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Paper

Stable Adaptive Control for Robot Trajectory Tracking
Using Dynamic Neural Networks*

Fuchun Suih Zenggi Suh, Nan Lif, and Lingbo Zhang

Abstract: This paper presents a stable adaptive control approach based on dynamic neural networks (DNNs) for
robot manipulators with unknown dynamics nonlinearities. DNNs in the proposed control scheme are used to
approximate the whole robot dynamic systems, i.e. the dynamic behavior of the closed-loop systems, which is
distinguished from static feedforward NNs (SNNs) being used to approximate the nonlinear components in robot
dynamic systems. One benefit of using DNNs is that the approximation precision and convergence of tracking
errors can be improved, and especially, some specific dynamic behaviors, such as limit cycles and chaos, etc. that
can not be dealt with SNNs can be approximated in this case. On the other hand, by using the dynamic inversion
of the DNN system, the DNN dynamics behavior can be predetermined by design. As a result, the perceptive
input of the DNNs will strictly lie in some compact set, this excludes the assumption that is often used in the
existing literature, i.e., the robot states are assumed to be within a compact set. The robot control is composed of
the dynamic inversion of the DNN system, adaptive compensation and a sliding control. The proof of a complete
stability and the tracking error convergence is given by using Lyapunov stability theory that results in novel learn-
ing algorithms for the DNN systems. Simulations of a two-link manipulator show that stable adaptive control
approach using DNNs performs better than that using SNNs.
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. stability theory or passive theory is employed to design a
1. Introduction closed loop control system with stability, convergence and
EURAL Networks (NNs) are capable of learning andmproved robustness. As a result, the designed system is
reconstructing complex nonlinear mapping and hawable, and an on-line NN weight updating law is yielded
been widely used in the identification and control fofor the function approximations. However, as one of the
robotic manipulators by many researchers. The early Ndnsequences of these applications, some of the system dy-
applications in the control of robotic manipulators includeéamic behaviors, such as limit cycles and chaos, etc., will
Albus and Miller's CMAC Controller [1],[2], liguni's lin- lose if SNNs are used to approximate the nonlinear com-
ear optimal control techniques with back-propagation NNgnents in robot dynamic equation [10].
[3], Kawato and Ozaki's feed-forward compensators us- The DNN has advantages over a SNN due to the feed-
ing back-propagation NNs [4], [5] for improving the conback connections between layers and neurons forming
trol performance, etc. These NN-based control approaci®ggnplicated dynamics, it could deal with time-varying in-
could give good simulations or even experimental resulf@ut or output through their own natural temporal operation.
However, lack of theoretical analysis and stability securiffhus, the DNN is a dynamic mapping and is more suit-
makes industrialists wary of using the results in real indugble for the control of nonlinear dynamic systems than the
trial environments. SNN [11]. Recently, stable adaptive control for nonlinear
To cope with these problems, stable NN-based on-ligynamic systems using DNNs has emerged as one of the
adaptive control both in continuous and discrete time fémportant research fields in NN applications. Rovithakis
robots has been recently investigated by many researchgtg Christodouloet al. [12], [13] have contributed more
[6]-[8]. Representatives of these researches are multilay@rthis respect. They presented direct and indirect adap-
NN-based adaptive controllers for robotic manipulators ive control schemes based on a recurrent NN model of the
Lewis [6], [7] and linearly parameterized NN-based adapinknown system. Lyapunov stability theory was also used
tive control by Slotineet al. [8],[9]. In the proposed con- to provide answers to the problem of stability, convergence
trol framework, multilayer NNs and linearly parameterize@nd robustness. However, there are two shortcomings ex-
NNs were used to approximate the nonlinear componeigéng in the proposed algorithms:
in the robot dynamic system, respectively, and Lyapunov1. The proposed control scheme assumes that the sys-
tem states are within some compact set, which is also
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DNN system. positive inertia matrix,C(q, q)g € R"™ the Coriolis and

