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Abstract: Aiming at robotic manipulators subject to system uncertainty and external disturbance, this
paper presents a novel adaptive control scheme that uses the time delay estimation (TED) technique
and reinforcement learning (RL) technique to achieve a good tracking performance for each joint of a
manipulator. Compared to conventional controllers, the proposed control scheme can not only handle
the system parametric uncertainty and external disturbance but also guarantee both the angular
positions and angular velocities of each joint without exceeding their preset constraints. Moreover,
it has been proved by using Lyapunov theory that the tracking errors are uniformly ultimately
bounded (UUB) with a small bound related to the parameters of the controller. Additionally, an
innovative RL-based auxiliary term in the proposed controller further minimizes the steady state
tracking errors, and thereby the tracking accuracy is not compromised by the lack of asymptotic con-
vergence of tracking errors. Finally, the simulation results validate the effectiveness of the proposed
control scheme.

Keywords: reinforcement learning; robotic manipulator; adaptive control

1. Introduction

Robotic manipulators have been extensively applied in assisting or even replacing
humans to perform the various tasks such as assembling [1], machine operation [2], debur-
ring [3], drilling [4], transportation [5] and manufacturing [6,7]. In order to successfully
perform such industrial tasks, it is essential to well control the motion of robotic manip-
ulators. However, the highly nonlinear and uncertain dynamics of robotic manipulators
result in the inapplicability of many traditional controllers designed for linear systems
such as linear quadratic control (LQC) [8,9] and linear Hoo control [10,11]. Hence, many
researchers have been motivated to place efforts on designing advanced controllers for
robotic manipulators.

State feedback linearization requiring a known dynamic model can transform the
nonlinear system to a linear form [12]. However, the dynamic model of robotic manipula-
tors is always uncertain because of unknown external disturbances and uncertain system
parameters. To handle the issue of uncertainty, many efforts have been made such as sliding
mode control (SMC) [13-18], fuzzy logic system (FLS)-based control [19-21], neural net-
work (NN)-based control [22-26], and disturbance observer (DOB)-based control [27-29].
More precisely, Zhang et al. [13] propose a fixed time sliding mode control for uncertain
robotic manipulators in which a conservative switching gain requiring the upper bound
of lumped uncertainty is used. In [21], an adaptive controller-based T-S (Takagi-Sugeno)
fuzzy system is designed, and the modified T-S fuzzy system can efficiently approximate
the unknown model of robotic manipulators. Hu et al. [26] present a multiple-layer neural
network-based controller that can achieve a high accuracy of motion control of robotic
manipulators subject to unknown disturbances. In [28], a high-order-sliding-mode differen-
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tiator (HOSMD)-based estimator is designed to compensate the mismatched uncertainties
without the need of assuming a bounded uncertainty.

Besides the uncertainty of the dynamic model, state constraint is also a common
problem of robotic manipulators, which has attracted much attention. For example,
Sun et al. [30] proposed an adaptive neural network control scheme considering full-
state constraints of robotic manipulators. In [31], an adaptive fuzzy control scheme that
can guarantee the constrained output is presented. Yu et al. [32] designed an adaptive
fuzzy control scheme working with a disturbance observer for the manipulators with full-
state constraints. Nevertheless, those controllers can only achieve either the constrained
tracking error of joint angle or the constrained error between the actual angular velocity
and the virtual control signal. In other words, controllers in [30-32] do not guarantee the
angular position and angular velocity for each joint of the robotic manipulator, within
the preset constraints. Recently, Yang et al. [33] designed a new adaptive control scheme
that can guarantee the angular position for each joint of a robotic manipulator to never
exceed the preset constraints. However, the constrained angular velocity of each joint is
not guaranteed.

In the light of reviewing the existing literature, the following issues need to be
further solved:

e In order to safely perform robotic manipulators, both the angular position and angular
velocity of each joint of robotic manipulators should be controlled to not exceed the
preset constraints. More precisely, the angular position (rotation angle) of each joint
should be always within a reasonable range to have no risk on physically breaking
the joint. Similarly, the angular velocity of each joint should not exceed its maximum
related to the maximum rotational speed of the driving motor;

e For some existing controllers (e.g., [9,23,26,30-32]), the tracking accuracy could be
compromised due to the bounded result of tracking errors and uncertainty-estimation
errors. Therefore, it is needed to avoid the loss of tracking accuracy caused by the lack
of asymptotic convergence of tracking errors.

To handle the above issues, this paper proposes a new adaptive control scheme that
utilizes time delay estimation (TDE) and reinforcement learning (RL) for n-link robotic
manipulators. In the proposed control scheme, the multiple-input-and-multiple-output
(MIMO) robotic system is initially decomposed into # single-input-single-output (SISO)
subsystems by TDE. Each subsystem is with an unknown bounded TDE error. After that,
the novel virtual control law for each subsystem is designed, which can not only achieve
the boundness of tracking errors for each joint in the presence of TDE error, but can also
guarantee both the angular position and angular velocity for each joint to be not exceeding
the preset constraints. To improve the tracking accuracy, an RL-based term in the virtual
control law is designed, which automatically learns the optimal parameters of the controller
in the different system states. RL is an artificial intelligence technique that gradually
explores the optimal policy by interacting with the environment, which has attracted many
interests in the control of robotic manipulators such as [34-36]. Particularly, the RL-based
term in this paper is designed to avoid the violation of the boundness of tracking errors,
even if a bad policy is tried by RL, which ensures a safe environment for implementing RL.
The tracking errors are proven to be uniformly ultimately bounded (UUB) via Lyapunov
theory. Simulation results indicate the proposed control scheme can achieve a high tracking
accuracy in the presence of model uncertainty and unknown disturbances.

The major merits of this paper include the following points:

o  Compare with some existing research [30-33], in addition to the basic achievement of
the uniformly ultimately bounded (UUB) tracking error for each joint in the presence
of TDE error; the control scheme can guarantee both the angular position and angular
velocity for each joint to be not exceeding the preset constraints;

o The novel adaptive gain in (13) results in the smooth control torques to reduce the
chattering effect caused by switching term in (10). Meanwhile, an RL-based term
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§(8) = M(q(1) " [~C(a(t),4(1)a(t) = G(a()) — F@(1)) + wa(®)] + [M(q(1) " = ¥(q(t) | =(t)
+M(g(t) T (t) = T() +M(g(t) "= (1)

can effectively improve the tracking accuracy, which thereby reduces the possible
steady-state tracking errors caused by the lack of asymptotic convergence;

e  The mathematical expression of the controller is simple, meanwhile, any prior knowl-
edge of upper bounds caused by an imprecise model are unnecessary in our
control scheme.

