Journal of Robotics and Control (JRC)
Volume 5, Issue 3, 2024
ISSN: 2715-5072, DOI: 10.18196/jrc.v5i3.21791

746

Robust Adaptive Iterative Learning Control for De-
Icing Robot Manipulator

Thanh Quyen Ngo '*, Thanh Hai Tran ?

! Faculty of Electrical Engineering Technology, Industrial University of Ho Chi Minh City, Vietnam
2 Office of Planning and Investment, Industrial University of Ho Chi Minh City, Vietnam
Email: ! ngothanhquyen@iuh.edu.vn, 2 tranthanhhai@iuh.edu.vn
*Corresponding Author

Abstract—This paper introduces a new method of
controlling uncertain robot using robust adaptive iterative
learning control (RAILC) to track the trajectory in iterative
operation mode. This method uses a PD controller combined
with gain switching and forward learning techniques to predict
the desired torque of the actuator. Using the Lyapunov method,
this paper presents an RAILC control scheme for an uncertain
robot system with structural and unstructured properties while
ensuring the stability of the closed-loop system in the domain
repeat. This study believes that this new control method can
advance the field of robot control, especially in dealing with
structured and unstructured uncertainties. It can help improve
the flexibility and performance of robotic systems in real-world
applications, such as automated manufacturing, transportation
services, or healthcare. At the same time, providing simulation
and test results demonstrates the effectiveness of the new control
method in deicing high voltage power lines for robots.

Keywords—PD Control; Learning Control; De-Icing Robot
Manipulator; Adaptive Iterative Learning Control.

1. INTRODUCTION

Nonlinear adaptive control (AC) technology plays an
important role in addressing the challenges of uncertain and
variable-parameter dynamic systems [1]-[4]. However, the
adaptive of AC depends heavily on the design of the learning
rule and initial parameters. This creates many difficulties in
designing a controller that can be applied to many different
nonlinear objects. When the disadvantages of AC became a
matter of concern for many scientists, the estimation method
applied adaptive learning rule design to handle uncertain
parameters and it became an effective means. In cases where
the system does not meet the required conditions, iterative
learning control (ILC) is a flexible solution. This is a
particularly useful technique when dealing with processes
that repeat tracking tasks at fixed intervals. ILC uses
information from previous trials to shape subsequent control
inputs, continuously improving tracking accuracy. Uniquely,
ILC can be applied not only to reference trajectories that
remain constant between trials but can also be adjusted to
meet a more general goal without requiring tracking of a
single target—specific static [5]. In general, the applications of
ILC are not limited to specialized cases such as robots [6]—
[7], high—speed trains [8]-[9], and subways [10]-[11 ], but
can also be extended to apply to a wide range of nonlinear
and parametrically variable dynamic systems. This opens
opportunities to develop more flexible and precise control
methods in various fields.

Since the 1980s, research on ILC algorithms in robot
control has developed significantly, mainly based on the
contraction mapping method [12]-[14]. ILC has proven
effective in handling repetitive tasks within limited periods
[15]-[20]. In the recent decade, the growing interest in robot
manipulator adaptive ILC has made the field diverse. In some
research, Tayebi [21] proposed three simple ILC schemes to
solve robot trajectory tracking problems. Chien and
colleagues [22] developed an adaptive learning rule
combining the time domain and iteration domain to estimate
uncertainty in robot control. He et al. proposed an adaptive
ILC algorithm based on impulse neural networks to achieve
high tracking performance for uncertain robotic systems [23].
In [24], Cao et al. developed an adaptive boundary ILC
scheme for a two—link flexible controller. Li and colleagues'
research [25] focuses on iterative learning impedance control
for rehabilitation robots. Although the above ILC algorithms
have achieved much progress, the original problem of ILC
still needs to be solved. In practice, the required error—free
initial reset in each iteration cycle is difficult due to the
limitations of the actual reset mechanism. Studies have
attempted to address this issue [26], and only a few results
have been reported [27]-[29], including time—varying
boundary layer, initial corrective, error—tracking, and more.
Jin [30] used initial disciplinary action to face this problem,
while Ouyang Zhang and colleagues [31] worked on
designing error—tracking ILC for robots with initial errors
depending on the idea.

