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Abstract

Due to high nonlinearity, strong coupling and time-varying characteristics of
flexible joint robot manipulators, their control designiis generally a challenging
problem. There are inevitable uncertaintiesgassociated with their kinematics
and dynamics, so that accurate models would net be available for control de-
sign. Furthermore, practically we may face the problem that state variables
required by the controller are not measurable. In this paper, we focus on the
study of control system design using a neural network observer to solve the
aforementioned unmeasurable'problem. First, we propose an observer based on
Radial basis function A{RBE) neural network to estimate state variables of the
normal system. We then design the controller based on dynamic surface control
method for a_single link” flexible joint manipulator whose model is unknown.
The unknown model of the manipulator is constructed by RBF neural network.
The stability of the observer and controller is shown by Lyapunov method. Fi-
nally, simulagion studies are performed to test and verify the effectiveness of the
proposed ‘controller.
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1. INTRODUCTION

Programmed robots performing repeated tasks play an important role in
automated manufacturing, especially on the assembly line, to reduce labor cost
through mass production. Towards Industry 4.0, mass customization is coming
because each individual customers need for a unique product is greatly” pro-
moted [1]. Highly increased product variety and production process variability
bring considerable uncertainty to assembly line design. Reconfiguration,of the
assembly line involves reprogramming of robots, which involves more than 40%
of capitalized cost [2]. Modern manufacturing thus calls fer*a flexibleé approach
to managing production process variability. The most4lexible factor in a man-
ufacturing process is perhaps human operators, whom have natural abilities of
sensitivity and improvisation to unpredictable events, fast processing of varying
information as well as quick adaption when switching tasks. In fact, manual as-
sembly usually reduces initial investment, butacost significantly increases with
less automation thereafter. In this instance, the best solution seems to be to
exploit human-robot physical coeperation to close the gap between fully auto-
mated manufacturing lines and fullyyrmanual assembly. It has been experimen-
tally demonstrated that“human and robot working collaboratively will be more
efficient and flexible than human or robot working alone [3]. Enabled by the
revised ENISO 10218 standard Parts 1&2 and the ISO/TS 15066 specification,
collaborativesrobotsiare now allowed to work hand in hand with our humans. It
is expected that these robots will eventually cost less and have a greater range of
capabilities than those used in manufacturing today. Meanwhile, collaborative
robots are'required to safely perform physical interactions in the dynamically
changing and unstructured working environments [4]. A common approach to
improve the physical interactiveness of the manipulators mechanical structure
is to make use of a flexible joint actuation. Flexible joints provide the manipu-
lator with a valuable compliant behaviour so if the flexible joint manipulators
encounter obstacles during operation, the contact force between manipulators

and obstacles may be relatively slight and manipulators may stop immediately.
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Thus, flexible joint manipulators have been widely used in the fields of human-
robot physical cooperation. In [5], They propose a variable stiffness joint for
a robot manipulator, the leaf springs is used to generate compliance and the
position and stiffness of the joint are controlled by four-bar linkages. In [6]
a control method to regulate the driving torque of flexible joint manipulators
is proposed, A servo-controller which can asymptotically regulate the-driving
torque with unknown parameters is derived.

In recent years, there are many control methods of manipulator have been
proposed such as adaptive neural network control [7, 8, 9], robust control [10],
vibration control [11, 12], fuzzy control [13] and cooperativeseontrol [14]. For
the complex nonlinear systems whose model is uncertain‘backstepping is an ad-
vanced control method. But it suffers from the cutse of.dimension in the process
of controller design. In order to avoid differentiating wirtual control signals, dy-
namic surface control method was proposed.in [15316] by using first-order filters
within the backstepping controller design. \Thereby the control law is easier to
compute and achieve. This method is suitable for high-dimensional nonlinear
systems such as flexible joint manipulators. Due to the uncertainties existing
in the dynamic models of flexible joint manipulator systems, it is difficult to
obtain the models ofAflexible joint manipulator systems accurately [17]. Neu-
ral network is ansapplicable method to approximate unknown models. In[18],
the neural networks is employed to compensate for uncertainties in dynamics of
both the rébot arms’and the manipulated object . In [19], they use RBF neural
networks to compensate for the effect caused by the uncertainties from internal
andrexternal. In [20, 21, 22, 23|, neural networks are used to approximate the
unknown models.

