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Abstract

This paper presents a new effective iterative learning control method for repetitive motion-tracking control problems of robotic manipula-
tors. The controller is comprised of two control loops. In the inner loop, a simple proportional-derivative signal is adopted to stabilize the
closed-loop system that facilitates design of the outer loop. Tracking control mission is mainly achieved by a novel iterative control signal
designed in the outer loop. The effectiveness of the proposed control method is resulted in from a new iterative design where the iterative
signal is flexibly structured from both the current and previous information on the iterative axis. To this end, a neural network is developed
to estimate the iterative disturbances using information synthesized from the past and present iterations. A proper inherent function is then
employed to connect the iterative-based and time-based control signals. Stability of the overall system is analyzed using absolution regres-
sion series criteria. The effectiveness and feasibility of the proposed controller are intensively discussed based on the comparative simula-
tion results and real-time experiments obtained from a 6 degree-of-freedom robot.
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Tom tat
Symbols

Bai bao nay trinh bay mot phuwong phéap didu khién hoc lap mai dé
Symbols Units Description giai qtﬂyét cac vén dé C.Ii‘éu khjén bim dubi tuén.hoén cho céc tay
A . . may cong nghi¢p. By dieu khién nay bao gom hai vong dieu khién.
CgH Function of variable - O vong diéu khién bén trong, mét tin hiéu didu khién vi-phan-ti-l¢
q rad Vector of joint position don gian dugc sir dung dé ?)n dinh he théng‘vc‘)ng kin, tao diéu kién
M & kg Inertia- tri thuan loi chq viéc }hiét ke péc tin hiéu diéu khién ¢ vong ngoa‘;i.
il nertia-mass matrix Nhiém vu diéu khién cha yéu duoc thuc thi nho mot tin hieu diéu
CLq,qu N.m Coriolis/Centripetal effect khién hoc lap moi dugc thiét ké ¢ vong ngoai. Tinh hiéu qua cua
in robotic models phuong phép dieu khién nay den ter mot quan diém méi ve phuong
N.m Gravitational torque in phap xay dung cau tric b dieu khien Idp, & d6 tin hiéu dicu khién
quJ robotic models trén truc lap dugc tong hgp mot géch linh hoat tir thong tin hién tai
. - - - va thong tin qua khtr cia hé thong. Cu thé, mot mang than kinh
fLQJ N.m Frictional torque in robot- nhén tao c6 cAu trdc pht hop dugc phat trién dé wéc lwong céc
ic models . . nhiu dong trén truc lap dwa vao cac thong tin tbng hop vira phan
14 N.m External disturbances in tich. Mot ham ké thira mém duoc sir dung dé két néi tin higu diéu
robotic models khién trén truc lap va truc thoi gian. Tinh 6n dinh caa qué trinh hoc
T N.m Joint torque or control va ca hé théng vong kin duoc dam bao bang tidu chuin hdi quy ndi

signal in robotic models

Abbreviations

tiép. Tinh hiéu qua va tinh kha thi cua b diéu khién dé xuét dugc
thao luan can than dya trén cac két qua md phong va thuc nghiém
c6 tinh so sanh tir mét md hinh tay may cong nghiép 6 bac tu do.

1. Introduction

DOF Degree of Freedom

PID Proportional Integral Derivative

ILC Iterative Learning Control Nowadays, humans are passing through the fourth Industrial

TNN Time-based Neural Network Revolution, in which robots play a key role both in industrial

TNNIC Time-based Neural Network Iterative manufacturing and day-life activities. Proportional-Integral-
Control Derivative (PID) controllers have been favorited in most

industrial robots owing to their simplicity in implementation
and acceptable control performances [1], [2]. High-accuracy
controllers with great adaptation ability are required for

Received: 09 July 2022; Accepted: 07 August 2022.