Under certain conditions, artificial neural networks can
approximate various nonlinear functions to any designed
precision. Neural network controllers can perform well in
cases where system dynamics information is known [32]-
[36]. There have been many suitable results on adaptive
neural network control for robotic systems through many
years of effort and development [37]-[41]. In adaptive ILC,
unknown parameter learning is performed in a finite period,
and traditional adaptive neural networks are not suitable for
direct application to such situations. To overcome the
difficulty, neural networks based on adaptive differential
learning have been developed to estimate uncertainties in
finite—time operating systems [42]. In [42], Sun et al. propose
a neural adaptive ILC scheme for continuous systems with
arbitrary initial errors.

Under specific conditions, artificial neural networks are a
powerful tool capable of approximating nonlinear functions
accurately to any designed precision. Neural network—based
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controllers can perform better in the case of detailed system
dynamics information [32]-[36]. Many studies have
demonstrated the effectiveness of adaptive neural network
control in robotics over the years [37]-[41]. However, in
adaptive ILC, unknown parameter learning is usually
performed in a finite period. Traditional adaptive neural
networks are often not suitable for direct application in such
situations. To overcome this challenge, a new approach has
been developed that uses neural networks based on adaptive
learning to estimate uncertainties in systems operating over
finite periods [42]. In the work of Sun and colleagues [42],
they proposed a neural network—based adaptive ILC scheme
for a class of continuous systems with arbitrary initial errors.
This represents a significant advance in applying artificial
neural networks and ILC to face the challenges of dynamic
systems with substantial uncertainties and require parameter
tuning over short timescales.

ILC was initially developed as a direct feeding operation
into open—loop systems [43]. Many research papers have
proposed adaptive ILC methods to handle uncertain
parameters and disturbances by adjusting the cybernetic gain
[44]-[50]. In recent literature, many studies [S1]-[57] have
focused on iterative learning control design to track the
trajectory of uncertain systems without requiring initial
repositioning. Meanwhile, [56]—[57] developed a method to
improve position—tracking accuracy through a minimum
number of iterations. The notable point is that in [58], to
achieve fast convergence of trajectory tracking in the initial
iterations, it is impossible to increase the switching
coefficient arbitrarily due to the limitation of the impact
force, especially when the system has modeling errors or
nonlinearities. The effectiveness of ILC depends on two
factors. First, the design of the ILC must include a balance
between accuracy and adaptability. Second, the ILC method
is limited to large and complex problems. This depends on
the updated ILC law, which has many elements that need
improvement.

Developing ILC based on Lyapunov synthesis has
introduced many advanced control technologies, such as
robust or adaptive control, in the field of iterative learning
control. A notable trend is the application of AC to design
ILCs and vice versa to improve the dynamic quality of
adaptive transitions [59]-[60]. Combining these two methods
gave rise to adaptive iterative learning control (RAILC)
theory, which overcomes characteristics that are difficult to
achieve with a single control scheme. Therefore, RAILC is
becoming a potential and promising research field in the
future.

This article makes two important contributions:

e New control method: The paper has developed a new
method that combines the advantages of several different
control methods to create a new hybrid method to
optimize tracking performance in repetitive tasks again.
The proposed control method is not different from a
conventional PD controller. Still, it has an adjustable ratio
conversion technique and a forward learning term to
predict the desired torque of the active mechanism. Using
the Lyapunov method, a tuned iterative learning control

scheme is introduced, ensuring the overall stability of the
closed-loop system in the iterative domain.

e New mathematical model of robot controller: This article
proposes a new mathematical model for deicing robot
controllers and proves its effectiveness through
experiments in industrial laboratories. This opens new
perspectives in applying and improving robot control
systems for repetitive tasks.

This paper is organized as follows: Section II describes a
dynamic model of an n—link robot manipulator. In section III,
RAILC is presented and its features are discussed. Lyapunov
method is used to prove the asymptotic convergence of the
proposed controller. Numerical simulation and experiment
results of a three—link De—icing robot manipulator under the
possible occurrence of uncertainties are provided to
demonstrate the tracking control performance of the proposed
RAILC system in section IV. Finally, conclusions are drawn
in section V.

