8

Adaptive Control Based On Neural Network

Sun Wei, Zhang Lujin, Zou Jinhai and Miao Siyi
College of Electrical and Information Engineering, Hunan University
Changsha City, Hunan Province, P. R. China

1. Introduction

Neural network has good nonlinear function approximation ability. It can be widely used to
identify the model of controlled plant. In this chapter, the theories of modeling uncertain
plant by using two kinds of neural networks: feed-forward neural network and recurrent
neural network are introduced. And two adaptive control strategies for robotic tracking
control are developed. One is recurrent fuzzy neural network based adaptive control
(RFNNBAC), and another is neural network based adaptive robust control (NNBARC). In
RFNNBAC, a kind of recurrent fuzzy neural network (RFNN) is constructed by using
recurrent neural network to realize fuzzy inference, In which, temporal relations are
embedded in the network by adding feedback connections on the first layer of the network.
Two RFNNs are used to identify and control plant respectively. Base on the Lyapunov
stability approach, the convergence of the proposed RFNN is analyzed. In NNBARC, A
robust controller and a neural network are combined into an adaptive robust robotic
tracking control scheme. Neural network is used to approximate the modeling uncertainties
in robotic system. Then the disadvantageous effects on tracking performance, due to the
approximating error of the neural network and non-measurable external disturbances in
robotic system, are attenuated to a prescribed level by robust controller. The robust
controller and the adaptation law of neural network are designed based on Hamilton-Jacobi-
Issacs (HJI) inequality theorem. The weights of NN are easily tuned on-line by a simple
adaptation law, with no need of a tedious and lengthy off-line training phase.

This chapter is organized in the following manner. In the first section a robust robotic
tracking controller based on neural network is designed and its effectiveness is proved by
applying it to control the trajectories of a two-link robot. Secondly, a recurrent fuzzy neural
network based adaptive control is proposed and simulation experiments are made by
applying it on robotic tracing control problem to confirm its effectiveness. Finally, some
conclusions are drawn.

2. A robust robotic tracking controller based on neural network

In the past decades, there has been much research on the applications of nonlinear control
theory to control robots, and many useful properties of robot dynamics such as the skew-
symmetry property were discovered. There are basically two strategies to control such
uncertain nonlinear systems: the robust control strategy and the adaptive control strategy. A
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convenient point of robust control strategy is that it can attenuate disadvantageous effects of
various uncertainties (e.g., structured parametric uncertainties and unstructured
disturbances) to a required level, provided that the upper bound of uncertainties is well
known (Abdallah et al. 1991). However, since this strategy use max-min method to design
the controller, it can not yield good transient performance. On the other hand, regressor
matrixes are always used in the design of adaptive control systems for robot manipulators
(Ortega & Spong 1989). In this situation, the unknown nonlinear dynamics of robotic
systems are always assumed to be linearly parametrisable. However, there are some
potential difficulties associated with this classical adaptive control design. For example, the
unknown parameters may be quickly varying, the linear parametrisable property may not
hold, computation of the regressor matrix is a time-consuming task, and implementation
also requires a precise knowledge of the structure of the entire robot dynamic model (Saad
et al. 1994; Sanner & Slotine 1998; Spooner & Passino 1996).

It has been shown that multi-layer neural networks can approximate any continuous
function as accurately as possible. Based on this universal approximation property, many
important adaptive neural-network-based control schemes have been developed to solve
highly nonlinear control problem (Sanner & Slotine 1998; Spooner & Passino 1996; Narenra
& Parthasarathy 1990; Polycarpou 1996). But most of these schemes use grads-descent
method to train the weights, which can not ensure the stability of whole closed-loop system.
In the recent years, researchers began to develop the neural-network-based controller with
closed-loop stability based on the Lyapunov method. A controller based on forward
propagation network was developed in (Carelli et al. 1995), but it didn’t consider the effects
of uncertainties. An adaptive neural network control strategy with guaranteed stability was
proposed in (Behera et al. 1996) on the assumption that the approximation error of the
neural network is known and bounded.

