbance,

This paper develops a design methodology of sliding mode and load changing, and it is very difficult to reach excellent
ANFIS-Based multi-inputs multi-outputs (MIMO) fuzzy neural performance when the control algorithm is completely
network (AMFNN) control for robotic systems. This control p5sed on the robotic plant model [14, 15]. Recently, many

system consists of a sliding mode (SM) controller and an . - :
AMFNN controller. The SM controller is used to deal with un- new adaptive control schemes are proposed for rigid ro

certain parts of system dynamics and external disturbances ang,onc manipulator perturbed by unknown uncertainties and
the AMFNN controller is served as a controller approaching the disturbances [16-19]. _

ideal controller of SM controller to stabilize the system. The N this paper, a sliding mode (SM) controller [15] is em-
ANFIS-Based laws of the AMFNN parameters are derived so ployed with ANFIS-Based MIMO FNN (AMFNN) con-
that the stability and convergence of the system's parameters ofroller to deal with robotic system’s tracking control. The
AMFNN can be guaranteed. The simulation results reveal thatANFIS-Based laws of the AMFNN parameters are derived
the better performances are possessed by the proposed AMFNNq that the stability of the system and convergence of the
control compared with the adaptive fuzzy neural network parameters of AMFNN can be guaranteed. In the simula-
(AFNN) control and state feedback control. tion examples, a robotic control system is presented to

Keywords: ANFIS, m.”m"npms mu.lt"ompms (MIMO), fuzzy illustrate the effectiveness of the proposed design method.
neural network, Robotic system, Sliding mode control.

2. Problem Formulation for MIM O Nonlinear
System

1. Introduction

Many neural-networks-based control technologies have ) ) _ o _ )
been proposed to demonstrate their performances for conConsider an M-dimensional MIMO time invariant nonlin-
trol of dynamic systems. The most useful property of neu-€ar system, the system states model equation must be ex-
ral networks is their ability to approximate linear or Pressed as matrix form. To reduce the complexitypttte
nonlinear mapping through learning. Based on this prop_column of M-th order state matrix of the MIMO system
erty, neural-network-based controllers have been devel-can be expressed as following canonical form.

oped to compensate for the effects of nonlinearities and X() = f(x@®))+G(x®)ut) +d), y=x (1)
;)ésntsem aunr:jcerrotslunstlizls;hg? tlhmeprg(\)/;]r:rgor h:y:tfr?]m[tz]’-[(::g(i_mﬁ: eWhere u(t) and y denote the control inputs and outputs
concept of incorporating fuzzy logic into a neural network @nd d denotes the unknown bounded disturbance. For
referred to as a fuzzy neural network (FNN) has become asimplicity, the aforementioned functions are abbreviate
significant research topic. Based on the automation of neudenoted as<, d, u, f , andG in the following discus-

ral networks by introducing learning capacities, the designsions. In this paper, the control law will be discussed at
and implementation of fuzzy logic control systems have first; then the overall control law will be derived by the
become very active areas of researching in recent years [4lsame way.

Recently, The Adaptive Network-based Fuzzy Inference The objective of a control system is to design a con-
System (ANFIS) [5] has been applied in many area of re-troller of u such that the system output can track a de-
searchesTMand has been embedded in toolbox Okjreq signalx,.Then an ideal control law” can be de-
MATLAB ™ [6-9].

To deal with the multi-inputs multi-outputs (MIMO) signed such as to achieve an error dynamic equation [15].

nonlinear control systems, some adaptive fuzzy control andowever the un-modeled Qynam|c§ and externgl g|stur-
neural fuzzy control systems have been proposed [10-13]Pance are always unknown in practice, so tnats diffi-
Robotic systems are well known MIMO nonlinear systems cult to design. Recently, many literatures have been pro-
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posed to solve this problem. But they are suffered prob- +(W %) Byt -+ (WeXn) Pin + (W)T, (5)

lems of complex manipulations and not good enough per-tpe hybrid learning algorithm developed in [5] can be
formances. In this paper, the controller is designed simplyapplied to (5) directly. A two inputs neural network struc-
by using a sliding mode ANFIS-Based MIMO fuzzy neural {re of ANFIS is shown in Fig. 1. In the hybrid algorithm,
network (AMFNN) controller to cope with model free fynctional signals go forward till layer 4 of Fig. 1 and the

problem such as to let the states to be closed to the regioEonsequent parameterg . p,,., are identified by the
of desired states; meanwhile, the sliding mode controller is

used to maintain the systems’ states in the sliding surface
finally letting u approximating theu” such as to achieve
better performance and satisfy the stability convergence;

least squares estimat@g SE) approach. In théackward
pass the error rates propagate backward and the premise
parametersx, X, are updated by the gradient descent

that is lim e= 0. The controller is designed as approach.