IL ROBOTIC DYNAMIC

In general, the dynamic of an n—link robot manipulator
may be expressed in the following Lagrange form:

D@ ®F'® +C@ O 4O +6@®.4®) ()
+74(8) = 7'()

With t € [0, tf] denotes the time and { € N denotes the
iteration, ¢*(t) € R™, ¢'(t) € R™ and §j'(t) € R™ are the joint
position, joint velocity, and joint acceleration variables vector
respectively; D(q'(t)) € R™™ is the inertia matrix,
C(q'(t), ¢*(t)) € R™ the coriolis—centripetal —matrix;
G(q'(t), ¢*(t)) € R™ the gravity vector plus friction force
vector, Bounded unknown disturbances are denoted by
7,(t) € R™ and the control input torque is T!(t) € R™. In this
paper, a new three—link De—icing robot manipulator, as
shown in Fig. 1, is utilized to verify dynamic properties given
in section IV.
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Fig. 1. Architecture of three—link De—icing robot manipulator

Property 1: The inertia matrix D(q‘(t)) is symmetric and
positive definite. It is also bounded as a function of q: m{I <
D(q'(t)) <myl. my, m, >0
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Property 2: D(q'(t)) —2C(q'(t), 4'(t)) is a skew
symmetric matrix. Therefore,

Y'[D("(®)) — 2€C(q'(t), ¢'(£))]y =0 where y isan x 1
nonzero vector.

Assumption 1: The given desired joint trajectory q4(t)
belongs to C2[0, t¢], where C?[0, t;] is the set of twice

continuously differentiable functions ont € [0, tf].

Assumption 2: We also assume that time t is reset to zero
at the starting point of each iteration. We assume that g*(0) =
q4(0) and ¢*(0) = ¢4(0) forall i > 1.

II1. RAILC DESIGN

By linearzing the system (1) along the desired trajectory
qa(t), qa(t), Gq(t) at the ith iterative, we obtain the
following linear time—varying system according [21-22]:

D()é'(t) + [C(t) + Ci ()] (t) + R(D)e'(t)

+n(éh el e t) —t,(t) 2)
=5(t) —7i(t)
Where:
D(t) = D(qq(t))
C(t) = C(qq(t), qa(D))
a0 =o] G+ 5]
' 94 qa(t), qa(t) ‘ 04 qa(t), qa(t)
RO=5) a0+ o] a®+ o]
991,40 ‘ 04140, da® ‘ 99140
S@® =D(qa(®))Gu(®) + C(qa®),  q2([®))qa(®)

+G(qa(®) + 74 (1)
e(t) = qq(t) — q(t)

The term n(éi, el el t) contains the higher order of
terms é'(t), é'(t) and e'(t), and it can be negligible. The
control problem is to find a control law so that the position
q(t) can track specific commands q;(t). We construct
controller as follows:
i =1l +H! (3)
Where the first term 7} = K} (e'(t)) + K} (é'(t)) is feedback
PD control law with the following gain switching rule in [20]:
Kt = BQ)K,
Kitt = B(D)K;
Bi+1)>p()

Where K,ﬁ, K} are the initial proportional and derivative

i=012 -, N @)

control gain matrices that diagonal positive definite, Kzl;ﬂ'
K*! are the control gains of the it/ iterative, (i) > 1 is the
gain switching factor. The gains adaptive laws in (4) are used
to adjust the PD gains from iterative to iterative. And H' is
the initial predicted feed—forward control input to be
computed at each iterative by a learning rule.

As it has been demonstrated in [20], the feedback PD
control law with the gain switching factor in (4) plus the
feed—forward learning control law with the input force

profile, the convergence of system (2) is guaranteed.
However, for the trajectory tracking convergence is fast in
some initial iterative, we cannot increase the switching factor
arbitrarily large because actuator forces are limited,
especially when the system has modelling errors or
nonlinearity. Hence, to deal this problem, we propose feed—
forward control input H!(t) with a learning rule so that H!(t)
converges to R(t) forall t € [0, tr] as follow:

HY(t) = Hi(t) + atl (5)

At the initial stage of learning, the H!(t)’s are set to zero.
a is a positive constant often called a training factor.
Therefore, for the ith and (i + 1)th iterations, applying the
input (3) and (5) to system (2), we obtain an error equation as
follows:

D(DE(t) + [C() + Ci(D]EX(®) + R(D)e' (1)

=S —i—H' ©
D(t)é™(t) + [C(t) + Gy (8)]e™(2)
+ R(t)e!(t) (7)

=S(t) -ttt — H! — a1l
To simplify the proof of stability, let Kzl; = ak} for the
initial iteration, and define the filter errors as follow:
() = éi(t) + ae'(t) 8)
Also, define §% = ¥*1 — %' and Se! = e'*! — e!. Then,
from (8)
8%t = sél + asel 9)

From (4)—(8) and (9), one can obtain the following
equation:

D&X' + (C + C; —aD + K*YH6xt + (R — a(C

+C, — aD))de! _ (10)
= —(K[™ + (e — DKYHF
The following theorem can be proved.