66

Measurement, Control, and Automation

modern robotic systems [3], [4]. However, unknown dynam-
ical behaviors and complicated working environments are
main obstacles on approaching excellent control outcomes
[5]-[8]. To cope with unexpected effects of systematic dy-
namical models, many model-based controllers have been
studied based on typical physical analyses such as
force/torque-based or energy-based methods, or decomposi-
tion principles [9], [10]. In reality, applicability of such ap-
proaches would be limited with general robots and be more
difficult for higher degree-of-freedom robots. Owing to uni-
versal approximation properties, neural-network-based con-
trol approaches have been recently increasingly employed in
robotic systems [11]-[13]. Direct and indirect learning
methods are the leading solutions for building neural net-
works [7], [14]. The system dynamics could be estimated by
neural-networks and their results could be then adopted to
eliminate unknown effects in control processes. This kind of
the design has been successfully utilized by the many types
of the networks such as Radial-basis function (RBF) net-
works [11], [15], [16] or Fuzzy-hybrid networks [17], [18].
Excellent control performances have been exhibited by such
the intelligent controllers. For repetitive control missions
that commonly occurs in industrial activities, the neural-
network-based control approaches need to be modified for
outstanding control outcomes.

Iterative learning control (ILC) technique is a famous con-
trol framework for systems with repetitive tasks. Its key idea
is to iteratively compute a control input based on errors from
previous trails so that the performance of the system can be
optimized. Previous work [19], [20] shows that with simple
designs, the ILC methods could provide superior perfor-
mances by effectively tackling repetitive disturbances such
as gravity and model uncertainties. In fact, the disturbances
and nonlinear uncertainties are rarely repetitive terms. In
most robotic systems, both iteration-varying and iteration-
invariant disturbances exist on the iterative direction. Itera-
tion-varying disturbances can be divided into two types:
Type | — state independent disturbances, for example exter-
nal disturbances, and Type Il - internal state-dependent dis-
turbances, for example friction forces. To extensively tackle
Type-I iterative disturbances, many advanced ILC approach-
es have been studied. ILC methods with robust learning fil-
ters, such as frequency or time-frequency filters, were used
to isolate iteration-varying disturbances from out of the itera-
tive loop. Indeed, in [21], low-pass filters were employed to
separate model uncertainties at high frequencies, or in [22], a
notch Q filter and a disturbance observer were injected to the
ILC to handle external vibration disturbances concentrated at
certain frequencies. In [23], a time-frequency numerical Q
filter was proposed based on robust principal component
analysis (RPCA) to eliminate the non-repetitive disturb-
ances. In [24], another robust Q-filter-based ILC method was
studied incorporated with a tuned feedback control signal to
deal with both repetitive and non-repetitive perturbances. As
comparing to Type-I ones, Type-Il disturbances always var-
ies on the iterative axis due to the dependence on system
states. To treat the non-repetitive disturbances, a former
adaptive ILC (AILC) method was proposed by Kuc and Lee
[25] based on Lyapunov theories. The key idea of AILC for
robotic systems, as discussed in [26], [27], is to adopt an
adaptive signal which iteratively recognizes and compen-

sates for unknown disturbances and uncertainties in the sys-
tem dynamics. Generally, the algorithm requires an assump-
tion that parameters of the robotic model are constants with-
in one iteration [28], [29]. Recently, the ILC scheme was
also integrated into a time-based adaptive control signal to
yield promising control outcomes [30]. From the above
analyses, since the iterative disturbances are state-, time- and
iterative-dependent factors, using iterative control signals
that are completely constructed from previous iteration in-
formation is difficult to yield outstanding control perfor-
mances.

To fill in this gap with a simple-yet-universal control
method, in this paper, we propose a PD neural-network-
based iterative learning controller for position-tracking con-
trol of robotic manipulators. The control scheme has two
loops: time-based loop and iterative-based loop. On the time
direction, a PD control signal is used to bring the system
states to the desired state as closely as possible. The control
performance is then significantly improved along the itera-
tive axis. Contributions of the paper are listed as follows:

1) A neural network with a nonlinear learning procedure is
built up on the iterative axis to effectively tackle both the
time- and iterative-based disturbances.

2) A new iterative control law is designed based on a flexi-
ble inherent function and the neural network designed to
realize the control mission.

3) Stability of the closed-loop system is rigorously proven
by regression series criteria.

4) Effectiveness and feasibility of the proposed ILC control-
ler are carefully verified by intensive simulation and real-
time experiments on a 6DOF robot model.

The remaining of the paper is structured as follows. Dynam-

ics of general robotic manipulators are briefly reviewed, and

control objectives are then stated in Section 2. Design of the
proposed controller including a proportional-derivative con-
trol term, adaptive iterative learning control signal and sta-
bility analyses of the overall system are clearly presented in

Section 3. Effectiveness and feasibility of the proposed con-

trol system are discussed in Section 1V. Conclusions are fi-

nally drawn in the last section.