In the first part of this chapter, we will propose a neural-network-based robust robotic
tracking controller according to HJI inequation theorem presented by Shen in (Shen 1996). A
neural network equipped with a robust learning algorithm is introduced firstly to learn the
modeling uncertainties in robotic system. Then the disadvantageous effects on tracking
performance caused by neural network approximating error and non-measurable external
disturbances in robotic system will be attenuated to a prescribed level by the designing a
robust controller.

This section is organized as follows. In subsection 2.1, HJI inequation theorem is introduced.
In subsection 2.2 the dynamics of robot system and its properties are described. The neural
network based robust control strategy is proposed in subsection 2.3, where the structure of
robust controller and the robust learning algorithm of neural network are derived.
Simulations for a two-link robot are presented in subsection 2.4.

2.1 HJl inequation theorem
A system with non-measurable disturbance d can be formulated as:

% = £(x) + g(x)d 1)

For evaluating the disturbance restraint performance of system (1), an evaluation signal
z =h(x) is introduced to represent the signals need to be concerned, such as error. And a

www.intechopen.com



Adaptive Control Based On Neural Network 183

performance index signal can be defined as:

I,

o,

J= ®)

Obviously, smaller ] means better disturbance restraint performance. The robust design
problem of system (1) can be solved by designing a controller to make ] less than a
prescribed level.

HJI(Hamilton-Jacobi-Isaacs)InequationTheorem: Given an positive constant y >0, if there
exists an derivable function, V(x)20, which satisfies the following HJI inequation:

ov .

V=i W g g < Lh Yo v Q

then the performance index signal of system (1) is less than y , thatistosay, J<y.

2.2 Problem statement
The kinetics equation of a robotic manipulator with uncertainties can be expressed as:

M(@)q + V(9,99 +G(q) +AT(q q) +dr =T “)

where q,q,§eR" is the joint position, velocity, and acceleration vectors; M(q) € R™"
denotes the moment of inertia; V(q,q)q are the Coriolis and centripetal forces; G(q) includes
the gravitational forces; T is the applied torque; AT(q,q) represents the modelling
uncertainties in robotic system, and dy is external non-measurable disturbance.

It is well known that the robot dynamics has the following properties.
Property 1— Boundedness of the Inertia matrix: The inertia matrix M(q) is symmetric and

positive definite, and satisfies the following inequalities:
O<AI<sM(q) <Ayl )

where 1,,and Ay are known positive constants.

Property 2—Skew symmetry: The inertia and centripetal-Coriolis matrices have the
following property:

eT{M(q)-2V(q,q)}¢=0,¥EeR" (6)

Property 1 is very important in generating a positive definite function to prove the stability
of the closed-loop system. Property 2 will help in simplifying the controller.

The aim of this paper is to design a neural-network-based robust controller (NNBRC) for the
robot system under uncertainties, such that closed-loop system is guaranteed to be stable
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and the joint position q(t) can track the desired trajectory qq(t) rapidly and accurately.

2.3 Design of NNBRC
A NNBRC is proposed in this section. In the proposed strategy, a neural network (NN) is
firstly used for identifing modelling uncertainties AT(q, q) , then, a robust learning algorithm

and a robust controller are designed based on HJI equation theorem to counteract the
disadvantageous effects caused by approximation error of the NN and external disturbance
dg -

2.3.1 Construction of the neural network
@

i

M

A three-layer NN is shown in Fig.1.Using u;”,0;” to denote the input and output of the ith

node in the lth layer separately, the signal propagation and the operation functions of the
nodes in each layer are introduced as follows.

Fig. 1. Structure of three-layer NN

Layer 1— Input Layer:

ogl) =u§1) =x;,i=12,---,m 7)
Layer 2 — Hidden Layer:
u® =3, j=12k ®)
i=1
052) :0]- :1/[1+8Xp(—u52))],]':1/2/"',1( (9)
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Layer 3 — Output Layer:

k
yn=op =ui = 2wy -0’ h=12:-n (10)
j=
Let
Wi Wiz o Wik o1 Y1
Wy Woy 0 W o
W= :21 :22 . :21< o=, Y= Y:2
Wnl Wnp 0 Wik Ok Yn
then the outputs of the three-layer NN can be written as:
Y=Wo (11)

In this paper, the three-layer NN described above will be used to identify the modeling
uncertainties AT(q,q) in robotic system. Using &y to denote the network approximation

error, then the modeling uncertainties can be denoted by:
AT (q.9)=Wror +e1AT(q,9) (12)

where Wr is the weight matrix, o is the activation function vector.