Theorem: Consider an n-link robot manipulator
dynamics represented by (1) satisfies property (1, 2) and
assumption (1, 2). If the control laws of RAILC control
system is designed as (3), the gain switching rule (4) and
learning rule (5). The following should hold for all t €
[0, tf], we have

git) — = qu(t)

Gt — ()

If the controller gains are selected so that the following
relationships hold:

Ly = Amin (2 — @)K +2C; — 2aD) > 0 (11)

. 2R .
L = Ain ((2 — @K+ 20 +— - ZCl/a> >0  (12)

2

R
Ll > ||E—(C+c1 —aD (13)

max
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Where A,,;, (4) is the minimum eigenvalue of matrix A, and
IMlinax = max|[M(®)|| for ¢t e€[0,t]. Here, [IM]|
represents the Euclidean norm of M.

Proof: We select a performance index Vi(t) as follow:
t

Vi =f e P % Qxidr > 0 (14)
0

Thus £(i) > 1 according (4) so we have K}*! > K and
a < 1 is a positive constant, so Q = Ki** + (a — DK)) >
0. From the definition of V¥, for the (i + 1)th iteration, we
can get

t
yitt =f e~r" 1 Qxidr (15)
0

Let AVY = Vi*1 — V! then from (14), (15) and (10), we
obtain:

t
AVi = f e~PT (5% Q6% + 267 Qx)dt
0
t

t
=f ePt SfiTQ&?"dr—Zf e~PT 5% DSKFidT
0 0
t
- zf e=PT 5% ((C + €, — aD + Ki*1)6%! + (R
0
—a(C + C, —aD))8eV)dr
(16)
By applying the partial integration, from assumption 2,
and property 2, we have
¢ P T ot ¢ AN
fe-f’f 57" Ds%idr = e 67" D5T!| —f (e77 %' D) 5% dr
0 0 0
= e~75% (H)D(£)SF(t)
t
+pf et 63?iTD69?idT—f e=P7 5% DS%ldT
0 0

t
—zf et 55 CsFidr
0

(17

Substituting (17) into (16) and Q = K:** + (a — 1)K})
yields

AV = —e PTSEIT(£)D(t)6%L(t)
t t

—pfe"”é')?iTD&?idr— zfe-Pf&?iT (R
0 t
—a(C + €, —aD))se'dr
t
- f e PTEET (K — (@ — DKL + 26,
t
— 2aD)éxdr
(18)
From (4), we have
t T . . t T . .
f e PTSxU K sxidTr = B(i + 1)f e~PT XY Kjoxtdt
0 0
t Y .
= f e~PT XY Kjoxtdr
0

(19)
Substituting (9) into (18) and noticing (19), we obtain

t

AVi < —e~PtsE (OD(D)SF(L) — p J e~"7 5% D67 dT
0
t
—f e=P7 856! ((2a)K} + 2C, — 2aD)5éidr
0

t
- 2af e~PT el (2 — @)K\ + 2C,
0
t
- 2aD)Séldr — zf e=P7 56 (R—a(C + ¢,
0

t
—aD)deldr — azf e Pt 6eiT((2 — )KL+ 2¢,
0
t
— 2aD)Seldr — Zaf e=PT8el’ (R—a(C +C,
0
—aD)deldr
(20)
By applying the partial integration the again gives

t
f e 6el" ((2— )kl +2C, — 2aD) Séidr
0
. . .t
= e "Sel’ (2 — @)K\ + 2C, — 2aD)Se’
0
t
+ pf e~Pt 6eiT((2 —a)KL +2C, — 2aD)Seldr
0
t
- f e=PT 86! ((2 — @)K} + 2C, — 2aD)Seldr
0
t
+ 2f e P §el’ (ab — C,)Seldr
0
(21)
Therefore
. g . t T . iT
AVE< —e~P757 DSF —pf e~PT 5% DSFidT — ae~P7Sel” ((2
0
t
— a)KL +2C, — 2aD)5e — paf e T sel’ (2
0
t
— a)KL +2C, — 2aD)deldr — f e P wdt}
0
< —e P57 DSEE - ae‘pfcﬁeiTlpSe"
t
—pf e~7 5% DSFLdT
0 ¢ p ) t
—paf e Pt fet lp(?e‘dr—f e P wdrt
0 0
(22)
Where
w =8¢ ((2— @)k} +2C, — 2aD) 8¢