Due to constraints of sensor deployment, we may not be able to measure
all the state variables, then the controller based on state feedback is unavail-
able. Thus, observers which can estimate the state variables unmeasurable are
necessary. Conventional nonlinear observers are generally applicable to sys-
tems whose models are precisely known [24, 25], while we consider systems with

unknown models. Neural network has become a powerful tool for state obser-
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vation with uncertain models. In [26] a Kalman filter is combined with a neural
network for a general multiple-input-multiple-output (MIMO) nonlinear system
and the multilayer feedforward neural network is used to deduce the gain of the
observer. In [27], they estimate the states of affine single-input-single-output
(SISO) nonlinear systems by two separate linear-in-parameter neural netwerks
(LPNN). In [28], an RBF neural network was adopted to approximate the nons
linearities. In [29], they propose a recurrent neural network for a genéral MIMO
nonlinear systems. The weights of neural network were updated*based on the
backpropagation (BP) algorithm. In this paper, we adopt RBE network to build
the observer, then combined the observer with the controller te;control the flexi-
ble joint manipulator system in which the angular position and“angular velocity
of motor shaft is unknown.

Radial Basis Function (RBF) neural netWorkswhich can approach to any
nonlinear function can replace the unknown nonlinear system, help us to design
the controller[30]. The structure of the RBF network is shown in Fig. 1 [31].
The input signal is transmitted_to the hidden layer through the input layer.
The nodes in the hidden layer are the basis functions, and the output layer is a
linear function. There are’many kinds of basis functions available. Here we use

the Gaussian functionas the basis function.

2
T —cj
8 (a) = eapl - 125010 1)
J
where/J* = 1,2.3,--- ,q, © = [x1,72, - , 7,7 is the input sample. ¢j is the

center of the 'hidden layer nodes, b? is the width of the Gaussian function, S;
is the output of the hidden layer, ¢ is the number of nodes in the hidden layer.
Theroutput of the RBF network is the linear superposition of the hidden layer

nodes

y=1 W;Si() (2)

j=1
W; is the weight vector of the neural network. By selecting the appropriate

weight vector, RBF network can approximate a continuous function with arbi-
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Figure 1: RBF neural netwo :

trary precision.

nWZ)=w"S(Z)+ (3)
where VZ € Qz, W is the optiril® ctor, € is approximation error.
n

In this paper, an observer BF neural network is proposed for
flexible joint manipulators with unknown systems in Section 2. In Section 3
we design the controlle @ n dynamic surface control method for a single

lator’whose model is unknown. The unknown model

link flexible joint mani
ructed by RBF neural network. Finally, in Section

re performed to test and verify the effectiveness of the




2. NEURO-ADAPTIVE OBSERVER

2.1. The proposed neuro-adaptive observer

In this section we propose a state observer based on RBF neural network.

The general model of a nonlinear system is

#(t) = f(x,u)
y(t) = Cu(t)

)

u € RMu is the input, y € RMv is the output, € RM= is the state vector of the
system, and f is an unknown function. C is the output ‘mat¥ix of the system.

Let us define g(z,u) = f(z,u) — Az we can obtain;

z(t) = Az + g(ayw)

y(t) = Cx(t)

ss A is a Hurwitz matrix, (C,A) is observable.

First, we build the observer modelas:

it) = Ag + §(&,u) + G(y — Ci)
(1) =Cx(t)

(6)

<>

where 7 is the'stateof the observer. We select the observer gain G € R™*™v such
that A —GC is a Hurwitz matrix. We use RBF neural network approximates

the nonlinear system. Thus, g(z,u) can be represented as:
g(x,u) = WTS(Z) + e(z) (7)

W is the weight matrix of the output layer, 7 = [z7,u”]T, e(x) is the approx-
imation error of neural network. S(-) is the transfer function of the hidden
neurons which is a Gaussian function:

7 — ¢l

Si() = wp(*big)' (8)

J
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Assumption 1: There is the upper bound on optimal weight matrices W such
that
W < W, (9)

1@ < S & &

Let us assume g(z,u) can be approximated by

Property 1: The Gaussian function is bounded by

g, u) = WSz (11)