This paper is concerned with the stable adaptive conti@@ntrifugal torques(z(g) € " the gravitational torques,
for robotic manipulators using DNNs. In the DNN sysz(t) € %" the applied torqueF'(q, g) is the unstructured
tems constructed in this paper, the input of the NN nonlittncertainties of the dynamics including friction and other
ear components in the DNNSs is from the DNNs state itseffsturbances, which is assumed to be a continuous func-
such that a real DNN system is built. Furthermore, use #@n of the robot joint angles. The following properties are
the dynamic inversion of the DNN system as the control ifiequired for the subsequent development.
put of the robot system make the state of the DNN systemProperty 1: M (q) is a positive symmetric matrix de-
possible to be predetermined by design, which overcomfgsed by M,,, < ||M(q)|| < M with M,,, My being
the demerit presented in item 1. Main theoretical resulksiown constants.
for designing such an adaptive controller of robotic manip- property 2: C(q, g), defined by using the Christoffel
ulators are given. The effectiveness and efficiency of tRgmpols, satisfies that
proposed gdaptive gontrqller using DNNs are demonst.rated M(q) — 2C(q, §) is skew symmetric;
in comparison stydles Wlth the adapfuve conFroI algorithm IC(g,@)|| < Cullgll and C(q,z)y = C(q,y)z,
using SNNs by simulations of a two-link manipulator. z,y € R, Cas > 0.

The paper is organized as follows. In Section 2, some
basics for the robot model and its properties as well @3 Design framework
those for controller design are reviewed. Then in Section Th bot d . ion (3 b . .
3, the stable adaptive control approach based on DNNs for e robot dynamic equation (3) can be written in state
robot trajectory tracking is given, where a complete contrgP2c® form .
structure and the learning algorithms for the free adaptive & = f(z) + B(z)u(l) (4)
parameters are presented. Stability and tracking error cqiherexr = [q” qT]T is the system state, and
vergence proof is also given in this section. An application
example is given in Section 4. Finally, Section 5 concludesf(w) _ [ q
the paper by highlighting the feature properties of the pro- T | -M~Yq)(C(q,q)qg+G(q)+ F(q,q)) |’

posed DNN-based controller. 0
B(x) = [M—l(q)] : (5)
2. Preliminaries and Methodology Framework
2.1 Definitions To develop a stable NN-based adaptive control law, the

tracking error metric [8] is defined as
Let Z, be the natural number set aftdthe real number g (8]

set. LetR" be the n-dimensional vector space defined in S =C(x— xq) (6)
R, andR™*"™ ben x n real matrix space. The norms of a
vectore = (z1,---,x,) and a matrixA = (a; ;) € R"*"  wherex, = [¢} ¢}]7 € R*" is the desired trajectories to
are defined as be tracked( = [A I] € R, A = AT > 0.
Differentiating (6) with respect to time and using (4)
=] = vaTlz -
. (1) Ogives
{ Al = eig(AT A)max :
el ). the maimum eigenvalue, o S Cl@)+ Bl &4
with eig(-)max the maximum eigenvalue. For any positive _ r
definite symmetric matrix4(x), and for anyz, let 4,, = St rS = Okt Of(2) + CB(@)ult) (1)
and Ay, denote the minimum and maximum eigenvalugghere r — diagry, - - -,r,), related to the closed-loop
of A(z), respectively. In addition, the following two normcontrol bandwidth of the system, is usually defined-as
forms are useful for the subsequent development I—7with 7 = diag7, - - -, 7,), inwhich#(i = 1, - - -, n)
n are determined according to (12a) in [15].
lzllh = >0 |zl (2)  With M~ = CB(=), multiply M to both sides of (7)
A% = tw(AAT). leads to
MS = Mh+W(z)+ u(t) (8)

Definition 1: Consider the nonlinear systenk = ..
f(x,u),y = h(x) wherez is a state vectom is the in- WhereS = S +r5, h =S — Caq, W(z) = MC f(x).
put vector andy is the output vector. The solution is uni- The following DNN is used to approximate the robot dy-
formly ultimately bounded (UUB) if for alk(ty) = x,, namics(5)
there existg > 0 andT'(¢, ) such that|z(t)|| < &for all = fn@)+ Gn(@)u(t) 9)

t>t T. : . .
=t wherez = [¢" E;T]T is the DNN state f y (z) € R*",

2.2 Models of robot dynamics Gn(z) € R?"<n, defined as the nonlinear components of
the DNN, are usually presented by two strictly feedforward
NNs or two linearly parameterized NNs withas their per-
- S\ Y — ceptive inputs.
M@3+0(q 94+ 0@+ Flgq)=uld) G For a DNN system, the tracking error metric is defined
whereq,q,q € R" are the vectors of generalized coas follows
ordinates, velocity and acceleratiohf(q) € R"*" the So=C(x —xq) (10)