(R .
+2a8é"" (E —(C+cC, - aD)) et

. . 2R 2C )
+a?se” ((2 —a)K; + -t 2C — 71> §e'

(23)

Let P=R/a— (C + C; — aD). Then from (11) and (12), we
obtain

w = L||8¢||* + 2a6éTPSe + a®l,||Sel|? (24)
By applying the Cauchy—Schwartz inequality, we obtain
5e"PSe = —||8€lIPllmax I Sell (25)
From (11)—(13) we obtain
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w = L[18]|* = 2all5lllIPllmaxISell + a?1,]|5e]|?
2
a
=1l <|I5éll - IIPIImuxII5e||> +a?(l,
p

1 2 2
— 1 IPIlna)llSell* = 0
.

(26)

According to the properties 1 and (26), based on (22), it
can be ensured that AV < 0, therefore Vi*! < Vi, From the
definition K/ is a positive definite matrix. From the definition
of Vi, V>0, and V' is bounded. As a result, X¥(t) = 0
when i — . Because e’(t) and éi(t) are two independent
variables, and a is a positive constant. Thus, if i —
w,e'(t) » 0and é'(t) —» 0 for t € [0, t/].

Finally, the following conclusions hold for t € [0, tf]
. -
q't) —— qa(®)

. 1—0
¢'(t) — 4a(t)

According to this analysis, we can be seen that the
adaptive RAILC control method guarantee that the tracking
errors converge arbitrarily close to zero as the number of
iterations increases. The following case is demonstrated
based on simulation and experimental results for this
conclusion.

Iv. SIMULATION AND EXPERIMENTAL RESULTS

A. Simulation Results

A three—link De—icing robot manipulator as shown in Fig.
1 is utilized in this paper to verify the effectiveness of the
proposed control scheme. The detailed system parameters of
this robot manipulator are given as: link mass m;, m,, ms
(kg), lengths [, I, (m), angular positions q;, g, (rad) and
displacement position d; (m). The parameters for the
equation of motion (1) can be represented as follows:

Dyy D1z Dg3
D(q) =|D21 Dy Dys
D3y D3y Dss
9 1 2 2 2 2
Dii = 4mqly *my 4cyl, +li+lhie =) J+ma(cal:

+ 132 + 2,41,
Dyy = 1/4myl3 + msl3 + 4/3m 12
Dy3 = M3, = m3cyl,
D33 =my
Dy = Dy3 =Dy =D3, =0

€y Cip Cg3
C(@) =|C1 (2 (33
(31 (32 (33
Ci1=—8mylyly ¢ 8 (g1 + (=1/2my s, ¢, 13)
+mg (=25, ¢ 15 — 25, 11 1),

Co1 = (=1/2my5,¢515 + m3(=25,¢,15 — 25,111,) 44

Cp2 = _msszlzds
Ca3 = —2m3s;154;
C32 = —m35s,15q;

Ci =C3=0C31=0C33=0

(1/2¢1¢5l5 + 1 li)myg
G(q) = [(=1/2sy5,l,m; + ¢ lyma) g 27)
mzg

Where g € R3and the shorthand notations ¢; = cos(q;),
¢, =co0s(qy), s, = sin(q,) and s, = sin( q,) are used.

For the convenience of the simulation, the nominal
parameters of the robotic system are given such as m; =
3(kg), m, = 2(kg), m; = 2.5(kg), I, =0.14 (m), [, =
0.32 (m), and g = 9.8 (In/s?) and the initial conditions
%(0) =0, q2(0) =1, d3(0) =0, ¢1(0) =0, g,(0) =0,
d3(0) = 0. The desired reference trajectories are qg4,(t) =
sin(2t), qgo(t) =cos(2t) and dg,(t) = sin(2t),
respectively.