The proposed observer is given by 0
i(t) = Ai + WTS(7) +
(12)
i) = Ca() Yv

setver we define the weight error W =

In order to prove the stability
W — W and state variable error & = 2. According to (5) and (12) we obtain

Az —WTS(@) - G(Ci — Cx) + €(w)
(13)

d subtracting W7 S(%) on left hand side of (13), we obtain

2(t) = Ag+ WTSE@) +w
(t) = A2+ W S@) 4+ w(t) (14)

A=A - GO, w(t) = WT[SE) — S@)] + e(@), wm > 0 satisfy [w(t)]| < wm

Yy

e to the boundedness of the optimal neural network weight.
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2.2. STABILITY ANALYSIS

Definition 1: The adaptive update rate of weights is
W = TISG)57C - pl|CHIW] (15)

where I' = I'T is a positive definite matrix.

Theorem 1: Considering the general nonlinear system described by (4), the
observer described by (12) and the adaptive update rates of weightsidescribed
by (15). For any bounded initial conditions, there exists suitable parameters G,
I" and p such that the proposed observer scheme guarantgees:

1) all the signals in the observer are uniformly ultimately bounded;
2) the estimated errors z; converges to a arbitrarily small neighborhood of zero.

Proof: Since the optimal weight W is ageonstant matrix thus we obtain

W = 0. In terms of the weight errors W = W =W, we obtain

W =W = D[S@)§C plCal(W + W)

=T[S(@)FECT C - p||Cx||(W + W)]. 1)
Definition 2: The Lyapunov function is
L= %”TPﬁc + %tr(WTF’llfV) (17)
where P ig'a positive definite matrix. Then, we define @
Q=—(AT'P+ PA,). (18)

Agis Hurwitz matrix, @ is a positive definite matrix. Then, we obtain the time

derivative of L

1. 1. . <
L = 53" Pi + 5i" Pi 4+ tr(WTT W), (19)
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Now, by substituting (14), (16) and (18) into (19), we obtain

i—_ %;ETQQE 4 FTPWTS(E) + &7 Pw + tr[WTS(@)FTCTC

(20)
— W CE| (W + W)).
Using the property \(‘Q

W (=W = W)] < W[ W] — [W]?

tr(WTS(x)z"CTC) < 5, ||C|°||2 (21)
we obtain

. 1 N O ~ AR
L <= SAmin(@IZ]* + S| PINIZ] W] + &[] + SwllCIZ]IIW

+ oW [CIIIZN W] - plWIIIFIIII‘%
:M].

where A (Q) > 0 is the

(22)

est eigenvalue of Q. Then, we obtain

1

Ml = - QAmzn(Q)

= Pl CIH]I?) + i | P11Z]|

Sl PUIWI + SmlCIPIW I + pWa [CH W]

~— B h@el + [ - e (i - S S +p||0||Wm>2
|+ S,,iﬁgr p||C||Wm)2] 1] + wam | P 1. .

Sl SllPll 4+ Sl ClI1 CllWo N2
ol () - S SAICE LA g oy
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we can obtain

(S|P + SmlCII* + oI ClI W)
4pllC

1 . _ -
My < = S Amin(@)IIFN + wan [ PIIIIZ] + 1]

=M.

Let us define \2 )

_ (Sl P+ SmlICII* + pllC[[Wim)*

K >0 6)
4pC|
we can obtain
1 - .
My = = S Amin(Q)IIF] + won | Pll |+ K- (27)
And if
. 2Pwp,+ 2K
[z > } = (28)
then
2 < 0. (29)
then Z is bounded. If we choose the observer
gain G such that th of A. is big enough then the value of A, (Q) is
small relative to . Thus, we can obtain a v small enough to ensure

otice that #, W, C and S(Z) are all bounded, and p > 0. Thus
we obtain a system whose inputs T'[S(z)zT CTC — p||CZ||W]