The rest of this paper is organized as follows: in Section 2, the dynamics model of
n-link robotic manipulators is given, and the control objective is described. In Section 3,
the RL-based adaptive control scheme is proposed and the proof of stability is given. In
Section 4, the numerical simulation is conducted to verify the effectiveness of the proposed
controller. The conclusion is given in Section 5.

2. Dynamical Model and Problem Statement

The dynamic model of n-link robot manipulators is shown as the following:
M(q(t))q(t) +C(q(t),4(t)4(t) + G(q(t)) + F(q(t)) = T(t) + Ta(t) €))

where M(q(t)) € R™" is the inertia matrix, q(t) = [q1(t), 92(¢), .., gi(t), -, Gn (t)]TE R" is the
vector of angular positions of joints of manipulator. C(g(t),¢(t)) € R™™ is the Coriolis
and centrifugal matrix. G(g(t))€ R is the gravity vector. F(4(t))€ R is the vector of
friction. T(t) € R" is the vector of torques applied on the joints. T;(f) € R" is the
external disturbance.

The model (1) can be further written as (2) to indicate the system uncertainty.

@

where M(q(t)) is the estimation of M(q(t) ). T'(t) = M(q(t)) ' [-C(q(t),4(1))4(t) — G(q(t))
—F(q(t)) + Ta(t)] + {M(q(t‘))_1 — ]\A/I(q(t))_l} T(t) is the system uncertainty.
The vector of error between the desired angular position and actual angular position
is defined in (3):
e(t) = q(t) — a4 ©)

where q; = (941,91, - .,qdn]T € R" is the vector of desired angular position of joints.
e=leg,e,... ,en]T € R" is the tracking error vector.

The main control objective is to design the torque T(#) that can drive all the joints of
the robotic manipulator system (1) to approach their desired angular positions. Meanwhile,
both the angular positions and angular velocities for each joint should be guaranteed to not
exceed the given constraints. The control objective can be described by (4)—(6).

lle(t)]| <o, Vt>0 @)
lgi(t)] <&, VE>0,i=1,2,.,n 5)
3:(1)] <A, VE20,i=1,2,.n ©)

where ¢* > ¢ > 0,and ¢* > 0 is a positive constant, ¢; > 0 is a positive constant referring
to the angular position constraint of the i*" joint, and A; > 0 is a positive constant, meaning
the angular velocity constraint of the i*’ joint.

Remark 1. The positive constant o* is related to the initial state of the system and parameters
of the controller. o reflects the tracking accuracy. Notably, o(t — oo) = 0 means the asymptotic
convergence of tracking errors.
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A . . . e;
U = —disgn (%) B kpiei + kdiqz‘ + ksiAiCIi + kg;Biz; + A; q; + AjAjtanh (l):|

Remark 2. In this paper, we consider the angular position tracking problem for each joint of
the manipulator. Hence, qg; is a constant for i = 1,2,..,n., which means q;; = 0. The angular
trajectory tracking problem will be considered in our future work.

3. Controller Design and Stability Analysis

In this part, the adaptive RL-based controller working with TDE is developed. After
that, the stability is proven by using Lyapunov theory.

3.1. Controller Design
The TDE technique is applied to handle the system uncertainty in (2):

P(ty~T(t—L)=§(t—L)—M (q(t—L))(t L) @)

where I'(t) = [I1,15,.., fn]T € R" is the estimate of I'(t). L > 0 is the sampling time
of TDE.

A

Lemma 1. [14] The TDE error of robotic manipulator (2) is bounded such that |T;(t) — I;(t)| < I}*
(fori=1,2,...,n) if the following condition is satisfied:

[1=M )M (a( = 1))l < 1 ®)

where I is an unknown positive constant.
The control law working with TDE technique is designed as follows:

A

T(t) = M(q(t)) [T (t) +u(t)] ©)

where u(t) = [uy(t), up(t), ..., 1, (t)]" € R" is the virtual control law.
The virtual control law in (9) is designed as follows:

1
1+kini
ti=1,2,...,n

¢; (10)

where kpl-, ksi, kg;, C¢; and ky; are the positive constants determined by users. A; > Oisa
positive variable determined by the fuzzy reinforcement learning mechanism.
2.2 2 2
&:z5 & 24
Ai: 21122/Bi:212/Ci: 122 (11)
(7 —47) & i (Ag—q,.)

where ¢; > 0 is the restricted upper bound of angular position of the i joint. A; > 0 is the
restricted upper bound of angular velocity of the i*" joint.
And the variable z; is defined as follows:

t
Zj =€ +/0 17i(©)dO®, n; = —Biz; (12)

where f; is a positive constant.
The d; is used to handle the bounded TDE error and the update law of d; is designed
as follows.

. 1/)1‘(1 + kyici) !lx]l , lf(dA, < 0) or (Qi > 61)
d; = (13)

(51' ; A. H 7‘
,lpiw , lf(dz > O) and (Q; < Q))
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where ¥;, 6; and Q; are positive constants. The variable ); is defined as (14).
.2
1.2 €272 q; e;
0; = i+ kpz 2, ksz 2 i quz +ky; v i — + Ail;In | cosh ¢—Zl (14)

i

Remark 3. d; is to guarantee the stability in the presence of the bounded TDE errors. A conservative

update law of d; is to monotonously increase the value of d; such that d; = ¥i(1+ kini) |41
Although such adaptive law can achieve the bounded tracking errors and angular velocities, the
great value of d; could result in the chattering effect on the calculated control torques. Therefore, a
novel adaptive law for d; shown in (13) is proposed to mitigate the chattering effect by decreasing
the value of d; without the breach of stability of system. The proof will be given later. Moreover,

d; > 0 holds because d; < 0 leads to d; = y; (1 + k,;C;)|4,| > 0.

Remark 4. Similar to [33], the terms A;q; and B;z; in (10) are to guarantee the angular position of
each joint of manipulator to not exceed the preset constraint te;. While the term 1+k¥c in (10) is

to guarantee the angular velocity of each joint to not exceed the preset constraint +A;, which was
not achieved in [33]. The proof will be detailed later.

3.2. Stability Analysis

Theorem 1. If the initial angular position and velocity of all joints are within their preset constraints
such that |q;(0)| < e; and |q;(0)| < Aj;, and (8) in lemma 1 holds, the control law consisting of (7)
and (9)—(14) can achieve the uniformly ultimately bounded tracking errors of robotic manipulator
system (1). Meanwhile, the angular velocity and angular position of each joint of manipulator are
within the preset constraints such that |q;(t)| < ¢; and |q;(t)| < A;, V t > 0. Namely, the control
target (4)—(6) is achieved.