Consider the dynamic equation of a robot manipulator
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whereC'is defined as before. Combining (9) and (10) gives
3. Robot Adaptive Control Using DNNs

So=C(2 - jid) X B . Consider the following control law
= C{fn(@) + Gn(@)[u(t) — u(t)] — &}
=18, + 7S, — Cicg+ Cf 5 (&) u(t) = wt)+alt)
+CG N (2)[u(t) — a(t)] (11) a) - ;ﬂéf)vffvu _(KN(w) + a(t) (19)

where u(t) presents the robust control components for ,
robot control. DefineMy = (CGy (&))", and multi- It is shown by (19). that th(_a robot control law is com-
plying My to both sides of (11) yields poseq of the dynaml_c inversiam; (¢) of the DNN system,
adaptive compensation tera),(¢) and the nonlinear con-
MyS, = Myhy + Wi (z) +u(t) — u(t) (12) trol componentu,,(t). The nonlinear control component
_ ) u, (t), which includes a proportional and derivative con-
whereS, = S, +rS,, hy = 1S, — Cxq, Wn(Z) = trol (PD) component and a sliding control [14], is used to
MyC f (). When the DNN state approaches the robotimprove the system stability and compensate for inherent
statex, we havea(t) — 0, then the DNN system is equiv- network approximation errors.
alent to the robot system (4) in terms of state and controISinceM(q) and I (z) are the continuous time func-
input. tions of g andq, the following can be obtained by the ex-
Define the state deflection metric of the robot systepansion of the Taylor series
from the DNN system as
M(q)h+ W(x) = Dz + O1(),

Se=COle-2) M(@)h+ W (&) = D + Os(t),
=Aag-q)+q—q (13)
whereS. = [se1, Se2, "+, Sen]?, @andC is defined as be- Dy = aM(;E) GW(;:)] ‘ (20)
fore. O O T—0
If the following control is considered for arobot (4)  \ynich leads to
ult) = ~Myhy =Wy (@) +ult)  (14) Q=[M(q) - M@Ih +W(x) - W(@)
then (12) can be written as +Mn(q)(h — hy)
- =D +O0(t)+ My(q)(h—h 21
My (@), 0. (15) nyn + O(t) + My(q)( ~N)  (21)
] ] N o ) h — ST YA n,fTT nH,* —
SinceMy (2) is a positive definite matrix, the system be\—;v _erg nyH _ 2[2(:;14’_ 1)’ eDg :e [LH 16. . %RdH TT c
havior of the DNN can be predetermined Sy =0,i.e.,  gnxnr and the remainin,g ter (1) — 70,1(t) v OS(t) _
S, +rS, =0, (16) [01(t), -+, 0n(t)]T, is in small quantity when the DNN

state is near the robot system stateAssume
Subtracting (12) from (8) and using (16) lead to . )
, up(t) = —Mn(q)(h — hn) — Duyy (22)
M(Q)Se = —M(Q)TSG + (M([I) - MN((A]))h

W2 — Wa(3) + O + i 17y WhereDy, is the estimate oDy;.
@)~ Ww(@) +Q+u A7) gubstituting (20) and (22) into (17) gives

where -
M(q)Se = [M(q) — Mn(@)Jh+ W (z) — Wn(2)
M(q) = (Mi;(q)) € R"*", +O(t) + Dy gy + un(t) (23)
Mi(@) = (W (@) € RV, =1,00om whereS, = S. +rS., Dy = Dy — D
W(A) = [y, wa” € R Sincee thee functei(,an Hinput;;,i} ;{re bounded and
Wy (&) = [, 0a]" € R", M;;(q), w;(&) are continuous with their inputs, they can
h=Tlhi, -, hy)" € R", be represented by linearly parameterized NNs over some
Q=[M(q)— M(q)lh+ W(x)—W(x) compact sets wherg, g are defined, with approximation
—Mn(@)(h — hy) (18) errors as small as possible by carefully choosing the NN

structure, i.e.