10



105

110

115

120

.Y b 0
\/%NMKM@
L :
°!- Joint
M1 Motor

N
Link

Figure 2: The model of single link flexible joint manipulator

3. CONTROLLER OF THE FLEXINLE JOINT MANIPULATOR
BASED ON NEURO-ADAPTIVE OBSERVER

3.1. Problem formulation

First, we establish precise the mathematicalrmodel of flexible joint manip-
ulator [32, 33]. We consider a single-joint flexible joint manipulator which can
rotate in vertical plane. The joint, cam:deform on the direction of rotation only
and the connecting rod is rigid, we ignore viscous damping [34]. The model of
single link flexible joint” manipulator is shown in Fig. 2. According to Fig. 2
we see the system €onsists,of two parts. The left part is the motor while the
right part is thé.manipulator. In the middle there is a spring. Driving torque
provided by*motor is~u. Rotary inertia of motor is J. The angular position of
motor shaft'i§ ;. The stiffness of connecting rod is K. The angular position
of manipulator shaft is ;. The distance from the centroid of the link to the
axis of the joint is L. The quality and inertia of the manipulator are M and I
respeetively. The angular velocity and angular acceleration of motor shaft are
denoted by 6, and 6, respectively. Similarly, the angular velocity and angular
acceleration of manipulator shaft are denoted by 65 and 6y respectively. Hence,

the system can be described by following differential equation

165 + MgLsinfs + K (65 — 61) =0
{ 2 + MgLsinds + K (0, 1) (30)

JélfK(92791):u

11
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Let us define: 2y = 05. z9 = 92. xr3 = 0. x4 = 91. We can obtain the
equation of state as follows.
T1 = T2
o = —@sinxl — %(ml —x3)

T3 = T4

iy =5 (x1 —a3) + Lu
Then, we use Neuro-Adaptive Observer proposed in the Section Q stimate

15 the state variables of single link flexible joint manipulator with n model.
We assume we can’t measure the angular position and angular'welocity of motor
shaft directly. We obtain the state space of single link int manipulator

0 1 0 O
K K Mgl ;
; - 0 = 0 92 sim. 0
— T T |77
X=14¢ 0o 0o 1% 0 o (32)
K K 1
7 0 =70 7
Y=1|1,0 (33)
where
T
T2
X= (34)
z3
Q) T4
is the state v@f ystem. Y is the output of system. wu is the input of
system. define
MgL K
Q© f2(§2) - ‘I.'g Sinml B Txl
K
C/ FaEs) = 2 (@~ )

12
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where Ty = [z1,72]" and Zy = [z1, 72, 73, 24])T then we can convert (31) into

0 0 0
. |0 0 fa(T2)
X=1, X177 T u (35)
0 0 fa(Ta)
We assume f5(T2) and f4(T4) are unknown.
Then, according to (32) and (33) we can obtain \(

o(t) = f(x,u)

o o~ o

o oo
o O O

f(:v,u) =

oo oo
oo o
o o~ O

C=[1ooo

Then by extracting Az from (36), btag
i(t) +9(z,u)
(37)

) = Cu(t)
where A is a Hur ix adjustable, g(z,u) = f(z,u) — Az. Since g(z,u)
contains unkn parts we use the neural network shown in Section 2 to esti-
mate it, wi d the"observer as follows

i(t) = Az + WTS(T) + Gy — C#)
9(t) = C2(t).

o  3.2. Controller design

Assumption 2: In this section we assume we can not measure the angular
position z3 and angular velocity x4 of motor shaft.
We use the observer proposed in the previous section estimate x3 and x4.

Thus, we define &3 — x3 = I3, £4 — x4 = T4. According to the previous section

13
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Figure 3: Controller structure based on neural network observer

we can obtain if ||Z]| > v then L < 0. L is negative.definite outside the ball with
radius v described as {||Z| | ||Z]] > v}. Thus, ||%]} is bounded in this ball, by
the rational choice of parameters P and Agswe can keep v get any small value.

Thus, we assume Z3 and &4 can be ignored. T3 and %4 can substitute for x3 and

Ty.
5.61 = T2
T3 =14

Ty = fa(T4) + l]u
We rewrite’ZTg= [r1,%2, ¥3,%4]7. Since the model of the single joint flexible

manipulater has a fourth order, there are four steps in the design [35]:

step 1: First notice the first subsystem
T1 = X2 (40)

let us define the desired trajectory as y4. then we can define tracking error of
the first subsystem
€1 =21 — Yd- (41)

14
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Define the first virtual control variable zo4 as

Tog = —c1€1 + Yd (42)

where c¢; is the design constant. Then we let x5y pass through a first-or
low-pass filter, we obtain a new variable x. to be the expecting variable for
next step