Proof. By inserting (9) into (2) and using the fact of M~ M = [ with I = diag([1,1,..,1]) €
R™", the MIMO robotic manipulator system can be decoupled into n uncertain SISO
subsystems (15).

q;(t) =ui(t) +d;(t)i=1,2,...,n (15)
where g; € q is the angular position of the i*" joint. u; is designed in (10). d;(t) = I;(t) — [;(t)
is the TDE error.

The following Lyapunov candidate is designed:
1 ) 82 2 qZ
+ k —d? kit k 5 A A¢ln(cosh(—l))] (16)
pl 1 1/71‘ i 512( % qlz) yzA —ql ¢

where d; = I — d;. I} is the upper bound TDE error defined in Lemma 1.

2, :
Remark 5. Clearly, k Slﬁ > 0 holds as long as |q;| < ;. ky;—T 2 p > 0as long as |q;| < A;.

Furthermore, A¢;In (cosh (d)) > 0 holds because of the fact of cosh(-) > 1 and the fact of

In(x) > 0 with x > 1. Therefore, the Lyapunov candidate (16) is positive defined as long as
|qi| < & and |q;| < A,

Taking the derivative of the Lyapunov function (16) with respect to the time ¢ and
using (11), (12) and (15), we have:
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V= Z?:l [‘71‘71 + kpiei%‘ d d + kszAquqz + ksiBiziz; + kyzclqzqz + AjAitanh ((f;) . ]
n
=Yg {(1 +kyiCi) (i +d;) + kpiei + ksiAiqi + ksiBizi + AiAjtanh (é)} (17)
i=1
- X (qi‘;;d\l + ksiBizi 77i>
Substituting (10) and into (17) with the fact of C; > 0 as long as |§;| < A;:
. n ) ~ . ~n
V= %01+ kC) (—disgn(a;) +di| - Ty & did;
1=
2
— Yy kaiBiBizp — iy (A + kai)a;
no A A (18)
< B i (1 4k (17 = di) = Ty i
[’qll (14 ki) — L4, } (17 -d)
Therefore, for each V;, we can derive (19) by combining (13) and (18):
0, if(d} < 0) or (Q; > O3)
(19)
L (Fl* — d}), lf(dAl > 0) and (Qi < 61)
where r; = |q;](1+ ky,iCi) + W Clearly, r; > 2+/5; > 0 holds.
In addition, the V; defined in (16) can be written as:
I 5
Vi=0;+ Tlpidi (20)

where (); is defined in (14).

To prove the Lyapunov function, V; is bounded by a positive constant and we assume
a sufficiently large constant V;*. Clearly, the sufficiently large V;* requires at least one of the

terms (Q); or ﬁ?) to be sufficiently large. If Q; is sufficiently large such that Q; > ();, then

V; < 0holds according to (19). If &12 = (I - cfi)z is sufficiently large such that t;l? >

12
(L)%

then d; > 3I7 will hold because of the facts of I;" > 0 (Lemma 1) and d; > 0 (remark
3), which further means I';" —d; < 0 holds. As a result, according to (19) and the fact of
ti > 24/ >0, V; < 0 can hold by Q; > O; or &12 > (21}*)2, which means V; < 0 holds if
vV, > Q; + 2%#(21" .*)2 holds. It is thereby easy to conclude that V; is bounded by V;* such

that V; < V* —max{ +(0), Q; + 55 (21"1*)2}

Therefore, the tracking error of the i*" subsystem is bounded because of the fact of

k]me2 < V.

2 1
el <,/ —max{V; O+ 5—(2I7)%)i=1,2,.,n
ol < | maV0), @t ey

Then, the norm of the vector of the tracking error is thereby bounded.

1

Ol < \/2 —max{V;(0), [ + 27/)1,(217)2]

(21)

(22)
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Moreover, the bounded V; implies all terms in V; are bounded. The (23) therefore
holds, which means |g;|< ¢; and |;|< A; hold.

252

2
i I eLlai=12,...,n (23)

£2,2
2(e5 —q7) A2 — g

O

3.3. Fuzzy Q Reinforcement Learning Mechanism Determining Parameters of Controller

In this section, a fuzzy Q reinforcement learning mechanism is designed to tune the
parameter A; to improve the tracking accuracy. The motivations of RL are detailed in
remark 7.

Lemma 2. If (24) holds, the tracking error e; defined in (3) will asymptotically converge to zero
with the converging rate satisfying |q;| < A,.

0=24, +Aimnh(2’), i=1,2,.n (24)
i
Proof. A simple Lyapunov function is given in (25).

1
V= Ee? (25)

Combining (24) and derivative of (25), we can obtain (26).

Vi = —Aﬁﬂunh(iﬁ) < —ACtanh? (2) <0 (26)

Vi < 0implies V; € L. And then, (27) can be obtained by integration on both sides
of (26).

Vi(o0) — Vi(0) < —AL; /O ” tanh2<ft{) 27)

In the light of Barbalet’s Lemma, (27) implies tanh (e"(&’é) > = 0, which means ¢;(c0) =

0. Moreover, it is clear that |q;| = |A;tanh (Z’:) | < A; due to the fact of tanh(-) < 1.
D 1

Remark 6. The asymptotic convergence of tracking errors in Lemma 2 is stronger than the
boundness of tracking errors that we achieved in Theorem 1, which means a better tracking accuracy.
It is because asymptotic convergence means e; is eventually going to zero, while boundedness only
implies |e;| bounded by a positive constant. Therefore, the proposed controller can be improved with
a better tracking accuracy by finding the optimal parameters of the proposed controller that are able
to minimize |q; + A;tanh %

1

The converging behaviour of tracking errors of (24) is visualized in Figure 1.
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L

d(t']l--i-Aitanh(L )) . )
———gr = = —d;sgn(q;) +di(t) + % s — l+k1y,-Ci [kpie: + kaig; + ks Aiqi+ksiBizi]

dt

R

Figure 1. Converging behaviour of tracking error satisfying (24).The red line is the velocity constraint,
and the black line with arrow is the converging trajectory.

Lemma 3. For a moment t*, if the system states (q;(t*),q;(t*)) satisfy (5) and (6) as well as
q;(t*) + Ajtanh <e’%*)> # 0 holds, there always exists the optimal parameter A > 0 to decrease

1

(q; + Astanh (“") ) . Namely, (28) holds.

¢
d| (ql + Ajtanh <‘a':) )2}
dt

lt=t« <0 (28)

Proof. Combining (10) and (15), we can obtain the 1st derivative of g; + A;tanh <E> with

respect to time, shown as (29).

otanh | 4
R

) (29)

_lJrk#ini [A; g, + AiAtanh (&:)]
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2
Then, we define a negative changing rate of (g, + A;tanh (E) ) at moment t* in (30).