2. System Modeling and Problem Statements

Motion equations of a serial n-DOF robot is generally
formulated using the following dynamics [6], [10], [31]:

Mlali=-Cla.a]a-gla|+fla]+ts+7 (1)
where q,d,T e R" denote the joint position, angular veloci-

ties, and the control torques, respectively, Me®™ is the in-
ertia-mass  matrix, Cd,0,ft;e®R" denote the Corio-

lis/Centripetal effect, the gravitational torque, frictional
torque, and external disturbances, respectively.

Assumption 1. The unknown disturbance (¢,) is bounded

(8], [11], [30].
Remark 1: We assume that the system states (q,¢) are meas-

urable. We define a tracking control error synthesized from a
desired profile (q,) that is assumed to be a known, bounded

and twice continuously differentiable signal, and the system
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output (q) . The main objective here is to develop a model-

free intelligent ILC for high control accuracy of the robotic
system (1). Unknown internal dynamics and complicated
external disturbances from various working conditions are
major barriers challenging the expected control performance.
However, one important advantage of the control system is
that it can run in many iterations. Other required features of
the ongoing controller are model-free, adaptive and robust.

3. Flexible Neural Iterative Learning Control-
ler

This section presents a detailed procedure of designing the
proposed controller which consists of a simple PD-type con-
trol signal and an advanced iterative learning control term.
Proper theoretical proofs are associated to the respective
sections to explain effectiveness of the developed features.
The main control objective is defined as the following error
e=q-dq 2
To complete the tracking control mission, the final control
signal is simply designed as follows:

T="1T; +7Tj (3)
where 7, andz; are time-based and iterative-base control
terms.

3.1. Time-based PD Control signal

For high-precision control of the manipulators, one could
use various types of the linear or nonlinear control methods
[1], [32], [33]. Purpose of the time-domain control signal z,
is however to stabilize the closed-loop system and bring the
system output to the desired profile as closely as possible. In
this approach, we only structure the control signal by a sim-
plest control form with the following PD design:

T = Kpe—-Kpe 4
where K, and K, are diagonal positive-definite gain
matrices.

By using the time-based PD control law (6), the closed-loop
system is bounded stable with any positive control gains Kpt
and Kp.. However, the control accuracy needs to be further
investigated. Here, we define the following indirect control
objective [11], [34]:

e=¢+K;e (5)
where K, =KK,, is the positive control gain matrix. In
previous work, the new control objective is normally called
as sliding-mode manifold [15], [44], [45].

The dynamics (1) could be re-expressed in terms of the new
composited variable (17) in a scope of iterative axis:

M;¢ =-Cig; +T—d; (6)

where d; is the lumped disturbance of the system in the iter-

ation i, that includes the model deviation and external dis-
turbance:

d; =M; (6g —Ki&)+C; (4q —Kie))+0i ~fi 14 (7)
Note that under the virtue of the control rule (4)-(5), such the
disturbance d; is bounded. The steady-state control error of
the system will approach to the following range [25][30]:

€5 :t"_)rg(KE’% (di T )) €)

Remark 2: The control error could be reduced by selecting
large control gains Kp: and Kpi. However, to achieve excel-
lent control performance, the nonlinear uncertainties and
disturbances in the system dynamics must be compensated.
To this end, possible directions are adoption of robust adap-
tive nonlinear controllers [8], [36] or high-gain observers
[14], [37]. In fact, the dynamical behaviors of the system
would be stored in the previous iteration data. Properly ex-
ploiting such the data could lead to interesting control out-
comes.

3.2. Neural Iterative-based Control Signal

By utilizing from the advantages of the iterative control
technique and repetitive control behaviors, in this subsec-
tion, an advanced iterative-based control signal is designed
to provide good tracking control error of the closed-loop
system.

Inspired but different from previous work [32], [48], [49],
the iterative control law is selected as
T =Bt +§ 9)
where B; =diag|b; | is a diagonal matrix of inheritance
function and §&; is the excitation function.