Todge + Tae = T2q, T2.(0) = 224(0). 43)

The time constant 75 is the design constant. Then we can obt tracking error
of the second subsystem

€2 = T — T¢ (44)
And the derivative of e; can be obtained
€1 =11 -y

=-c + (@2c — %24)

Notice that there is an € — T9gq in the above equation, to remove the

effect of it we defin ensating variable o as

Y| =/'—croq + ag + (ZEQC — xzd), al(O) =0 (46)

where évp Wi defined in the next step. Then we can obtain tracking error of

t ompensating variable

<

Vg = €2 — Q2 (48)
E step 2: Considering the second subsystem and using RBF neural network

v =€ — Q1 (47)

15



to approximate the unknown function fo(Z2)

T3 (49)

~[=

. _ K _ _
Zo = fo(T2) + T = Wi So(T2) + €2(T2) +

where Wy is the optimal weight matrix, So is the basis function of RBF neural
network which is a Gaussian function and e3(Z2) is the approximation erroriof
RBF neural network with ||e2(T2)|| < e2. We define the second virtual control

variable ¢ as

I N
T3q = e ~WJ'S(F2) — caea — €1 + dge (50)

where ¢y is a design constant, Wg is the estimation of 5. Then we let x34
pass through a first-order low-pass filter, we obtain,a new-variable x3. to be the

expecting variable for the next step
T3d3c + T3c = @ad, T3c(0) = 234(0). (51)

The time constant 73 is the design‘econstant. Then we can obtain tracking error
of the third subsystem

€3 = T3 — T3¢ (52)

And the derivative of ez can be obtained

€2 = To — Tac
(53)

. K
—7 WQTS(TQ) + 6(52) — Co€9 — €1 + 7 [63 + (.Z‘gc — x‘gd)]

where Wg =Wy — WQ. Notice that there is an error z3. — x3¢ in the above

equation, to remove the effect of it we define the compensating variable a5 as
. K K
Qo = —caag — ag + —ag + — (T3, — 34), a2(0) =0 (54)

1 I

where a3 will be defined in the next step. Then we can obtain tracking error of

16
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the compensating variable

V3 = €3 — Q3 (55)
We define the prediction error &
QaNN = Tz — T2 ‘Q
where 5 is defined as \'
: AT o = K N
To =W, 52(1'2) + 7%’3 + BacaN N, :L‘Q(O) = I (57)
with 82 > is a design constant. we choose the update of W4 as
Wy =T [(02 + 200N N) 2 (58)
where I's > 0,I",2 > 0 and po > 0 are desi
step 3: Then notice the third su
(59)
Define the third virtual.co variable x44 as
K
3 = —cse3 — Tez + (60)
where /3" is design constant. Then we let x49 pass through a first-order
lo filter, we obtain a new variable x4, to be the expecting variable for the
ext st
TaBgc + Tae = Tad, T4c(0) = 244(0). (61)

he time constant 74 is the design constant. Then we can obtain tracking error
of the fourth subsystem

€4 = .CAC4 — X4c¢ (62)

17
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And the derivative of e3 can be obtained

€3 = I3 — T3¢

. (63)
= —cze3 — 762 +eq + (164,3 — £L‘4d)
Notice that there is an error x4. — x4q in the above equation, to rem Q
effect of it we define the compensating variable a3 as x

. K

a3 = —C303 — 70&2 + ayq + (:IJ4C — £U4d), 03(0) 0 (64)
where a4 will be defined in the next step. Then we canco acking error of
the compensating variable 6

Vg = €4 — Oy (65)
step 4: Considering the fourth subsystem and using RBF neural network
to approximate the unknown functio f4%

iy = f2(Ts) + = IS4(Za) + ea(Ta) + %U (66)

@ ;

network which is a Gaussi nction and e4(T4) is the approximation error of

where W is the optima atrix, Sy is the basis function of RBF neural
RBF neural network €4(Z4)|| < €4. We define the final control variable u
as

u=.J [—WES(@) —cqeq — €3+ dygc (67)

design constant, W, is the estimation of Wy. Then we can obtain

by = T4 — Fae
- (68)
= W[IS(Zy) + e(Ty) — caeq —e3

18
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where W4 =Wy — W4. The compensating variable ay is defined as
d4 = —C40yg — a3,a4(0) = 0 (69)

We define the prediction error

QANN = .%4 — .%'4 (70)
where 5“4 is defined as
2 2 _ 1 2 N
Ty = Wi 81(74) + Su + Broann, £4(0) =i(0) (71)

with 4 > is a design constant. we choose the updateilaw of Wy as
Wy =Ty |(va + Doacunn)Sa(Fe) — paWa (72)

where I'y > 0,I',4 > 0 and p4 > 0 are\designconstants.