Substitute (12) into (4), then the dynamics of the robot manipulator with a NN identifier can
be formulated as:

M(@)q +V(q g +G(q) + Wror +er +dg =T (13)

Regarding &7 as another external disturbance of robotic system, and using eg =7 +dg,

then (13) can be rewritten as:
M(@q+V(q9q+G@+Wror +eg =T (14)
For attenuating disadvantageous effects caused by e to a prescribed level, a robust

learning algorithm of NN and a robust controller can be designed based on HJI equation as
below 2.3.2.

2.3.2 Robust controller and NN learning algorithm
At first, we introduce a control signal u, which satisfies:

M(@)qq + V(@ 9qq +G(@+u=T (15)

where q4,q4,Gq €R" is desired joint position, velocity, and acceleration vectors separately.
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Thus, the closed-loop robot control system can be constructed by substituting (15) into (14).
Let e=q—qq , the closed-loop system can be formulated as:

M(q)e + V(q,q)e + WroT +€g =u (16)

By regarding sy as external disturbance and introducing the evaluation signal zy = pe,

where p is a positive constant, we can define the index signal as:

28

lerl 20 ler

Jr = 17)

The idea of NNBRC is to design controller u and the NN learning algorithm Wy such that
Jr is less than a prescribed level, y .
Define two state variables as:

{’“ - (18)

Xy =€+ ae

where ¢ is an prescribed positive constant. Thus, system (16) can be rewritten as:

X1 =Xy X
) (19)
MXZ Z—VX2 +C()—WTO'T —&ér tUu
where ® =Mae + Vae , Wt is a nxk matrix that can be described as:
Wrtin Wtz 0 WTik
Wr21 W22 0 Wk
W= . : : =W wr o w]
WThnt WTn2 7 WrTnk
Theorem 1: Considering system (19), if the learning algorithm of NN is:
Wr =W (20)
The controller u is designed as:
u=-x1 -0+ Wro —(5 + ! jx (21)
1 TOT |2t U X2

and the parameter p in the evaluation signal , zg = pe = px4, satisfies:
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a-%p2 e (22)

where &1,&, and 7 are all prescribed positive constant, then the disturbance restraint index
signal of system (19), ], is less than .
Proof: Considering system (19), we define the following derivable function:

1 1 1
L:E'X{'Xl +E-XE-M-X2 +E||WT||2 (23)
Thus,

. . . 1 . m .
L= x?xl +ngx2 +Engx2 + ZWTTini
i=1
=X1T(X2 —-axq )+xg(a)—WTUT —&R +u)
1 . m .
+EXE(M—'2V)X2 + ZWT'i"iWTi

i=1

According to Property 2 of the robot dynamics, the above equation can be rewritten as:

C_ T T m .
L=xq (xg -ox1)+ X3 (@-Wr0oT -6R +U)+ LW Wy
i-1

T T LU
=-X1aX1 +X3 (X{ +®-WTOT -€6g + W)+ LW Wy
i=1

Substituting (20) into above equation, then
. T T 2
L =—X{10X1 tXp (Xl + a)—'WTUT -ER T u) —'77||WT||
Regarding ey as external disturbance, let

-1 2 1 2
H=L=27flex]” + el

=—0{||x1||2 +xg(x1 +o-Wror +u)—xgeR

2 1 2 1 2
—nWr " =272 er ] +5 07

= —(a - %pzj"m"z + xg(xl +o-Wyop +u)

1
~xJeg ~n|Wr? —572||5R||2
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c2deg - e |? = —bxTex + 72 Jex )

1 1
e

{l - anuz}
Y 72
I SV ’ L o
V4 )/2
1
<— x|

1 1
woxen =gkl s bl

1 1
s {agp? Jpal’ +x3 6 -0 -Wror su) -+ Sl

1 1
:—(a _Epzjllxlllz +XE[X1 +60—WT oT +u+2}/—2X2j—77"WT"2

Substituting (21), (22) into above inequation, then

H < —e[x[* - eafpxa|* - mWr|* <0

-1
L e

According to HJI equation theorem, we can conclude that the disturbance restraint
performance index signal of system (19), Jg, is less than y . The structure of the proposed

neural network based robust control strategy is illustrated in Fig. 2.

w» Mi;+Vi, +G

Fig. 2. Structure of the NN-based robust tracking control system
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2.4 Simulation example
In this section, the proposed control strategy will be applied to control the trajectory of a
two-link robot (see Fig. 3) for proving its effectiveness.