tooo layer 1 layer 2 layer 3 layer 4 layer 5

U =Uamrnn + Usim 2)
where Upyeyy 1S @an ANFIS-Based MIMO controller and W Wiy
the ug), is a sliding mode controller. K
X X2 u
3. Sliding Mode ANFIS-Based MIMO Fuzzy
Neural Network Design Wallp

Xzo\
The ANFIS uses a hybrid learning algorithm to identify the @/ W2 Y2t
membership function parameters to generate Takagi- X X2
Sugeno type fuzzy inference systems (FIS). It uses the
method of combination of least-squares and back-
propagation gradient descent methods to train FIS mem-
bership function parameters to model a given set of in-

put/output data. The principle of ANFIS is briefly de- 4. Simulation Results of Robotic Control
scribed as follows [5].

Fig. 1. A two-inputs one-output ANFIS architecture

R:If xis A ..andy is B In this section, an MIMO nonlinear system of robotic sys-

_ tem is illustrated to verify the effectiveness of the proposed

then hy= px+qy +n (3)  design method. The robotic system is a two-link, articu-
where R denotes théth fuzzy rulesj=1, 2,..r; A is the lated manipulator which positions can be described by a

fuzzy set in the antecedent associated withktheinput joint angle vectorq:[ql qz]T , and the actuator input is
variable at theith fuzzy rule, andpg,... r, are the
fuzzy consequent parameters.

Based on defuzzification. The outptitcan be calculated

e the torque vectou =[r; 7,]" applied to the manipulator

joints. The nonlinear dynamics of such a robotic manipula-
tor is a two-inputs two-outputs coupled system which can

as w w be written as following form [15]
h= +—2 H(q)§+C(q,q)q+L(q) =u, 6
Wl+W2hl W1+W2h2 (@6 +C(a,a)g+L(g) =u (6)
=Wy +..+ WU, (4) Wwhere H(q) is the 2x 2 manipulator inertia matrix,

where w; is theith node output firing strength of thth
WM w=—h

W+ W, W+ W,

Because the fuzzy inference system is a Takagi-Sugengroblem for such a system is to design the control law such

type,i.e., h = px+qy+r , Eq. (4) can be rewritten as  nat the required actuator inputs to the robot are sufficient

h="wih +Wh to perform the tracking control. Assuming that the robotic
= (WX) Rt + (W) P + (W

+

C(9,9)q is the vector of centripetal and Coriolis torques,

rule, andw, = and L(q) is the gravitational torque vector. The control

manipulator is in the horizontal plané (@) =0), the dy-

namic equation can be written explicitly as [15]
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{HM le}{o'ﬂH— hg - r(mqﬂ{oa} H @)
Ho Hao | G hay 0 % T2
where

Hy = &+ 2 cosy, + 2a,Sing,,

H.,= Hy= &+ a;cosq, + a,Sing,, (8)

Hyp = ay,

h= aSSin g, — a4, C0sy,
with

= e+méc2e1
()]

a3 =M}l ,,COSO,

a, =m 4l ;eSiNd,,
the parameters values of the robotic system are given a
m=1, 1L=1, m=2, 6,=30, I,=012, |4=05,
l.=025,1,.=06.
Equation (7) can be rewritten as a state equation

4= f(@) +Gy(au (10)
where
s — [ S IT , f . :|:A11 '012:||:0ﬂ.:|
a=[q ¢l (@=L
Gq(a) :{Bﬂ Blz} andu :[rl TZ]T. Because the state
le 22

of (10) is q, it is necessary to make transformation for this
state equation with state vector gfsuch that the error
dynamic equation of] can be established. By defining the
states asq =¢;, X% =0y, X =and x, =q,, then, four-
th order equation of (10) can be obtained.
The joint angle error vector is defined as x4 —x, the
controller can be designed as

U =Uayenn + Usw (11)
Where U, enn FEPresents the estimated AMFNN control-
ler. The robot, which is initially at rest aty(= 0°,q, =0°),
is commanded to follow a desired trajectory
duz ()7 30 (i-coszt)) and gy, ( ) 45 (I cos@r)) .
Moreover, 50% mass uncertainties raf and m, is also

simulated to illustrate the robust control performance. For
simulation results, the proposed controller in (14) will be
compared with adaptive fuzzy neural network (AFNN)
controller and state feedback controller to verify the effec-
tiveness of the proposed control methodology. ANFIS is
designed as in Fig. 2. The simulation results are shown ir
Fig. 3. The simulation results show that the AMFNN con-
troller can cooperate with sliding mode controller to

Copyright (c) 2013 International Journal of Computer Science Issues. All Rights Reserved.

85

achieve better and robust control performance than the
AFNN control and state feedback control.

B Anfis Model Structure
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Fig. 2. The ANFIS structure diagram
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