2
%[qi(t) +Aitanh(eiq(:f)>] e < 0 (30)

Using (5), (6), (29) and (30), a solution of A7 satisfying (30) is obtained in (31).
« 1 . ., A2
A7 > [(1+kyiCi) (d; + T +¢%)+kpi|€i|+kdi/\i+ksi|Az‘\€i+ksi|Bi||Zi|] (31)
i+ Avtant () l

i

Notably, d;, |ei|, |zi|, |Ai| and |B;| are all bounded because of the bounded Lya-
punov function (16). Therefore, a finite real solution of A} satisfying (31) exists as long as

q; + Ajtanh <iﬁ> # 0.
(]

Remark 7. According to Lemma 3 and Remark 6, the optimal parameters A} leading to a decrease of

|q; + Ajtanh (‘&) | at the moment t* can improve the tracking accuracy. Although a large enough

A can be selected to satisfy (31), an inappropriately large A; could lead to a significant chattering
of control torques and thereby compromise the tracking accuracy. Moreover, an optimal A; is hard
to be deterministically found due to the complexity of the system and the unknown TDE errors.
Therefore, a fuzzy Q RL mechanism is designed to automatically determine the optimal A7 .

Fuzzy Q learning is a common version of RL applicable on continuous systems, which
can explore the optimal policy by interacting with the environment [37]. In this paper,
the A; is to be tuned by a fuzzy Q learning mechanism according to the tracking error
e; and the angular velocity q;. The linguistic rules to determine A; can be given as the
following form:

IF ei(k) is £e,i AND ql(]k) is Eq'i' THEN Al(k) is ﬁA,i (32)

Lo, Eq; ;and £ ; are the linguistic descriptions of tracking error ¢;, angular velocity q;

and parameter A; respectively. K is the current moment. The linguistic description could
be “small”, “medium” and “big”. As a result, an example of linguistic rule could be: IF
ei(k) is small AND q,(k) is small, THEN A;(K) is small.
Some intuitive linguistic rules can be given as:

IF ¢;(k) is small, and g; (k) is small THEN A; (k) is small

IF ¢;(k) is large, and ¢, (k) is large THEN A, (k) is large

IF ¢;(k) is large, and g;(k) is small THEN A; (k) is large

IF ¢;(k) is small, and g, (k) is large THEN A, (k) is small

Remark 8. To carry out the linguistic inference shown by (32) in a numerical form, fuzzy logic
inference is required. In detail, initially, numerical variables e;(k) and q;(k) at the moment k are
fuzzified to the firing rates of the linguistic descriptions by the triangular membership function
shown in Figure 2. After that, a group of firing rates of fuzzy rules are obtained by fuzzy reasoning.
Then, the numerical values of A;(k) are calculated by the defuzzification according to the firing
rates of all fuzzy rules and the numerical value of the action corresponding to each fuzzy rule.
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Fuzzy Input

. - -—

(r) (1) 0 (1)
€11 Ko (14

(or (i”l (or (’E;i.,) (or (m

Figure 2. Membership function of fuzzy input of the i subsystem.

The parameters of membership function shown in Figure 2 are defined as follows:
Lin(e;) = {gﬁ S S gli)a} a=1,2,...,a (33)

Lin(q,) = { Q... g&g&} 6=12...,4 (34)

where a is the number of fuzzy sets ({; o) for the fuzzy input ¢;, and 4 is the number of
fuzzy sets (, 4 ) for the fuzzy input g;.
The n-th fuzzy rule in fuzzy Q learning is defined as follows:

Rp: IF /sgk) is Lgﬂf) and /sgk) is L(n) and ...... and a(k) is L( ) , THEN u( € U; 5 that ul( ) = ul(//lﬂ) with
%(k)(fn, 1) or u( ) = u( ) w1th 4( )( n,2) or ul(/n) = u(n) w1th CZ( )(n,3), e ufn) ul(?) with (35)
n n
%i )( ,p),....,uf ) :uE,P).wﬁh%( )(n,P)
where ;5 = {u%"), ..ufl/g), . ul(?)} is the set of action candidates in the rule
(n) (1)

Rp ;. L;

; ={Ly;", .-, L,(/ZLI.)} is the set of linguistic variables of fuzzy inputs. 5( ) =

{ gﬂf), e, 54(3}1.) } is the set of fuzzy inputs at the k moment. In this paper, the fuzzy inputs

are ¢; and g, such that 5 = {ei(k), q;(I)}.
The set of fuzzy inputs 51(]1() = {59,15), e, 5952} is fuzzified by the membership

function shown in Figure 2 and then matched with the rule antecedents (19), providing

the firing rate vector ¢ <5§k)> = [q)l (55“‘”) , P2 <5§k)) s P (zsfk)ﬂ . 7 is the amount

of fuzzy rules (There are 7 fuzzy rules).

For the n!" rule in the i" subsystem (R4, ;), the optimal action at the k moment is de-
fined as the action with the maximum %(k) (n,p), p € {1,2,.,P} among P
action candidates.

™ = arg  max (k) /n,u(n) (36)
1 g %l 1
ul >€Ll. i
i i
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To prevent the selection of u from the local optimum in the learning process, we
introduce a greed mechanism:

U; (1) (37)

(n) u+§n>, with probablity p
u with probablity 1 — p
where u+§n) is an action randomly selected from &f; 5. 0 < p < 1 is the probability to
explore random actions.
The numerical value of A; is calculated by firing rates and the selected actions:

Kk Z%:l Pn (5511()) ﬁzm)
A <5§ )> - (38)

k
Jﬂr\fL:l Pn (51'( )>

The update principle of g is the most important part in the whole learning process.
The g-values are updated according to the rewards of the selected actions; the optimal
action can achieve higher rewards, therefore, we can finally learn the optimal action.

The Q value at the k moment can be designed as follows:

Tho19n <5fk)) g (m &™)

k

Q (55 )) B () 9

Z%:l Pn (51' )
The target value at the state 551() is calculated as:
k k "
o Thoron(49)a (m i)

Y (5" ) - (k) 4

Zfl\’fl,:l Pn (51‘ )

(k+1)

i

(I

When the system state ;" is driven to the next state s

, temporal difference (TD)
(k).
A

AQ™ = 80 4 4y (af“““)) -Q (af“") (41)

where a; € [0,1] is the discount factor reflecting the contribution of the future reward. The

is calculated according to the reward obtained at the k moment »

reward /rl.k at the k moment of the 7" subsystem is designed in (42) and the meaning of (42)
is explained in Remark 9.

k) 0, lﬂ{ 1Si(k)| > o
T eos(3 R, i 180 < )
where §;(k) = g,(k) + A;tanh (ei E]:k)> and o; > 0 is a positive constant.
Finally, the adaptive law of q—lvalues is:
k Y _ A, o K <5f )>
gV (ma™) = g (n,a™) + 6800 (43)

k
Z%:l Pn (‘35 )>
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where I; € [0,1] is the learning rate.