Fig. 3. Two-link robot

In Fig.3, mland m2 are masses of arm1 and arm?2 respectively; 11 and 12 are lengths of arm1
and arm?2; t1 and t2 are torques on arml and arm2; 64 and 0, are positions of arml and

arm2. The dynamics model of two-link robot is same as (4).

Let
T - : - T
q=[61 6,]", q=[61 92] (24)
. [ . ]T T
q=61 62], T=[ty t] (25)
¢cj =cosb;, s; =sinb;, ¢y =cos(0; +6;) (26)

then M, V,G in (4) can de described as:

M(q)=|:mll% +m%(l% +1% +21112C2) mZI% +m221112c2:| (27)
m212 +m21112C2 m212
V(q, ) _ — 2m211125-2q2 —m1111252q2 (28)
m2111282q1 0
mylygeyy +(my +my)lygey
Gla)= 1 9
myla8C12
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In this paper, the parameters of the two-link robot are m =10kg, m, =2 kg, 1; =1.1m,
and 1, =0.8 m. The Initial states are q(0)=[0.5 0.5] rad, q(0)=[0 01" rad/s, and
q@)=[0 0]" rad/s2. The desired trajectories can be described as:

qq(t) = [sin@at) cos(2t)]! rad (30)
qq(t) =[2mos2at) - 2msin(2zt)|" rad/s (1)
da ()= 4x2sin@at) - 4z2cos2at)]' rad/s? (32)

The model error due to friction is assumed as:
_ 0.5sign (é)[0.1+ exp(—|é1|)] Nm (33)
sign (€)[0.2 + exp(-Jé; )]

The external disturbance, dg =[d; d 2]T is a random signal which amplitude is less than
10N m. In simulations, the NNBRC can be designed based on (21), in which a=50,
&1 =01, =0.1,y=0.05,p=9. The NN learning algorithm is designed according to (20),
where 7=0.1.

Fig4 and Fig.5 present the simulation experiment results, in which, proposed control
strategy is compared to traditional robust control (TRC) strategy. From these results, we can
conclude that the NN-based robust tracking control strategy proposed in this paper can
counteract disadvantageous effects caused by uncertainties in robotic system efficiently, and
can achieve better transient performance than traditional robust control.

Drestr-d Tojectory Desired traje ctory
14 T T Tt HNEAEC 15 7 HEEAEC
TR — IRC
1 1
E 05 D 0.4
. i
d pu—
s C g 0
p= &
2-045 2na
-1 -1
-18 15
Dos 1 18 2 28 4 345 4 oo 414 15 2 25 0 495 4
Titre £ (@) Time (&)
(a) First link (b) Second link

Fig. 4. Robot trajectories
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Fig. 5. Robot tracking errors

3. A Recurrent Fuzzy Neural Network Based Adaptive Control

Recently, much research has been done on using neural networks (NN) to identify and
control dynamic systems (Park et al. 1996; Narendra & Parthasarathy 1990; Brdys &
Kulawski 1999). NN can be classified as feed forward neural networks and recurrent neural
networks. Feed forward neural networks can approximate a continuous function to an
arbitrary degree of accuracy. However, feed forward neural network is a static mapping; it
can not represent a dynamic mapping. Although this problem can be solved by using
tapped delays, feed forward neural network requires a large number of neurons to represent
dynamical responses in the time domain. Moreover, since the weight updates of feed
forward neural network is irrelative to the internal information of neural network, the
function approximation is sensitive to the training data. On the other hand, recurrent neural
networks (Ku & Lee 1995; Ma & Ji 1998; Sundareshan & Condarcure 1998; Liang & Wang
2000) are able to represent dynamic mapping very well and store the internal information
for updating weights later. Recurrent neural network has an internal feedback loop; it
captures the dynamical response of a system without external feedback through delays.
Recurrent neural network is a dynamic mapping and demonstrates good performance in the
presence of uncertainties, such as parameter variations, external disturbance, unmodeled
and nonlinear dynamics. However, the drawbacks of recurrent neural network, which are
same as neural network, are that the function of the network is difficult to interpret and few
efficient constructive methods can be found for choosing network structure and determining
the parameters of neurons.