Also from the work, the iterative disturbance 0; was as-

sumed to be no change on the iterative direction, and such
the excitation function was simply selected as

S =& (10)
As carefully observing in the form of (7), the assumption on
invariant properties of the disturbance di is weak. With such
the design, the iterative control signal has tended to com-
pletely believe the past results. Much research in human so-
ciety show that this action is not an appropriate choice [38],
[39]. Hence, in this paper, another point of view in this de-
sign is required to deal with the aforeanalyzed problem. The

constraint (8) implies that once the iterative control signal T;

approaches to the disturbance d,, the control error would
converge to zero or as small as possible. It is worth defining
a new error:

Gi =T —d (11)
By noting the general control rule (9), variation of the new
error on the iteration axis is

Gi =Bigi 1 +& — 01 (12)
where @;;_; is called as the iterative disturbance:
91 =d; ~Bidi4 (13)

The new disturbance ¢;;_; depends both on the current and
past states on both time and iterative axes. It can be seen that
once €; approaches to €;_;, the disturbance d; will approach

to di.;. Based on this observation, the inheritance function

could be selected as
B et.n = tanh(o-l,kt)(l_tanh(o-z,kgiz,k)) (14)

where oy and o, , are positive constants.
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To design the excitation function, we start with approximat-
ing the new disturbance @;;_; using universal approximation

properties of neural networks [4], [40], as follows:

T . . .
Drictkktn = Wikhi [ 96,0 1,6i4.99,8d |[+@ig  (15)
where W; is the optimal weight matrix, I; is a regression

vector, and @ is the approximation error. Here the regres-

sion vector I is structured by 1-norm elements or

0<¥ jjjz1.m <1, in which m is the length of the vector.

Role of the excitation function &; is to eliminate the new
disturbance @;;_;, it is hence designed as

AT . . .
Sikk=r.n = Wikhi l_qiiqi’Qi—l!qi—llqd g J
where W; , is estimate of the W; .

By substituting the selection (16) to the variation (12), we
have

_ -
Gikk=t.n =BiGiak Wil —@j
where W; =W; , —W; is estimation error.

It can be observed that the iterative control performance
completely depends on the learning of the excitation func-
tion. Hence, we select the following learning law:

ri tanh| &, |
(18)
where 0< ‘7i,w,k‘ <10< f3y are constants, and I is the rela-

(16)

(17)

Wi k1.0 = (' ~7iwydiag| J)Wi—l,k - Bix

tive identity matrix.

Effectiveness of the flexible iterative control mechanism is
investigated from the following statement.

Theorem 1: For any bounded iterative disturbance that is
expressed in a linear combination as presented in (15), if
employing the iterative control signal (9), (14) and the non-
linear learning rule (18), the following properties hold:

1) The estimation error W; . will be stabilized inside an ar-
bitrary small vicinity around zero.
2) The iterative control signal t; is bounded.

Proof:
From the learning law (18), variation of the estimation error
on the iterative direction is

Wi kik=L.n :(| _7/i,w,kdiag[ri])wi—1,k —Wik
I’i tanhté‘i’kJ (19)
1+r'r

By applying triangle inequality to (19), we get the following
regression constraint:

+(| ~ 7 wxdiag[r; ])Wi—l,k —Bix

"Wi,k\k:l..n " < }“(I—yi‘kadiag[ri]) ||Wi—1,k "

* (1+ I(I—yivkadiag[ri]) )"V_Vi,k ” HhK S-S /I(I—n.w,kdiag[r.]) |W0,k "
1- Zi—l
(173 w kdiag[]) = _
’ - Z('—}’i‘w‘kdiag[ri]) ((1+ i(liyi’W'kdiag[ri ]) )"Wi’k " ! ﬁi’k )

(20)

where Z_TI_yivkadiag[ri]):maXLeigLI—;/iykadiag[ri]JJ is the

maximum eigen value of the matrix (I-7; ,diag[r;]), and

Wiy = maxUWi,kH is the upper bound of the weight vector
Wi) -

For deactivation cases where the regression-vector elements
are equal zero or (ri,j|j=1...m =0), according to (18), the esti-

mation weight vector (W; ) is boundedly preserved through

iterative to iterative.
For activation cases where the regression-vector elements

have the values of (0<F, jjj.1m <1), the regression ratio is

inside the unit circle or O</T(| ) <1. Furthermore,

~7iwkdiag[r
the ideal weight vector (W; ) is bounded. If the initial value
(Wq ) is boundedly selected, from (20), the estimation error
vector (W; ) is bounded. The first statement of Theorem 1

is thus proven. 0
By noting (16) and (18), the variation (9) could be rewritten
as