The goal of the paper is to propose a novel control algo- R T R R oo
rithm based on the DNN learning so as to make the DNNMii (@) = ¥y (@) +vigs - wil@) = @5 Y, (&) + 7

system defined in (9) approximate the robot dynamics pre- . T n . (24)
sented in (4) as accurate as possible. Actually , we cwhperey,(q) :T [g1s - ywn,]” € R -w,yw(:c-) -
achieve this by only making. (t) — 0, My (4) — M(q), [Ye.1: " ¥en,]” € R"s represent the basis function vec-

and Wy (&) — W (i) through the DNN learning. In the [rS, ¥ € R, ¢; € 3"~ are NN weights chosen as
subsequent section, we will research the stable adaptie values of);; and¢; that minimize the NN approxima-
control approach for robot trajectory tracking using DNNgion errorsv;;(q), v;(x) for all ¢ € Q4, ¢ € Q, where
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Q; € ®", Q, € R"are sufficiently large compact sets. Thés a learning rate matrix with; > 0, I'"* € R™*™denotes
following DNN function components are defined as an identity matrixoy, > 0, oo > 0, g, ¢y are design pa-
N s o E rameters. If the minimum eigenvalue of the positive sym-
Mij(q) = ¥3594(a),  wi(®) = ¢; Yy, (@) (25)  metric matrix, K,,, satisfy

with ¢;; € R, ¢; € R+, defined as the NN weight esti- K. > 1 HM(q)H (32)
mates. =2
Substituting (24) and (25) into (23) gives then the tracking error metric of the robot is uniformly ul-
- - timately bounded.
~ W1 =)™ - (Y = Y1n) Proof: The following Lyapunov function candidate is
M(q)Se = : : considered
— )T .- — )T 1 1 1, ~ -1
(¥n1 = Y1) (nn = Ynn) V= §SeTM(q)Se - §SOTSO - §tr(@Tn—l@) - 5770_162
hiy,(a) (33)
X : which satisfies
fnyy (@) . %PmyTy <V< %PM:’JT:’J;
+[((P1 _(ﬁl)?"'a((pn_()bn)] y:,a(:%) oA -
e+ un(t). (26) y=1[5.5.0l.d
s -1, -1
Define o P = min{Mp,, 1.0, 77M1a 770_1}7
M(q)S. = OTY (&) + € + u,(t) (27) Py =max{Mp,1.0,n,,",m5 }-
where Using Properties 1 and 2, it is easy to obtain
- - .1 . -
1o Wl el dipy V= §SeTM(q)Se + ST[—-M(q)rS. +07Y (2)
@T — . . : . c %nxne B 2
S A KS. + € —ésgn(Se)]
T .. T T 47 2
nl nn Pn Hn

- —STrS, —tr(0Tn1O) —ny e

_A1T1 A,{n ‘:51T 6271}1- 1 .
P e e = 5STNI(@)S. — ST M(q)rS. — STKS. + STe
0T, e T, ol df, —eSTsgr(s,) — STrS, + (0T (16
6=0-06=[0,,.0,] = (6;) € R"*", +Y (@)S])] - g '€
V(@) = [yl byl ugovi] e R <- (Km -3 HM(::)H) 1Sl = My S
e=[e,en]T, €= ivijhj + i+ os, 1| So]|? — o1 tr[OT (O — O)]
j=1 —02é(eg — €). (34)

m — t 003 e — X (28 i .
‘ sup [le(®)] ne = nxny + g+ 0 (28) By completing the square, it can be shown that

Usually, €, > 0 is an unknown quantity, and should

be estimated with the estimation law to control the system—o1tr[©” (89 — ©)] = —%(71”9“2 = %Ul|\9 — 6|?

The estimate of,, is defined ag and the estimate error as 1

€ = e, — €. The following theorem gives a stable learn- +§01H@ — 0o|? (35)

ing law, and guarantees that the tracking error metric of the

robot is uniformly ultimately bounded. —éoa(e0—€m) = _10252_102(60_g)2+102(60_6m)2_
The following theorem yields for stabilizing the closed 2 2 (36)

loop system. Substituting (35) and (36) into (34) yields

Theorem 1:Consider the:-link rigid robot manipulator
described by the dynamic model given in (3), by applying V < —Myprm||Sell? = m || Sol|? — lUlHQHQ
the control law (19) with 2