(k)

Remark 9. The reward function (42) indicates that higher values of reward +;" can be obtained
by the smaller §;(k), which means the the action that satisfies (24) will be given with the highest

reward (4,1(11«) =1).

The aforementioned process of fuzzy Q learning to tune A; can be also concluded in
Figure 3. The proposed control scheme can be concluded in Figure 4.

5 (%) i :
Fuzzy ga(sl. ) Selected | Wi | Defuzzifica Ai Control

Reasoning »| Actions [~ tion —— Law
(35) (36),(37) (38) (10)
Fuzzification
update
(39) Reward qi(k+1) Plant
(43) qvalie == [ (40) e ") f—— )
“ ei(k+1)

Figure 3. Flow chart of fuzzy Q learning to determine A;.

Remark 10. All the system states including the tracking errors are proven to be bounded with
A; > 0. Therefore, the instability will not occur even if an inappropriate positive value of A;
is calculated by the fuzzy Q learning mechanism trying some bad action candidates. Hence,
the designed control law (7), (9)—(14) offers the fuzzy Q learning mechanism (32)—(43) a safe
environment to learn a optimal A;. Notably, in order to make sure A; > 0 always holds, all the

Ej”), ..ug;]'), . ul(,?)} should be positive.

action candidates L; 5 = {u
Remark 11. The proof of Theorem 1 requires the parameter A; > 0 to be a constant. However, the
parameter A; is oneline tuned by a fuzzy Q learning mechanism, and therefore A; is varying in the
implementation of the proposed controller. To handle this issue, we design that the time interval
between two consecutive fuzzy inferences of A; in fuzzy Q learning is 20-times greater than the time
. . . . (m)

interval between two consecutive control actions T (eg. 0.1s between two consecutive fi; " (equally,
two consecutive A;) while 0.001s between two consecutive T). Namely, A;(t) = A;j(t*), Vt €
[t%,t* +20L); T(t) = T(t*), V t € [t*,t* + L|. t* is any time moment when the algorithm works.
Thereby, not only can the time derivative of A; be negligible in the proof of Theorem 1, but the
computational load is also decreased.
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|
d/dt .
q S ——
> I
e T i q
} I> > (10) - M plant : >
update (11) l i
7! M1 i
a o> |
/ 15 jleddd?/de? |
SO I o x TnoDolay
14 _ TDE
( )*— P 6 4 y
t Tuned by RL in Fig. 3

’(+ )
A 4 kpl' kdi ksi kyi

I I Ci Ai &

Figure 4. Proposed RL-based adaptive control scheme.

4. Simulation Results and Analysis

In this section, similar to works [38-42], we use the simulation to verify the effective-
ness of the proposed controller. A 2-rigid-link robotic manipulator shown in Figure 5 is
carried in Matlab 2018a. The sampling time of simulating the real dynamics of robotic
manipulators is set as 1 x 107* s. The sampling time of TDE and controller is set as
1 x 1073 s (10 times to 1 x 10™4) to show the discrete nature of using controllers in practice.
The sampling time of fuzzy Q learning is set as 0.01 s according to Remark 10. The dynamic
model of a 2-rigid-link robotic manipulator is given as follows, which can be also found
in [26].

mﬂ% + 2I1lpmy COS(!]Q) + (m1 + MQ)Z% H’IQZ% + lilhmy COS(I]Q)
myl3 + ly1my cos(q2) myl3

Miq) = |

Clg, )i = —maly Ly sin(2)q5 — 2mahls sin(42)q19,
MQlllz sin(qz)ql

Glg) = [(ml + my)lycos(g2)g + malycos(q1 + qz)g}
maply cos(q1 + q2)8

<) - |5

T,
- [ dl]
T2
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Ch"‘
S S S S S

Figure 5. 2-rigid-link robotic manipulator.

The system parameters are given in Table 1, which are the same as [26].

Table 1. Parameters of robotic manipulator.

Parameter Value
Iy (m) 05
Robotic manipulator b (m) 05
my (kg)
my (kg)
g (m/s?) 9.8

The initial angular positions and velocities of two joints are set as: q; = 0°, q, = 0°,
g, = 0°/s and g, = 0°/s. The desired angular positions of two joints are set as: 4,17 = 30°
and gq,o = 45°.

The upper bounds of the angular position and angular velocity for the i*" joint of ma-
nipulator (¢; and A;) are selected by the user dependent on the specific mission requirement.
To successfully implement the proposed controller, users can select any values satisfying
g > |qri| and A; > 0. Therefore, in the simulation of this paper, we select ¢ = 50°,
ey = 60°, A1 =10°/sand Ay, = 12°/s.

Remark 12. k; and ky; are the proportional coefficient and differential coefficient, respectively.
The great ky; could decrease steady state error, but an excessively great could result in a significant
overshoot. While the great kg; could improve the robustness to disturbance/uncertainty, but an
over-great kg; could compromise the tracking accuracy. The selection of k; and ka; can be based on
the tuning rules of PID controllers.

Remark 13. Great kg; can amplify the effect of the terms A; and B; in (10) to keep the angular
positions from hitting their constraints. An inappropriately small ky; could lead to a |g;| too close
to &; and then result in an over-great u; in (10). Therefore, the selection of ky; could be started at
a small value, and then users could gradually increase ky; until the magnitude of u; is acceptable.
Great k,; can amplify the effect of the term C; in (10) to keep the angular velocities from hitting their
constraints. An excessively great k; could lead to an over great (1 + k,;C;) in (10) to decline the
converging rate of the tracking error even if the angular velocity is not close to its constraint, which
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could increase the settling time. Therefore, the trial of selecting ky; could start at a small value,
and then users could decrease it until the converging rate of the tracking error is acceptable. B;
determines the converging rate of the auxiliary variable z; that has a significant effect on steady state
error in the controller [33]. However, in the proposed controller, the RL-based term is introduced to
improve the tracking performance and thereby the effect of B; is decreased. We suggest to offer B;
with a medium value ranging between 0.1-1.

Remark 14. large values of ; and &; can lead to a fast adaption of d; to handle system uncertainty
and external disturbance. However, the inappropriately large ; and 6; could result in a sharp
variation of d; and then a chattering effect on control torques. Therefore, the selection of ; and &
could start at a big value, and then users could decrease them until no chattering effect occurs on
the control torques. Over-small values of O); could lead to an insufficient decrease of d; that still
brings up a chattering effect on control torques. Meanwhile, over-great values of Q; could negatively
influence the robustness to uncertainty and disturbance. Hence, the selection of Q; could start at
some small values, and then users could increase O); until d; is significantly decreased at the final
stage of the control to have a satisfactory chattering attenuation.