A

T .
Tikket.n = BiTistkkern Th (' _7i,w,kd|ag[ri ])Wi—l,k
i tanh| &, |
1+r'r

Taking absolute values at both sides of (21) in the regression
manner results in the following inequality:

|Ti,k|k:1..n| <b |Ti—l,k|k:1..n|

(21)

ik

+ A1) [Wioa IR+ < <8 [roggennl (22)

i
e (174 w kdliagr])
1- ’I(I—yi,w,kdiag[n])

By

1-o'
l-«a

"T"i—l,k”"ri | +

where b = maXLb,'Hk:l_nJ is the maximum value of the in-
heritance function (), W;_y, = max U\ivi_l]ku is the upper

bound of the estimation weight vector (W;y) , 7oyk1.n is
the initial iterative control torque, and « is a constant that is

defined as:
LJ < 1

23
1+r'r, (3)

OSa:max{

By using the result of the first statement in which the upper
bound V”Vi_,k is bounded. From (14), the inheritance gain

(b) is inside the unit circle or (0<b <1). From (22), the
iterative control torque 7; 1. is thus bounded under the
constraint (23). 0

Remark 3: With properly selecting the regression vector I,
the approximation error @; could be minimized. As a se-

quence, according to the dynamics (17), the iterative control
error (11) would be minimized as well thanks to the results
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of Theorem 1. Note that the approximation effect of the neu-
ral-network model (15) comes from the structure of the re-

gression vector [ [4], [40]. It is recommended that the vec-
tor I Lqi,qi,qi_l,qi_l,qd,qd J is designed to normally reflect

information of the inputs (0;,G;,0;_1,8;1,0q,8y) over their
workspaces. In the proposed control algorithm, the regres-
sion vector I; has to belong to the 1-norm class. It could be

encoded by radial-basis functions, or logsig function, or
tansig functions, etc.

Remark 4: In fact, to obtain excellent control error (5), one
could employ neural networks to learn the disturbance (7)
using current states of the system (1). As presented in (15),
the regression vector of the iterative-based neural network
contains more state than that of the time-based networks.
Hence, by using the iterative control technique, one could
utilize the control experiences in the past to result in higher
control performances. Indeed, the control accuracy is im-
proved along the variation (9) once the network well esti-
mates the iterative behaviors.

Remark 5: The proposed control idea is graphically summa-
rized in Fig. 1. The algorithm can be implemented by the
following procedure. In the first step, the iterative-based
control signal is turned off, and the time-based control signal
is employed to stabilize the main control objective (2) with
proper control gains (K,,K,,). In the second step, the iter-

ative control signal (9) is activated, but the inheritance func-
tion (b;) is set to be zero. The regression vector
i 6, Gi 0y, Gig,0g.Gg | is next designed based on the
workspace of its inputs, which have been observed from the
previous step. The neural weight vector (W;, ) is then up-

dated by the learning rule (18) with proper learning gains
0 <|7i,w,k| <1,0< B k. In the third step, the inheritance func-

tion (b;) is turned on with appropriate positive constants

o1 and o, using the constraint (14). One could be back to

Step 1 or Step 2 for fine tuning the gains in several times
until the expected control performance is resulted in.

Iterative Axis
- — it

(qu*q(/) | » <
g " ® 1
- (B) g
9 > >
§ S
5 >
£ (2) i (1)) (9,.49,)

ime-base Robotic Manipulator
+ 7 » o+ - R
Control Signal (4) (1)
% (e) (t,) (1) -
(9.9)

Figure 1: Block diagram of the proposed controller.

Figure 2: Configuration of the simulation robot.

4. Validation Results

The control performance of the proposed controller
(PDINN) was carefully verified both in simulation and real-
time experiments. To clearly evaluate the advantages of the
proposed ILC method, a conventional proportional-
derivative (PD) controller [1], time-based neural-network
(TNN) controller [42], and conventional adaptive iterative
learning controller (TNNIC) [30] were implemented to con-
trol the same system under same working conditions.