3.8. Stability analysis

Theorem 2: Considering the single-joint flexible joint manipulator described
by (31), the dynamic surface ¢ontroller described by (67), the observer described
by (12) and the adaptive,update rates of weights described by (15),(58) and (72).
For any bounded imitial conditions, there exists suitable parameters G, ¢;, 5;
(1 =1,2,3;4)and T', Ty, T4, p, p2, ps such that the proposed control scheme
guarantees:

1) all the signals in the controller system are uniformly ultimately bounded;
2)ithe tracking errors v; and e; converges to a arbitrarily small neighborhood of
Zero.

Proof: Definition 3: The Lyapunov function of the controller is

: ! Sou A 1 1 .
H=5) vi+g > Wilp'Wait 5 3 Dualyy + 537 Pi+ otr(WITHW).
i=1 =24 i=2,4

(73)

19
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Consider the time-derivative of the tracking error, we can get

’l.)l =é1 — dtl
:—61(61—a1)+(€2—a2) &
= —C1V1 + Vg

Vg =€ — Q2 \(

T Q (= - K
=Wy S2(T2) + €2(T2) — ca(ea — a2) — (€1 — 1) + 7(
- K
=W2TS2(E2) + 62(52) — CUg — U1 + 7’1]3 (75)

V3 =é3 — Q3
K
= — 03(63 — 0[3) — 7(62 — Ozg) + (64 — Q
K ’=

= C3Us = U + vy (76)
By =64 — iy

=W/[S4(Ts) + €a(Ts) — caen — g; — (e3 — a3)
=W/[S4(T4) + €a(Ts (77)
Gonn = B2 — B2 (78)
=Wy 4 205N N (79)
Gunn = Fpm b (80)
+ €i(T4) — Bacinn (81)

Then e obt he time-derivative of the Lyapunov function

4
P - = _1¢F . .
T+ émTPx +tr(WTT'W) + ;_1 v 0; + i_% 4inaiNNaiNN
-y wiToW,

=24
4 ~ ~
= (—ew})+ D [viei(®i) + Tuicinnei(Ti) — Tuifialyy — p W W] + L
=1

i=2,4

(82)
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According to the stability analysis of observer, we can see if

5] > 2Pw,, + 2K
Il > —" " =
)‘min(Q)
then
L <o.
Then we obtain
_ 4
H < Z(—Civiz) + Z [Coicinne(T) + viei(T) — ToiBiody
i=1 i=2,4

Let us define

4
1 2 1 T T—1
V=§Zvi +3 ’Z W] (86)
i=1 1=2,4
We can obtain if
1] = (87)
then H < V. Consider t ing ‘inequality
N
Ei(:lfi) 1 ~\2
< s o W\ -
S ¢ <Uz 2, > + ic, €i(Z;) (88)

N € (Ti) — Biaiyy < =B <aiNN - 612(;1)> + ﬁel(i@f (89)

W 2

~ s~ ~ 1
WIW, ~ W, < - |- g | e (90)
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Then we can obtain

~ 2 ~ 2
V S - Z CiV; — Z l:cmin <Ui - #) + szzn/Bmzn <ZiNN - %)

i=1,3 i=2,4 ¢
2
i w L s r 2 P 2
+ Pmin Wz - 7 :| + ﬁemaz + 25::;1 €mazx + Wé(w Wmaz
where cpin = minfci], Bmin = min[B], Tomin = min[L], pmin infp;

Tz = maz[Ly;], Winae = maz[|W]|] and pimae = mazx[p;]. Letu

1 2 I maz 2 Pmazx

= 5. %maz + €max + max 92
2Cmin 2Bmain 2 ( )