Remark 15. Small/great values of C; can amplify/reduce the effect of the RL term A;A;tanh (‘(’ﬁ) in

(10). The over-small values of ¢; could result in the over-great magnitude of u;, while the over-great
values of C; could bring up an insufficient improvement on tracking performance. Therefore, the
trial of selecting G; is suggested to start at a great value, and then users could decrease ¢; until a

satisfying improvement on the tracking performance.

According to Remark 11~Remark 15, the parameters of the proposed controller are
selected in Table 2.

Table 2. Parameters of proposed controller.

Parameter Value (i=1) Value (i=2)

kpi 10 10

ki 1 1

ks 0.1 0.1
¢ 0.1 0.1
kyi 0.1 0.1
Bi 0.1 0.1
i 0.01 0.01
O; 0.05 0.05
5 0.1 0.1

Notably, it does not require an extensive trial to select parameters in Table 2 as the
satisfying tracking performance is mainly obtained by the optimal A; in the RL term

AjAjtanh % . In other words, users can select some medium values for parameters (not

optimal) in Table 2 by an acceptable amount of parameters-selection trails. Then, the fuzzy
Q learning can automatically explore the A; matching the selected parameters to have a
satisfying tracking performance.

Remark 16. Similar to [36], the parameters of membership function in (33) and (34), Lin(e;) =
{d'&, g%, ey éﬁl)d} and Lin(q;) = {gﬂ, gg%, ey gé’)& }, are used to fuzzify e; and q;. To well
present the e; and q; in the form of firing rate, we suggest to offer gﬁ and ggl} with some small
values and provide some gréat vz%lues to @ﬁl)a ané g% The @S)a and gél){y are suggested to be
evenly distributed among ( @gg, @gl)a ) and ( gg%, g;’)[y), respectively. The great a and & increase the

potential to well present e; and q; at the cost of increasing the computational load. Therefore, the
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trial of selecting a and & could start at some great values (e.g., 20), and then users could decrease
them until a reasonable computational load.

Remark 17. o; is the threshold of obtaining rewards. The inappropriately small values of o; could
result in a difficulty in obtaining high values of reward, while the over-great values of o; could result
in the different action candidates to be offered with the similarly high rewards even if they lead to
the different control performances. Therefore, both of the over-great and over-small values of o; will
negatively influence the convergence of g-values in (43) and thereby compromise the performance of
reinforcement learning. The selection of o; could start at a small value, and the users could increase
o; until a satisfying convergence of q values (the convergence of g-values can be also reflected by
the convergence of obtained rewards). The selection of mutation probability p, learning rate I; and
discount factor ay can be based on the strategy mentioned in [36].

() )
il s Hip e tip

in the proposed control scheme because the optimal A; that brings up a satisfying control performance
is calculated based on them. To make the optimal action included in the group of action candidates,

Remark 18 Action candidates i; 5, = {u u } are the most important parameters

ulg?) should be given a small value (e.g., 0) while ul(?) should be given a great value. The rest
candidates ul(;t) (p = 1,2,..,p) are suggested to be evenly distributed between uqu) and ul(};b).

Users could initially give uy;') with a small value (but greater than ul(?) ), and an increase of “1(/1’})

until a sufficient improvement on the tracking performance is achieved. p is the amount of action
candidates of each fuzzy rule for each subsystem. The selection of p could start at a great number
(e.g., 20), and then users could decrease p until the computational load is acceptable.

According to Remark 16~Remark 18, the parameters of the fuzzy Q learning mechanism
are given as follows. The amount of fuzzy sets in (17) are @ = & = 8. Therefore, the amount
of fuzzy rules are n = 64. The parameters of membership function to do the fuzzification

are: Lin(er) = {¢1, 14, &1}y } =(~0.0017, —0.0014, —0.001, ~0.0006, ~0.0002, 0.0002,
0.0006, 0.001, 0.0014, 0.0017}. Lin(4,) = {3, ¢34, ¢y } =(~0175, ~0138, ~0.097,

_ . 2 2 2
—0.058, —0.019, 0.019, 0.058, 0.097, 0.138, 0.175}x 102, Lin(ez) = {213, &3, ¢ } =
{~0.0017, —0.0014, —0.001, —0.0006, —0.0002, 0.0002, 0.0006, 0.001, 0.0014, 0.0017}. Lin (g,) =
{8, &3, i)} =(-0175,-0138, ~0.097, ~0.058, ~0.019, 0.019, 0.058, 0.097, 0.138,

0.175)}x 1073, The action candidates for each fuzzy ruleare: 4; 5, = {0,22,44,66,88,111,133,
155,177,200} foralli =1,2and n = 1,2,...., 64. Therefore, the amount of action candi-
dates for each fuzzy rule is P = 10. The discount factor is #; = > = 0.01 and the learning
rate is I'1 = I = 0.2. The threshold of obtaining rewards is o3 = 02 = 0.01.

To show the superiority, four existing controllers, Refs. [26,33,43,44] are compared
with the proposed controller.

The controller from [26] is given as (44)—-(52)

T=T+T (44)
© = M(q) (4, - Kve — Kpe) + C(q,4) 4+ G(q) 5)
= _M(q)f+M(q)ur (46)

_ —t;ftanh(alp/pl)}
u’ {é‘tanh(azp /p1) (47)
f=w'e(v'x) 48)

é = alptanh(apllp) + amtanh(?f) — K& (49)
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W= (0’ - U’VTX)xTPB YW (50)
V = x2TPBWT o’ — Y, U (51)
p=1+IXI[+[[VI[-IIX]]+ [[W][-]IX]] (52)

where o = [0'1, oy,..., Um]T is the vector of hidden neurons with the activation function
0i(s) = 1/(1+e%). o’ is the vector of partial derivative of ¢ such that ¢/ = do(s)/0s.

. 4T | - g .
x =le1,e2,q1,4,] and X = [9:1,9r2, 91,92, 91,92, 41, Go) - P satisfies PA + ATP = —Q with
_ 10 I — T
A= {_KP _KV} [a1,a2] = x* PB.
In this simulation, we let the controller from [26] to fully know the system parameters
such that M(q) = M(q), C(q,q) = C(q,9) and G(q) = G(q).
The parameters in (44)—(52) are given as:

K, _ [300 0 200 0

V=10 300/ 0 200
0 0 1000
0 0 0100

B=11 0" 0o 0 1 0
0 1 000 1

p1 = 0.01, K = 0.005, Yy = 0.15, Yy = 0.15, &(0) = 0.01

-01 -0.1
-01 -0.1
W)= [-01 -0.1
—0.1 —0.1
-01 -0.1

01 01 01 01 01
01 01 01 01 01
” 01 01 01 01 01
01 01 01 01 01
01 01 01 01 01
01 01 01 01 01

The controller from [33] is given as (53)—(58).