The most important parameters that affect the control
performance of the robotic system are the bounded unknown
disturbance 7,(t) which consist of the external disturbance
term f; (t) the friction termf,(q), in simulation, the external
disturbance situation occurring at fifth the iteration are
considered. The disturbance situation is that external forces
are injected into the robotic system, and their shapes are
expressed as follows:

fi(t) = [5sin(5t) 5sin(5t) 5sin(50)]7 (28)

In addition, friction forces are also considered in this
simulation and are given as

f2(@) = [204; + 0.8sgn(q;)4d, + 2 sgn(d,)4ds

+2 sgn(d3)]T (29)

In order to exhibit the superior control performance of
RAILC system, the adaptive switching learning PD control
system (ASL—PD) is represented in [20] for comparison.

The simulation results of ASL—PD system, the responses
of position at first and fifteenth iteration and tracking error
from iteration to iteration are depicted in Fig. 3 (a), (b), (¢),
Fig. 4 (a), (b), (c) and Fig. 5 (a), (b), (c). Now, the proposed
RAILC control system depicted in Fig. 2 is applied to control
the three—link De—icing robot manipulator for comparison.
The simulation results of position responses and tracking
error from iteration to iteration are depicted in Fig. 6 (a), (b),
(c) and Fig. 7 (a), (b), (c). Table I show that the tracking
performance of the proposed system from the initial iteration
to fifteenth is obvious. Therefore, the comparison of their
method and our method demonstrated fast convergence rate
with the proposed control method.

Proposed AILC Scheme

(O =khe )+

kié' (1)

Fig. 2. Block diagram of proposed RAILC control system
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Fig. 3. Simulated position responses of the ASL—PD and proposed RAILC
control system for joints 1, 2 and 3 at first iteration

In two simulation situations, The PD control gain was set
to be the same as follows:
K = K} = diag{30, 30, 30}
KLt = 20Kk}, Kt = 20K},
B =075 a=08
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Fig. 4. Simulated position responses of the ASL-PD control system for
joints 1, 2 and 3 at fifteenth iteration
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Fig. 5. Tracking error of ASL-PD control system from iteration to iteration
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Fig. 6. Simulated position responses of the proposed RAILC control system
for joints 1, 2 and 3 at fifteenth iteration

TABLE I. MAXIMUM TRACKING ERRORS FROM ITERATION TO ITERATION

Iterative 0 5 10 15
2 Max|el| 0.0316 | 0.0007 | 0.0008 | 0.0007
4 Max|ei| 0.0437 | 0.0008 0.0005 | 0.0006
< Max|ef| 0.1661 0.0040 | 0.0028 | 0.0023
0 Max|ef]| 0.0316 | 0.0001 | 5.4x107° |3.4x10°
= Max|e}| 0.0437 | 0.0002 | 2.5x10° | 1.3x10°°
Z Max|e}| 0.1661 | 0.0003 | 0.0001 |5,6x10°
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Fig. 7. Tracking error of proposed RAILC control system from iteration to
iteration

Based on the data in the Table I, we can see the detailed
differences between ASL-PD and RAILC methods in
minimizing errors from one iteration to another.

e First, regarding the max tracking error rate (Max), ASL-
PD usually has a more considerable Max value than
RAILC at each iteration. For example, in the second
iteration, the maximum value of ASL-PD ranges from
0.0008 to 0.0007, while RAILC only ranges from 5.4x10~
5 to 3.4x107. This means that RAILC tends to reduce
errors more effectively than ASL-PD.

e Second, the fluctuations between iterations are also worth
noting. While RAILC reduces error consistently with
each iteration, ASL-PD can exhibit significant volatility.
For example, in the third iteration, the maximum value of
ASL-PD increases from 0.0005 to 0.0040, while RAILC
only increases from 2.5x107° to 5.6x107. This means
ASL-PD may not be stable and may need tuning to
achieve better performance.

o Finally, the convergence speed is also a notable point.
RAILC tends to converge faster than ASL-PD, as shown
by the rapid and stable error reduction over iterations.
Meanwhile, ASL-PD may require more iterations to
achieve similar error reduction.