As is widely known, both fuzzy logic systems and neural network systems are aimed at
exploiting human-like knowledge processing capability. In recent years, researchers started
to recognize that fuzzy control has some similarities to neural network (Jang & Sun 1993;
Hunt et al. 1996; Buckley et al. 1993; Reyneri 1999). Fuzzy neural network (FNN), which uses
NN to realize fuzzy inference, combines the capability of fuzzy reasoning in handling
uncertain information and the capability of neural networks in learning from processes. It is
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possible to train NN using the experience of human operators expressed in term of linguistic
rules, and interpret the knowledge that NN acquired from training data in linguistic form.
And it is very easy to choose the structure of NN and determine the parameters of neurons
from linguistic rules. However, a major drawback of the FNN is that its application domain
is limited to static problems due to its feed forward network structure.

Recurrent fuzzy neural network (RFNN) is a modified version of FNN, which use recurrent
network for realizing fuzzy inference and can be constructed from a set of fuzzy rules. It
inherits all characteristics of FNN such as fuzzy inference, universal approximation and
convergence properties. Moreover, with its own internal feedback connections, RENN can
temporarily store dynamic information and cope with temporal problems efficiently. For
this ability to temporarily store information, the structure of RFNN is much simpler than
FNN. Fewer nodes are required in RFNN for system identification.

In this section, a recurrent fuzzy neural network structure is proposed, in which, the
temporal relations are embedded by adding feedback connections on the first layer of FNN.
Back propagation algorithm is used to train the proposed RFNN. To guarantee the
convergence of the RENN, the Lyapunov stability approach is applied to select appropriate
learning rates. For control problem, an adaptive control scheme is proposed, in which, two
proposed RENN are used to identify and control plant respectively. Finally, simulation
experiments are made by applying proposed adaptive control scheme on robotic tracking
control problem to confirm its effectiveness.

This section is organized as follows. In subsection 3.2, RFENN is constructed. The
construction of RENNBAC is presented in subsection 3.3. Learning algorithms of RENN are
derived in subsection 3.4. Stability of RENN is analyzed in subsection 3.5. In subsection 3.6
proposed RENNBAC is applied on robotic tracking control and simulation results are given.
Finally, some conclusions are drawn in subsection 3.7.

3.1 Construction of RFNN

The structure of the proposed RFNN is shown in Fig. 6, which comprises n input variables,
m term nodes for each input variable, | rule nodes, and p output nodes. This RFNN thus
consists of four layers and n + (n x m ) + [ + p nodes.

Using u? , O}( to denote the input and output of the ith node in the kth layer separately, the
signal propagation and the operation functions of the nodes in each layer are introduced as
follows.

Layer 1 (Input Layer): This layer accepts input variables. Its nodes transmit input values to
the next layer. Feedback connections are added in this layer to embed temporal relations in
the network. For every node in this layer, the input and output are represented as:

ul(k)=x1(k)+wiol(k-1),0{(k)=u}(k),i=12,--,n (34)

where k is the number of iterations; wil is the recurrent weights.

Layer 2 (Membership Layer): Nodes in this layer represent the terms of respective linguistic
variables. Each node performs a Gaussian membership function
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uZ =———J° 0% —exp(u?) (35)

where i=1,2,---,n, j=1,2,---,m; ajj and bij are the mean and the standard deviation of the

Gaussian membership function; the subscript ij indicates the jth term of the ith input
variable.

F1 Fp

Ouiput
Layer

Rule
Layer

Menthership
Layer

Input
Layer

X xi'!

Fig. 6. Structure of four-layer RFNN

Layer 3(Rule Layer): This layer forms the fuzzy rule base and realizes the fuzzy inference.
Each node is corresponding to a fuzzy rule. Links before each node represent the
preconditions of the corresponding rule, and the node output represents the “firing
strength” of corresponding rule.