T=G(q)p — Kgq — Kpe — Ksdiag{ X1, X}z (53)
? Tqizi .
Xy= o 4 i Li=1,2 (54)
G-a (-
= t ®)doe,i=1,2 55
Zl_€l+/()171( ) , =1 ( )
- 7131'21" i=1,2 (56)
p=—¥G"(q9)q (57)
_ |cos(gq1 +4q2) cos(q2)
gt = [ os(q1+4q2) 0 (58)

where p = [p, ﬁz]T, 21(0) = e1(0) and z3(0) = e2(0). {1 and {; are the specific constraint
(designed upper bound) of the 1st and 2nd joint respectively, therefore, {1 = £ = 50° and
@2 =& = 60°.
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The parameters in (53)—(58) are given as follows:
60 0 24 0 20 0
K= {0 20]’ Ky = {o 24}’ K= {0 20]
01 0
B1 =30, B2=30, Y= [O 0‘1]
The controller from [43] is given as (59)-(61).
T = Kp'M [Kpe — Kje + Kpi, + ps — KpI' — KpAs — Kpkssgn (s)] (59)
t
é+ﬁs=er+K1/e+KDé (60)
0
ks = T|[3]| (61)

where $(0) = [0,0]7, ks(0) = 0, I' = 0.1, I is the known part of lumped uncertainty I'. In
this simulation, we let ' = 0.7I". The parameters Kp, Kp, K; and 8 are given as follows.

20 0 10 0 001 0 01 0
KD_[O 20}’KP_[0 10}’K’_{0 0.01]’[5_{0 0.1}

The controller from [44] is given as (62)—(65).

) D= z+Yq B 62)
z=-YMz+YM! (-t1-Y§-D)
T =M(§, — Aj+Aq,) — D — Kpsat(s) — D (63)
N _ [sgn(si), |si| > ¢
sat(s;) = { 50 |5 < o (64)

where o = 0.1, sat(s) = [s1,52]". z(0) = [0,0]” and s = ¢ + Ae. D is known partof M~1T,
D = 0.7M~T in the simulation. The parameters Y, A and Kp are given as follows.

40 0 o O 40 o0
KD_[O 16}’1/_[0 (QW’A_ 0 20

Furthermore, two cases are considered to run the simulation. In the 1st case, the
parameters of the dynamic model are fully known, and there is no external disturbance
and no friction. In the 2nd case, the parametric uncertainty is considered and the unknown
external disturbance and frictions are applied on the dynamics model.

Remark 19. The selections of parameters for the proposed controller, the controller from [26] and
the controller from [33] are all carried out in case 1. In other words, all the parameters for the
three different controllers are fine-tuned to have a good performance in case 1. In case 2, all the
selected parameters of the three controllers remain unchanged to test the robustness to the lumped
uncertainty.

Case 1. In the absence of system uncertainty, external disturbance and friction.

In this case, the system parameters used in the three controllers (proposed controller,
controller from [26] and controller from [33]) are the same as the parameters in the dynamics
model of manipulator, which means no parametric uncertainty. Meanwhile, the friction
and external disturbance are null, shown as follows:

F)= |n] = o) = 1) = 9
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The comparisons of angular position tracking are shown in Figures 6 and 7, while the
comparisons of angular velocity are shown in Figures 8 and 9. Cleanly, in the absence of
unknown disturbance and system parametric uncertainty, the proposed controller shows an
inferior performance in terms of a greater steady state error and a slower error converging
rate, compared to the controllers from [26,33]. In comparison to [43,44], it provides a
response faster than the sliding mode controller [44] but slower than the disturbance
observer-based controller [44]. However, the steady state error of the proposed controller is
smaller than that of [43,44].

60 T T T T T T T T ]
D ) ——
E —
= 29.9998
29.9996 ]
_____________________________________________ 30.003330.003430.0035 |
—60 _
1 1 1 1 1 1 1 1 1
0 5 10 15 20 25 30 35 40 45 50
Time[s]
(a)
L O R .. L S D .. ]
R
[e)] ® 45.00001
8 44.9998 _
;\1 10006 45.000005
—20+ “ 44.9994 U5k e 1
44.9992
40l 7.5 8 30 30.0001 30.0002 30.0003 20.99437 20.994378 20.99438 20.994352 |
B0 o = m m o e e ]
1 1 1 1 1 1 1 1 1
0 5 10 15 20 25 30 35 40 45 50

Figure 6. Comparison of angular position to [26,33] in case 1: [26] scheme (yellow solid line), [33]
scheme (red dash line), the proposed scheme (blue solid line), the reference angular position (green
dashed line), the angular position constrains (black dashed line); (a) Joint 1. (b) Joint 2.
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Figure 7. Comparison of the angular position to [43,44] in case 1: [43] scheme (yellow solid line), [44]
scheme (red dash line), the proposed scheme (blue solid line), the reference angular position (green
dashed line), the angular position constrains (black dashed line); (a) Joint 1. (b) Joint 2.



Appl. Sci. 2023,13,1275 21 of 34

20 I I I I I I I I I
151 .
"uy
~
m —
Q
=
—5L -
B SRR
| | | | | | | | |
0 5 10 15 20 25 30 35 40 45 50
Time[s]
(a)
60 I I I I I I I I I
50 |- .
40 ]
~ 0% ]
=
S 20H i
=,
= :
e
—10F .
_20 | | | | | | | | |
0 5 10 15 20 25 30 35 40 45 50
Time[s]

(b)

Figure 8. Comparison of angular velocity to [26,32] in case 1: [26] scheme (yellow solid line), [33]
scheme (red dash line), the proposed scheme (blue solid line), the angular velocity constrains (black
dashed line); (a) Joint 1. (b) Joint 2.



Appl. Sci. 2023, 13,1275

22 of 34

Gi[deg/s]

Ga|deg/s]
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Figure 9. Comparison of angular velocity to [43,44] in case 1: [43] scheme (yellow solid line), [44]
scheme (red dash line), the proposed scheme (blue solid line), the angular velocity constrains (black
dashed line); (a) Joint 1. (b) Joint 2.

In Figures 8 and 9, the angular velocities of the proposed control scheme are within the
preset constraint (red lines). While the controllers from [26,33,43,44] result in the angular
velocities of two joints exceeding the constraintsa t =0 ~ 2.
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case 2: In the presence of system uncertainty, external disturbance and friction.