In summary, RAILC is a more stable and effective
method for minimizing errors from one iteration to another.
B. Experimental Results

The experimental parameters of the proposed RAILC
control system are selected:

K} = K} = diag{100, 100, 100}
Kt = 2iK}, Kt = 2K}
B =0.75 a=08

In this section, the control objective is to control the each
joint angles of a three—link De—icing robot manipulator to
move periodically for a periodic step commands and the
initial conditions of system are given as q,(0) = 0(rad),
q,(0) = 0(rad), d5(0) = 0(m). Finally, the experimental
position and tracking error responses results of the proposed
RAILC control system from first iteration to fifth iteration are
depicted in Fig. 8 (a), (b) and (c), Fig. 9 (a), (b), and (c).
According to these experimental and simulation results of
proposed RAILC control system due to sinusoidal and
periodic step reference commands indicate that the high
accuracy tracking position responses can be achieved by
using the proposed RAILC control system for difference
reference commands and tracking errors responses of the
RAILC scheme decrease with the increase of the iteration
number under wide range of external disturbance.
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Fig. 8. Experimental position responses and tracking error of the proposed
RAILC control system at joints 1, 2 and 3 at first iteration
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Fig. 9. Experimental position responses and tracking error of the proposed
RAILC control system at joints 1, 2 and 3 at fifth iteration

The hardware block diagram of the control system is
implemented to verify the effectiveness of the proposed
methodologies and is shown in Fig. 10(a). Each joint of
manipulator is derived by the “EC—**” type MAXON DC
servo motors, which is designed by Switzerland Company,
and each this motor contains an encoder. Digital filter and
frequency multiplied by circuits are built into the encoder
interface circuit to increase the precision of position
feedback. The DCS303 is a digital DC servo driver developed
with DSP to control the DC servo motor. The DCS303 is a
micro—size brush DC servo drive. It is an ideal choice for this
operating environment. Two DC servo motor motion control
cards are installed in the industrial personal computer, in
which, a 6-axis DC servo motion control card is used to
control the joint motors and a 4—axis motion control card is
used to control the drive motors. Each card includes multi—
channels of digital/analog and encoder interface circuits. The
name of model is DMC2610 with a PCI interface connected
to the IPC. The DMC2610 implements the proposed program
and execute in the real time. Considering that the control
sampling rate Ts = 1 ms is too demanding for the hardware
implementation, Ts = 10 ms is thus considered here.

Fig. 10. IPC-based De—icing robot position control system a) Block diagram
of three-link De—icing robot manipulator control system, b) image of
practical control system, c) image of special robot laboratory of power
industry

An image of a practical experiment control system for
De-icing robot consists of three manipulators and is shown
in Fig. 10(b). The left and right manipulators have three—link
with two revolute joints and a prismatic joint. End—effectors
of each manipulator have attached the motion structure to
move the De—icing robot on the power line and the snow
cleaning device. During normal operating conditions, the left
and right manipulators are only in operation. The between
manipulator has only two joints with a revolute joint and a
prismatic joint. It only works when the De—icing robot voids
obstacles on the power line. In general, the operation of De—
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icing robot is very complex. In this paper, we consider only
the three—link De—icing robot manipulator for proposed
methodologies while the other manipulator is the same.

V. CONCLUSION

This paper has successfully implemented an RAILC
scheme to control the position of three—link De—icing robot
manipulator for achieving desired position control. All the
dynamically system may be unknown. A new control method
is a combination of advantages some other method into a
hybrid one as explained above. By using Lyapunov theorem,
the asymptotic convergence of the closed—loop control
system can be ensured whether or not the uncertainties occur.
Simulation and experimental results of a three—link De—icing
robot manipulator via various existing control methods
including ASL—PD and ILC control were also applied in this
paper to compare and display the manipulative performance
of the proposed control system. According to the these result,
it is shown that the desired position tracking and tracking
errors response of the RAILC scheme decrease with the
increase of the iteration number under wide range of external
disturbance. The main purpose of the paper is to construct a
simple scheme, easy implementation, fast convergence.

In de-icing robotics, using RAILC offers excellent
potential to improve the performance and stability of systems.
Because the variable and complex actual of the ice
environment in overhead power lines poses significant
challenges, RAILC can help autonomous robots adapt, learn,
and improve over time. However, RAILC still has the
disadvantage of having fixed learning parameters. This
means that each area of the robot needs to choose reasonable
and suitable parameters for the changing conditions in that
area. In the future, research and development in this field
should focus on combining RAILC with control methods and
parameter learning capabilities to enhance the effectiveness
and reliability of de-icing robots. This will play an important
role in developing intelligent automation systems that operate
in harsh environments and contribute to the industry's
sustainable development.
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