I 5
w, (t) = —K S, — ésgn(S.) (29) 02 T
< =AV/P 37
and the NN learning algorithm - [P+ (37)
. where
5 v (4T 2
0 =] (:B)Se +01(60 — O)] (30) A = min{2M,, 7, 2rm, 01,02},
and the bound estimate algorithm 1 1
. g v = 50’1”@—@0H2+50’2(60—67”)2. (38)
€= Sell1 + o2(eg — € 31 .
mol[|Sell +72(co =€) (1) From (37), we can conclude thf. | will eventually fall
where into a residual set with siz@(«), this concludes our proof.
n = diag(nllnwa o 'annlnwann+1ln¢a777l+2[nH) € éRne .
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Remark 1:In Theorem 1, the design parame€s can And the initial simulation condition for robot motion is
be considered as an initial estimate of the unknown weight
0, allowing the designer to incorporate any prior parameter q1(0) = 1.0, ¢:1(0) = —0.5,
knowledge that may be available through off-line identifi- q2(0) = 1.0, ¢2(0) = —2.0. (43)
cation or other methods. As shown in (37), the cl&3giis
to its true value, the smaller the residual tracking error be-In the following, the control performance of the pro-
comes. Besides, the adaptive law (30) and (31) incorpor®@sed robot controller based on DNNs will be illustrated
a leakage term based on a variant of thenodification, N comparison studies with the robot controller based on
which prevents drift of the free learning parameters. ~ SNNs mentioned in Remark 3. In simulations, the design
Remark 2: M (q) only contains trigonometric functions parameters of each controller are tuned to their best values,

of ¢, hence the derivative of each element with respeqt tgh terms of the conflicting requirements of tracking accu-
is bounded such thiﬁM(q)H is bounded in (32). racy and controller stability, so that the best performances
f these two types of controllers can be compared.

Remark 3: Theorem 1 can be easily extended to the CageThe controller based on DNNs . :

. o\ (or SNNs) is designed
L‘;S;Q?ws)mf‘ 115, V() in (19), (29)~(31) are replaced byaccording to (19), (29)—(32) (or Remark 3). Among them,

’ the learning algorithm for DNNs is determined by (30), and

V(z) = [hyy (@), by (x),y5 (2)]" € R, the bound estimate algorithm is given by (31). It can be
verified that the DNN state is strictly on the compact set
Q = [~1.5,1.5] x [~4.0,4.0] x [-1.5,1.5] x [~4.0, 4.0].
For these, the centers of the DNN and SNN can be assigned
then the results given in theorem 1 will be suitable for sta the same procedures.

ble adaptive control of robotic manipulators using SNNSs. In a four-dimension input space oh with 11 levels for

Mle =1 X Ny + N (39)

A similar derivation can be found in [9], [15]. each input variable, there are 121 divisions to position the
L centers of basis functions according to the orthogonal de-
4. Application sign. Thus 121 basis functions are required to construct

In this section, the above developed control approachti¥ nonlinear functiodVy () (or Wy (x)). Similarly, in
employed in the position control of a 2-link manipulatorone dimensional input spage (or ¢2) € [—1.5, 1.5] [rad]

The robot dynamics equation is with 21 even partitions, 21 basis functions are required to
. approximate the nonlinear functiaii,'(q) (or G'(q))
[D”(qQ) D12(qQ)] [?1] according to the orthogonal design. After the initial as-
Di2(q2) De22(a2) | | 2 signment of centers of basis functions following above-
_ [Flg(qg)qg + 2F12(q2)q'1q2] mentioned procedures, centers can be further modified on
- —Fi2(q2)G3 line by the unsupervised competitive clustering algorithm
G1(q1, q2)9 Uy [15] along \_Nith the robot simulations for trajectory trgck-
[GQ(Qh q2)g] [m] (40) ing. The widths are determined by the P-nearest neighbor

heuristics [15].
where Simulations are done using a fourth-order Runge—Kutta

. 7 = T algorithm with an integral step of 0.001 [s]. and a con-
Dra(g) = (ma 4 ma)li 4 maly +2mahlzcos(a) e sampling intervab = 0.02 [s]. The same design