If
(93)

or
(94)

or
(95)

then H <V < 0. us; we obtain v;, a;nyn and ||Wl|| are bounded in the

Q’ui = (Uz‘

D €max
; <
|a1NN| - I Fzmznﬁmzn * 2/Bmzn> (97)

sets defined as 0

D max
foi] < | K ) (96)

Cmin 2cmin

QamN = (az‘NN

T T D Wmaz
g, = ({170 < 12 Pz (99
pmln
Moreover & is bounded in the set defined as {||Z| | [|Z]] > v} and W is also

155 bounded. Thus, all the signal in the system is bounded. If we choose the value
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of ¢; and B; big enough then the error of v; and a;nn is arbitrarily small.

4. SIMULATION

To demonstrate the effectiveness of the controller , we perform simulati
studies with the following model of a robot manipulator. First of all, we

10 the parameters of the manipulator system as follows:

L =1m, M = 2kg, I = 2kg-m?, J = 05kg-m?, K = d,
g =9.8m/s%
The reference trajectory is
Tl = Taz Q
dg2 = 2sin(3t) — szar=3a (99)
Yd = Td1 é

Results of simulation are shown as follows.

First we remove the state observ mine the performance of the con-

165 troller.

—— Y,

1.5

0.5

(rad)

- ! ! ! ! ! ! ! ! ! J

0 5 10 15 20 25 30 35 40 45 50
time(s)

Figure 4: The relationship between reference trajectory yg4 and actual output y
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time(s)

Figure 5: The relationship between reference trajectorynzgeiand actual state variable zo

Fig. 4 and 5 are the relationship, between teference trajectory yq and xg4o
with actual variables y and x5. It’s clear that the actual output y and x5 can
track reference trajectory yq and 'z gzvaccurately and quickly.

Then we assume that _aswand x4 is not measurable and use the estimate
T3 and T4 from state observer instead of x3 and z4. Results of simulation are
shown as follows.

Figs. 6-9 isithe relationship between the state variable x and estimated
value £. Erom Figsy” 6-9 we can see the states of the observer follow those
of the aetualisystem accurately and quickly. Thus, the tracking performance
of thelobserver is satisfactory. Fig. 10 and 11 are the relationship between
reference trajectory yg and xg4o with actual variables y and xo. We can see
theraetual output y and zo can track reference trajectory yq and zgo as well
as/the simulation which running without the action of state observer. Thus,
we can confirm the reliable performance of the observer and controller. Figs.
12-14 is the weights of neural network. It can be seen the weights of neural
network converge to the optimal value in a short time. To sum up, the proposed

controller based on neural network observer is able to achieve good transient

24



I x1
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Figure 6: The relationship between state variableszgrand estimated value

e X2

——estimate variable of X,

(rad)

_1 5 Il Il Il Il Il Il Il Il Il
0 5 10 15 20 25 30 35 40 45 50

time(s)

Figure 7: The relationship between state variable z2 and estimated value Zg

tracking performance of tracking errors in the presence of unknown model.
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(rad)
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Figure 8: The relationship between state variableszgr-and estimated value 23

. X4

——estimate variable of X,

(rad)

20 . . . . . . . . .
0 5 10 15 20 25 30 35 40 45 50

time(s)

Figure 9: The relationship between state variable x4 and estimated value Z4

5. CONCLUSION

185 A controller for flexible joint manipulator with unknown model is designed in

this paper. We design an observer based on RBF neural network to estimate the
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Figure 10: The relationship between referencetrajectory yg and actual output y

Xoq

X
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time(s)
Figure 11: The relationship between reference trajectory x40 and actual state variable zo
state variables unmeasurable of the robot manipulator. We design the controller
based on dynamic surface control method. RBF neural network is used to

construct the unknown model. Stability and performance of the overall system

combining observer and controller are rigorously established by the Lapunov

27



ACCEPTED MANUSCRIPT

=
_40 ‘ ‘ ‘ .
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time(s)
Figure 12: Weights of neu; Wi
=

time(s)

Figure 13: Weights of neural network Ws

method. Simulation studies are performed to test and verify the effectiveness
of the proposed controller. Simulation results from an application to a single
link flexible joint manipulator confirm the reliable performance of the proposed

controller.
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Figure 14: Weights of ne w
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