4.1. Simulation Results

The controllers were first tested on a 6-Degree-of-freedom
(6DOF) robot, as sketched in Fig. 2. Its dynamics could be
referred from previous work [10], [42]. Parameters of the
robotic model were selected as:

I, =0.2(m);1l, = 0.3(m);1; = 0.2(m);

my, = 2.2(kg);m, = 2.4(kg); m = 2.05(kg);

m, = 0.32(kg); m; = 0.19(kg); mg = 0.18(kg);

In the simulation tests, the learning and control gains of
the proposed controller were chosen as follows:

Kpi =15014; K, =10lg;
61 = 316;62 = 0004816
Viwkk=1.6 = 0.1B, =12I,.

Hidden layers of the neural network had 1944 neurons that
were encoded using logsig functions. The initial joint posi-
tions were set to be zero. The desired profiles of the robot
joints were chosen with various types of the sinusoidal and
smooth-multistep signals, as follows:

. . 2 2+e720t+40 .
Oyg =Sin(0.47t); 0,4 = 14e L0t - 14 @ 20t+40 '
Osq =1.2sin(7t); 0,y =1.1sin(1.57t)
1 1 . . )
Oed = 1+ 1+ 30t-450 1Geq =1.2sin(271);.

In the first simulation, external disturbances that affect to
the joint motions were also added to the system, as depicted
in Fig. 3. These disturbances were no change on the iteration
axis. Simulation results of the four controllers applied to the
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robot model in 10 iterations are shown in Figs. 4 — 6.

= —dj—dy—d3

Disturbances 4,5,6 (Nm)

Disturbances 1,2,3 (Nm)
R s
—_——
—]
—]

Time (s) Time (s)

Figure 3: External disturbances affecting to the robot joints in the first
simulation.

15t heration g 0-03

~ - PID-- TNN-... TNNIC
-0.06 —PDINN (Proposed)

e, (rad)

e 10th teration

e, (rad)

Time (s)

Figure 4: Comparative control errors of the controllers on the time axis and
the iteration axis in the first simulation.
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Figure 5: Control errors of the proposed controller on the time axis and the
iteration axis in the first simulation.
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Figure 6: Average absolute control errors of the proposed controller on the
iteration axis in the first simulation.

To make the report concise, only simulation results of
joints 1 and 2 of the robot are presented in Fig. 4. As seen in
this figure, even though working with the complicated robot,
the PD controllers with well-tuned gains still obtained good
control accuracies: 0.0028 (rad) and 0.011 (rad) respectively
for joint 1 and 2 under harsh perturbances. The control per-
formances could be improved by using learning properties of
neural networks to approximate the nonlinear uncertainties
and disturbances in the system dynamics on the time axis.
Indeed, also as observed in Fig. 4, the neural controller al-
ways provided better control outcomes than the simple linear
one. Control errors of the time-based neural network (TNN)
controller were reduced to be: 0.0006 (rad) and 0.004 (rad)
for the first and second joints, respectively. However, if the
system worked in a repetitive manner, iterative-based control
techniques could be applied and exhibited higher control
performances. Figure 4 shows that a combination of time-
based neural-network control signal and a conventional itera-
tive learning control term could suppress the disturbance
more effectively and delivered promising control results:
after 10 iterations, the control errors at the first and second
joints were 0.00015 (rad) and 0.0006 (rad), respectively.
However, high vibration phenomena could be observed from
the conventional ILC data on the iterative axis. As an inno-
vative step, in this paper, a new neural iterative control
viewpoint is studied as clearly presented in Section 3. Its
control effect is demonstrated by the control results shown in
Figs. 4, 5, and 6. In the first iteration, as depicted in Fig. 4,
since the proposed control signal was just generated by a
poor PD control framework and the ILC was not applied any
more, its performances looked even worse than those of the
well-tuned PD one. In the second iteration, at which the new
ILC theory had been gone into operation, the control errors
seemed to be enhanced in all the joints, but not better than
those of other controllers, especially in joint 1 that was in-
fluenced by the severe external disturbances. However, a
positive point could be observed here that is the system
could be learnable. Interestingly, after 10 iterations, the pro-
posed ILC approach could result in the best control perfor-
mances under various working conditions: 0.000012 (rad)
and 0.000054 (rad) for the first and second joints, respective-
ly. The learning process of the new ILC technique is more
clearly reflexed by the control errors summarized in Figs. 5
and 6. The data once again confirm that the proposed ILC
scheme works well in various conditions even though it
could start from a weak level.
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Figure 7: Variations of the frictional coefficient at joint 1 and the amplitude
of external disturbances at joint 3 in the second simulation.
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Figure 8: Comparative control errors of the iterative controllers on the time
axis and the iteration axis in the second simulation.
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Figure 9: Average absolute control errors of the proposed controller on the
iteration axis in the second simulation.