If the gqth fuzzy rule can be described as:
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qth rule: if xq is Alq, Xy is Azq, s X is A then yq is qu, yo is qu, s Yp I8 BP‘},
where A 1is the term of the ith input in the qth rule; B jq is the term of the jth output in the

qth rule.
Then, the qth node of layer 3 performs the AND operation in qth rule. It multiplies the input
signals and output the product.

Using Oizqi to denote the membership of x; to A;1, where q; €{1,2,---,m}, then the input

and output of qth node can be described as:
uy =[10%, , 05 =uy,i=12,,n;q=12,,1 (36)
i

Layer 4(Output Layer): Nodes in this layer performs the defuzzification operation. the input
and output of sth node can be calculated by:

4

4 4 3 4 s

u; =>w.,0:, O = (37)
g i ° yo0?

where s=1,2,---,p, q=12,---,1, wgq is the center of B]-q , which represents the output

action strength of the sth output associated with the gth rule.

From the above description, it is clear that the proposed RFNN is a fuzzy logic system with
memory elements in first layer. The RFNN features dynamic mapping with feedback and
more tuning parameters than the FNN. In the above formulas, if the weights in the feedback

unit w} are all equal to zero, then the RFNN reduces to an FNN. Since a fuzzy system has
clear physical meaning, it is very easy to choose the number of nodes in each layer of RFNN
and determine the initial value of weights. Note that the parameters wi of the feedback

units are not set from human knowledge. According to the requirements of the system, they
will be given proper values representing the memorized information. Usually the initial
values of them are set to zero.

3.2 Structure of RFNNBAC
In this section, the structure of RENNBAC will be developed below, in which, two proposed
RENN are used to identify and control plant respectively.

3.2.1 Identification based on RFNN

Resume that a system to be identified can be modeled by an equation of the following form:

y()=fly(k =1),--ylk =ny J u(k),---, u(k =n,)) (38)
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where u is the input of the system, ny is the delay of the output, and n, is the delay of the

input.

Feed forward neural network can be applied to identify above system by using y(k-1),...
,y(k-n-1), u(k), ..., u(k-m) as inputs and approximating the function f.

For RENN, the overall representation of inputs x and the output y can be formulated as

y(k) =g(O1(k),+, O (k) (39)
Where
Of (k) =x; (k) + wi (k)O] (k - 1)
sl (k-1)+ wl(k - 1)L (k - 2)

=x; (k) + wi (ke (k = 1)+ wi (k)wi (ke = 1 (k = 2) + -
+wi(k)wi (k=1)--wi (1)x (0)

Using the current input u(k) and the most recent output y(k-1) of the system as the inputs of
RFNN, (39) can be modified as:

§()=£(y(k - 1)+, y(0), u(k),---, u(0)) (40)

By training the RENN according to the error e(k) between the actual system output and the
RFNN output, the RENN will estimate the output trajectories of the nonlinear system (38).
The training model is shown in Fig.7.

EF Algorithin 4

\

I “k
PENN Fik)

LI ’_> Tle \-H B &l )

p-1 L=

Drrtiatnic
Awstem FLE
Fig. 7. Identification of dynamic system using RENN

L
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From above description, For Using RFNN to identify nonlinear system, only y(k-1) and u(k)
need to be fed into the network .This simplifies the network structure, i. e., reduces the
number of neurons

3.2.2 RFNNBAC

The block diagram of RENNBAC is shown in Fig. 8. In this scheme, two RFNNSs are used as
controller (RENNC) and identifier (RFNNI) separately. The plant is identified by RFNNI,
which provides the information about the plant to RENNC. The inputs of RENNC are e(k)
and é(k). e(k) is the error between the desired output r(t) and the actual system output
y (k). The output of RENNC is the control signal u(k), which drives the plant such that e(k) is
minimized. In the proposed system, both RENNC and RFNNI have same structure.