+1 o parameters for both DNN and SNN controllers are chosen
Di2(q2) = mal3 4+ malyls cos(gz) as
_ 72
?22@2) - mQ%Zf J2 K = diag80,80), A = diag(12,12), no = 0.5,
12(42) = mahlz sin(gz) o1 =0.001, 03=001, 6 =0, e =0.05 (44)
Gi(q1,q2) = —(m1 + ma)ly cos(q1)
—mals cos(q1 + ¢2) The learning rates for DNN controller are chosen as
Ga(q1,92) = —mals cos(q1 + g2) m =092, 7o=093, n3=1235 5 =100.5
(45)
with and the learning rates for SNN controller are chosen as
Jusl] < 360 [kg-m2/s],  fus]| < 182 [kg-m?/s, =042, 2 =043, m =109.0 - (46)
g =9.8[m/s’. and the initial learning rates for further updating the centers

The physical parameters of the robot are of the basis functions are chosen as

Iy =1[m], lp=08[m], J; =J=5][kg-m, ay(0) = ay,(0) = 0.25.

mi = 0.5[kgl, m2 = 6.25 [kg]. (41) Figures 1to 4 present the angle tracking errors for two
The desired joint angle trajectory for the robot to follow igoints during the first 60 seconds and the last 10 seconds of
. . operation for both DNN controller and SNN controller of
q1a(t) = 0.5[sin(t) + sin(2¢)], robotic manipulatorsFigures 5to 8 show the correspond-
g24(t) = 0.5[cos(3t) + cos(4t)]. (42) ing control torques. To evaluate the robustness against
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1.2 : : : : : 1.2
g1 g1
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) )
> 0.2 2 0.2
= =
8 0 g 0
[ [
-0.2 : ‘ ‘ ‘ ‘ -0.2 ‘ ‘ ‘ ‘ ‘
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Time t (sec) Time t (sec)

Fig.1 Robot joint angle tracking errors for the first 60 seconds of opefig. 3 Robot joint angle tracking errors for the first 60 seconds of oper-
ations using the DNN controller, where the solid line is do(t) ations using the SNN controller, where the solid line isdo(t)
and the dashed line is fai (¢) and the dashed line is fap (¢)

x107°

Tracking error for the joints (rad)
Tracking error for the joints (rad)

2490 2492 2494 2496 2498 2500 2490 2492 2494 2496 2498 2500
Time t (sec) Time t (sec)

Fig.2 Robot joint angle tracking errors for the last 10 seconds of opefFig.4 Robot joint angle tracking errors for the last 10 seconds of oper-
ations using the DNN controller, where the solid line is §o(t) ations using the SNN controller, where the solid line isdoft)
and the dashed line is fai (¢) and the dashed line is fap (¢)

the external disturbances for both of the robot controllersumed to be within a compact set. Actually, without prov-
a disturbance control torque with magnitude of 200.0 iag the stability of the whole system, the robot joint values
added to two joints of the robot during time interval [30may be unbounded. Therefore, the approximation equation
35] in the simulationsFigures 9and10 present bound es- is not necessarily true during on-line learning. By using the
timations on the NN construction errors during the wholgynamic inversion control, this problem is solved because
operation processes. It has been shown that the DNN ceaie DNN state is normally bounded without noise. Besides,
troller results in a better control performance than the SN&Nsimple estimation law for the bound on the NN recon-
controller for robot trajectory tracking. Besides, the resultgruction errors is added in the control scheme to exclude
given in Figs. 1 and 2 also are superior to that shown ife bound estimation. It has been proved that the tracking
[16] for SNN-based robot control using the desired trajeerror metric, the state deflection metric of the DNN system
tory learning. from the robot system, and the NN weights are convergent.

The method is applied in an example to illustrate the re-

5. Conclusions markable performance improvement of the method.

A stable adaptive controller design for robot trajectory
tracking using DNNs has been developed in this paper, in References
which the proposed dynamic inversion of the DNN systefft] J. S. Albus, “A new approach to manipulator control: the cerebel-
lar model articulation controller (CMAC),J. of Dynamic Systems,
plays a central rol_e. One of the advantage_s of the .method Measurement and Controlol. 97, pp. 220-227, 1975.
proposed is that it excludes the assumption that is oftgf . 1 willer Ill, F. H. Glanz, and L. G. Kraft Ill, “Application of

used in the existing literature, i.e., the robot states are as- a general learning algorithm to the control of robotic manipulators,”
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