In the second simulation, to bring the developed algo-
rithm close to practice, the controllers were challenged with
non-repetitive external disturbance and internal parameter
variations. The frictional coefficient at joint 1 and the ampli-
tude of the external disturbance at joint 3 were set to be
changed following the iterative schedules as presented in
Fig. 7. In this test, only the iterative controllers (TNNIC and
PDINN) were applied to control the system, and their work-
ing performances achieved are shown in Figs. 8 and 9. Fig-
ure 8 presents the control errors of the controllers at joints 1
and 3 of the robot. In the new testing conditions, that the
disturbances changed in larger ranges obviously leads to
degradation of the iterative control performances: for exam-
ple, the steady-state control errors of the TNNIC controller
at joints 1 and 3 increased to be 0.00035 and 0.00077, re-

spectively. However, thanks to the strong support of the new
iterative control theory proposed, as discussed in Remark 3
as well as mathematical viewpoints in (14), (15), (17), (18)
and Theorem 1, the designed controllers worked in a robust
manner to result in good control outcomes: the new control
accuracies at joints 1 and 3 were 0.000032 and 0.000045,
respectively. As seen in Fig. 9, it can further confirm that the
iterative controllers dealt with well both the repetitive and
non-repetitive disturbances.

4.2. Experimental Results

Real-time experiments were conducted to investigate
feasibility of the proposed controller. A 6DOF robot was
designed and fabricated for the verification. The robot proto-
type is shown in Fig. 10. Industrial motors were used to
drive the robot joints, and encoders with resolution of
5760ppr were adopted to measure the joint positions. A
compact RIO 9024 controller connecting with digital (NI
9401) and analog (NI 9263) modules was employed as a data
acquisition (DAQ) system. The algorithms were implement-
ed in the Labview environment to control the second joint of
the robot.

Figure 10: The experimental 6DOF robot.
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—20t+40
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results achieved are presented in Figs. 11 —13.

In the real-time experiments, as seen in Fig. 11, the time-
based controllers (PD and TNN) still maintained their ro-
bustness with good control errors: 0.038 (rad) for the PD one
and 0.014 (rad) for the TNN one. The data in Fig. 11 present
the learning effectiveness of conventional ILC method: the
control accuracy after 10 iterations had been increased to
0.005 (rad). Even though governed by a strong time-based
neural network control signal, the real-time experimental
results however reveal that the nonlinearities, uncertainties
and disturbances were not completely terminated using the
conventional ILC one. We believe that such the problems
could be efficiently tackled by the proposed ILC technology
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owing to the proper neural-network-based design (12), (14),
(16), and (18). As demonstrated in detail in Fig. 11 or in the
summarization mode in Fig. 12, the developed ILC perfor-
mance had been gradually improved from iteration to itera-
tion: after 10 iterations, the steady-state control error reached
to a good value of 0.0018 (rad). Average absolute values of
the control errors for iterations obtained by the conventional
and proposed ILC controller in the experiments are further
compared in Fig. 13. The proposed controller has shown
outperformance as comparing to the previous one. The con-
vergence of the proposed ILC method is clearly confirmed
via the detailed and statical data.
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Figure 11: Comparative control errors of the controllers on time axis and
iteration axis in the real-time experiments.
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Figure 12: Control errors of the proposed controller on time axis and itera-
tion axis in the real-time experiments.
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Figure 13: Average absolute control errors of the proposed controller on
iteration axis in the real-time experiments.

5. Conclusion

A new adaptive iterative learning controller has been devel-
oped for motion control problems of robotic manipulators
using neural networks. The system is first stabilized by an
ordinary PD control signal on the time axis. The control per-
formance is next effectively enhanced by using a novel ILC
signal generated from a new adaptation design. The learning
information are collected from both previous and present
iterations and are then processed by a nonlinear neural net-
work in a reliable manner. Stability, effectiveness, and feasi-
bility of the overall system are rigorously proven by theoret-
ical analyses under regression series criteria and comparative
validation results on a 6DOF robot model.
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