- — L= ]
*(k) + e (k) N

RFHHNC

&F)
Y

Fig. 8. Control system based on RENNs

3.3 Learning Algorithm of RFNN
For parameter learning, we will develop a recursive learning algorithm based on the back
propagation method

3.3.1 Learning algorithm for identifier
For training the RFENNI in Fig.8, the cost function is defined as follows:

(14 ()P = £ (ya (k)= y1, (<)) (1)

1 s=1

Mo

]I(k):%

s

where y, (k) is the sth output of the plant, y;4(k)=O%is the sth output of RENNI, and
ejs(k) is the error between y4 (k) and y4(k) for each discrete time k.
By using the back propagation (BP) algorithm, the weights of the RFNNI is adjusted such
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that the cost function defined in (41) is minimized. The BP algorithm may be written briefly
as:

WI (k + 1) = WI (k) + AWI (k)

oK) @)
oWy (k)

=W1(1<)+771[

where 7; represents the learning rate and Wj represents the tuning weights, in this case,

which are w%sq , ariq; » brigi » and wii. Subscript I represents RENNIL

According to the RENNI structure (34)~(37), cost function (41) and BP algorithm (42), the
update rules of RENNI weights are

wa 0Tk
W?Sq (kJrl):W?sq(k)_ﬂl 4?2&) (43)
are (k+1)=apy. (k)-pp 231E) (1)
Tigj liqj m aaliqi (k)
byig; (k+1)=by; (k)—nb—ah(k) 45)
Tiqj Tiqj 1 ab]iqi (k)
whiken)= (- A0 6

Where

8V"ilsq(k) Zo%q
q
4 4 1
271(k) s e (k) Wisq ~OIs 3 2(011 _aIiCﬁ)
=—Ye 3 .
daiq; (k) 57 > io’q 1 (bI iqi )2

i
(3b[1q (k) s Zo%q 1 (inQi )3
q
aJ1(k) s ~Ofs 3 —Z(O%i aIiC{i) 1
=YY (k) 3 iq -Op;(k-1)
owri(k)  q's 20ji4 ( IiQi)z
q
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3.3.2 Learning algorithm for controller
For training RENNC in Fig. 8, the cost function is defined as

1(rs (k) ~Ys (k ))2 (47)

Mo

(es (k))z =

1 s

Mo

]c(k)=%

S

where 14 (k) is the sth desired output, y, (k) is the sth actual system output and e (k) is
the error between rg(k) and yg (k).
Then, the gradient of J¢ is

Jc _ aIC‘ 0y s
MWc 5 oyy OWC

:zs:_eS(k) aYS((lli

= E:_ es(k)yuso (k)

~—

ou, (k
OWc
au, (k
T OWe

~—

, (48)

~—

2

~—

where u, is the oth control signal, which is also the oth output of RFNNC, and
Yo (k)=0y,(k)/du, (k) denotes the system sensitivity. Thus the parameters of the RENNC
can be adjusted by

We(k+1)=We (k) + AW (k)

= We )+ ne(- e

(49)

~

Note that the convergence of the RFNNC cannot be guaranteed until yug, (k)is known.
Obviously, the RENNI can provide yug, (k) to RENNC. Resume that the oth control signal
is also the oth input of RENNI, then yu,, (k) can be calculated by

3 2
a}’s(k) =y aoils X aOIq . aOIOC{O . 60}0
ou, (k) q 5013q aOlzoqo 60%0 ug
W%sq _O%s 3 '2(0}0 'aloqo)

03, -
>Op, (brogg )
q

=2
q

3.4 Stability analysis of the RFNN
Choosing an appropriate learning rate 77 is very important for the stability of RENN. If the

value of the learning rate 7 is small, convergence of the RENN can be guaranteed, however,
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the convergence speed may be very slow. On the other hand, choosing a large value for the

learning rate can fasten the convergence speed, but the system may become unstable.

3.4.1 Stability analysis for identifier

For choosing the appropriate learning rate for RENNI, discrete Lyapunov function is

defined as

Li()=J1 ()= S er ()2

s

Thus the change of the Lyapunov function due to the training process is

AL{(k)=L;(k +1)-L;(k)

=5 Zllen (ks )+ ey 1) fer (k+ 1)1 ()]

:%§[(2els(k)+ Aels(k))' AeIS(k)]
Ll 0P + 201 (e ]

= 52 (e () + 3T [2e (e k)]

The error difference due to the learning can be represented by

Aels(k):’els(k"'tl)_els(k)z 6W1(k) 'AWI(k)
Where
2]1(k) 0]1(k) ey (k)
A= 50 65T e i) oW )
—-m%els(k)'zf/\lggi;