In this case, the system parameters used in all the five controllers are different to that
in the dynamics model of the manipulator to indicate the parametric uncertainty. Namely,
AM, AC and AG is taken as 20% of M, C and G. Moreover, the friction and external
disturbance, which are not known by the controllers, are applied on the dynamics model.

The friction model is from [33].

F(j) = Hsl [tanh(fioq,) — tanh(fisqy )] + fartanh(fe2qy) + foy
s1[tanh(fi2g,) — tanh(f3q,) ] + fertanh(fe2g,) + fodn

The parameters of the friction model are given as: f;; = 20, fo =5, fs3 = 3, fo1 = 10,
feo =2and f, = 10.

It is widely seen to use triangular functions as the unknown disturbance in the lit-
erature of the robotic system control, such as [13,36,45,46]. Therefore, in this paper, the
external disturbance is in the form of the triangular functions.

o — [078sin(5t+ ) +0.065sin(
47 058 cos(Zt+ ) +0.091sin(

)
)

The comparisons of tracking performance and tracking error in the presence of system para-
metric uncertainty, friction and external disturbance are shown in Figures 10-13, respectively.
Clearly, the proposed controller can achieve the smallest steady state errors, which means
the robustness to the lumped uncertainty and unknown disturbance. The converging rate
of tracking errors of the proposed controller is faster than the controller [33,43] but slower
than the controller [26,44]. It is because the preset constraint of angular velocity (black
lines in Figures 14 and 15) limits the converging rate of tracking errors. Therefore, the
converging rate of tracking errors could be increased by increasing the value of velocity
constraint (A;) (e.g., applying some better driving motors that have a greater maximum
rotational speed to drive the joints of manipulator).

The computed control torques are shown in Figures 16 and 17. The chattering effect
of the proposed controller occurs at the initial stage because of the two following factors:
1. the increasing value of switching gain d; to handle disturbance at the initial stage, 2. the
fuzzy Q learning mechanism tried some bad action candidates that lead to an undesirable
consequence. After the initial stage (f > 8 s), it is observed that the proposed controller
shows the smoothest control torque compared to [26,33,43,44]. Figure 18 shows the values
of switching gain d; and ds, it is clear the d; and d, will decrease to a small value to avoid a
chattering in steady state regardless of the disturbance and uncertainty.

Notably, in both case 1 and case 2, the proposed controller can make the angular
positions and angular velocities of two joints to be within their constraints during the
whole period of position tracking. More precisely, the angular position of each joint is
always between the two black dash lines in Figures 6, 7, 10 and 11. Meanwhile, the angular
velocity of each joint is always between the two black dash lines in Figures 8, 9, 14 and 15.

t+
t+

RS



Appl. Sci. 2023,13,1275 24 of 34

60 - .

[e)
(] 30.02
O, 30— .
A 30 T T T T T T ]
O- 28 ...............................................
=20 ] 29.98 |
B 29.96
—40 -
I - S 3086 _ 3087 3088 3089 ________]
—60 | ]
| | | | | | | | |
0 5 10 15 20 25 30 35 40 45 50
Time[s]
(a)
_______________________________________ R AR
Y
[e)
) I
S o el e ]
O'N 45.1
5 n
44.9
31.2 3125 31.3
B0 Fm = = m m m m e e e e e e e e e e e e e e e e e e e e e e e e e ]
| | | | | | | | |
0 5 10 15 20 25 30 35 40 45 50
Time[s]

Figure 10. Comparison of angular position to [26,33] in case 2: the [26] scheme (yellow solid line),
the [33] scheme (red dash line), the proposed scheme (blue solid line), the reference angular position
(green dashed line), the angular position constrains (black dashed line); (a) Joint 1. (b) Joint 2.



Appl. Sci. 2023,13,1275 25 of 34
5 T T T T T T T T T
O
O
E. —
o i
-0.2¢ . . ] 1
30.8 31 31.2
_35 | | | | | | | | |
0 5 10 15 20 25 30 35 40 45 50
Time[s]
(a)
T T T T T T T T T
—

1 I —
o e |
1t i
30 31 32 _

| | | | | | |

15 20 25 30 35 40 45 50

(b)

Figure 11. Comparison of angular position error to [26,33] in case 2: the [26] scheme (yellow solid
line), the [33] scheme (red dash line), the proposed scheme (blue solid line); (a) Joint 1. (b) Joint 2.
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Figure 12. Comparison of angular position error to [43,44] in case 2: the [43] scheme (yellow solid
line), the [44] scheme (red dash line), the proposed scheme (blue solid line); (a) Joint 1. (b) Joint 2.
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Figure 13. Comparison of angular position to [43,44] in case 2: The [43] scheme (yellow solid line),
the [44] scheme (red dash line), the proposed scheme (blue solid line), the reference angular position
(green dashed line), the angular position constrains (black dashed line); (a) Joint 1. (b) Joint 2.
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Figure 14. Comparison of angular velocity to [26,33] in case 2: the [26] scheme (yellow solid line),
the [33] scheme (red dash line), the proposed scheme (blue solid line), the angular velocity constrains
(black dashed line); (a) Joint 1. (b) Joint 2.
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Figure 15. Comparison of angular velocity to [43,44] in case 2: the [43] scheme (yellow solid line),
the [44] scheme (red dash line), the proposed scheme (blue solid line), the angular velocity constrains
(black dashed line); (a) Joint 1. (b) Joint 2.
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Figure 16. Comparison of torque to [26,33] in case 2: the [26] scheme (yellow solid line), the [33]
scheme (red dash line), the proposed scheme (blue solid line); (a) Joint 1. (b) Joint 2.
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Figure 17. Comparison of torque to [43,44] in case 2: the [43] scheme (yellow solid line), the [44]
scheme (red dash line), the proposed scheme (blue solid line); (a) Joint 1. (b) Joint 2.
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Figure 18. Parameter dAi handling TDE errors in case 2: Joint 1 (blue solid line). Joint 2 (orange solid line).

5. Conclusions

This paper proposed a novel adaptive control scheme utilizing TDE and RL for the
angular position tracking control of robotic manipulators. The proposed control scheme can
achieve a good tracking accuracy and a fast tracking performance even when subject to the
system uncertainty and unknown disturbance. Moreover, the angular position and angular
velocity of each joint of the manipulator are guaranteed to be within their preset constraints.
The boundness of tracking errors and the stability of the robotic system controlled by the
proposed controller are proven by Lyapunov theory. Notably, the stability will not be
breached by the RL trying some bad action candidates, which ensures a safe environment
for RL to explore the optimal policy. Simulation results validate the effectiveness of the
proposed control scheme.
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