So (52) can be modified as
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251 oWy (k) oW (k oW (k) ow; (k)
1 ) V(e @)Y ank) dey4(k)
5[’“ awl(k)] s[awmk)] ‘awmk)'%[e‘s(k) awlaoj

(54)

Ao ) ) )
S EOIEEE

To guarantee the convergence of RFNNI, the change of Lyapunov function AL{(k) should

be negative. So learning rate must satisfy the following condition:

0<m(1<)<2/§(aels(k)]2. (55)

oW (k)

For the learning rate of each weight in RENNI, the condition (22) can be modified as

2

deys (k)
0<n" (k)< 2/ max{y| 1) 56
() a |s|ew! (k) 0
q
2
0<nf(k)< 2/ max{y erslk). (57)
4l |s| oa_. (k)
Ligj
2
0<7P(k)< 2/ max]y ders(k) (58)
qi |s|ob. . (k)
liqj
©)
oer.(k
0<n"t (k)< 2/ max{y| —Ls=L | L 59
m () i s[aw‘il(k) ( )

3.4.2 Stability analysis for controller
Similar to (51), the Lyapunov function for RFNNC can be defined as

www.intechopen.com



Adaptive Control Based On Neural Network 201

Le(k)=Te k)= 72 (e (k) (60)

So, similar to (56)-(59), the learning rates for training RENNC should be chosen according to

the following rules:
77C )< 2 max )y (61)
s C sq ( )

0<nd(k)<2 maxz
* C1q1

O<77C )< 2 max Z (63)
) Cl‘h
0<77 <%max > ]

3.5 Simulation Experiments

Dynamics of robotic manipulators are highly nonlinear and may contain uncertain elements
such as friction and load. Many efforts have been made in developing control schemes to
achieve the precise tracking control of robot manipulators. Among available options, neural
networks and fuzzy systems (Er & Chin 2000; Llama et al. 2000; Wang & Lin 2000; Huang &
Lian 1997) are used more and more frequently in recent years. In the simulation experiments
of this chapter, the proposed RENNBAC is applied to control the trajectory of the two-link
robotic manipulator described in chapter 2.4 to prove its effectiveness.

In the simulation, the parameters of manipulator are mq =4 kg, m, =2 kg, 1, =1 m, 1,=0.5

(62)

m, ¢ =9.8 N/kg. Initial conditions are given as 6;(0) =0 rad, 6,(0) =1 rad, 61(0) =0,
andéz(O) =0 rad/s. The desired trajectory is given by él(t)= sin(27t) and éz(t)= cos(2at).

The friction and disturbance terms in (4) are assumed to be

|:5COS(5t)
R =

= AT(q,q) =0.5sign(q
Scos (5t)} Nm, AT(q,q)=0.5sign(q) Nm
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Simulation results are shown in Fig.9 ~Fig.14. Fig.9 and Fig.10 illustrate the trajectories of
two joints; the two outputs of identifier (RFNNI) are shown in Fig.11 and Fig.12 separately;
the cost function for RENNC is shown in Fig.13; and Fig.14 shows the cost function for

RFENNIL

From simulation results, it is obvious that the proposed RFNN can identify and control the

robot manipulator very well.
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4. Conclusion

In this paper, the adaptive control based on neural network is studied. Firstly, a neural
network based adaptive robust tracking control design is proposed for robotic systems
under the existence of uncertainties. In this proposed control strategy, the NN is used to
identify the modeling uncertainties, and then the disadvantageous effects caused by neural
network approximating error and external disturbances in robotic system are counteracted
by robust controller. Especially the proposed control strategy is designed based on HJI
inequation theorem to overcome the approximation error of the neural network bounded
issue. Simulation results show that proposed control strategy is effective and has better
performance than traditional robust control strategy. Secondly, an RFNN for realizing fuzzy
inference using the dynamic fuzzy rules is proposed. The proposed RFNN consists of four
layers and the feedback connections are added in first layer. The proposed RFNN can be
used for the identification and control of dynamic system. For identification, RENN only
needs the current inputs and most recent outputs of system as its inputs. For control, two
RFNNSs are used to constitute an adaptive control system, one is used as identifier (RFNNI)
and another is used as controller (RFNNC). Also to prove the proposed RFNN and control
strategy robust, it is used to control the robot manipulator and simulation results verified
their effectiveness.
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