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Abstract—Robotic manipulators operating under unknown
nonlinear dynamics, time-varying disturbances, and joint-level
actuator or system faults present significant challenges in achiev-
ing reliable, robust, and high-precision motion control. To address
these challenges, this article develops a reinforcement-learning-
based neuro-optimal control scheme for uncertain robotic manip-
ulators subject to composite actuator fault modes that guarantees
prescribed tracking performance. The proposed control design
explicitly considers actuator total loss of effectiveness (TLOE)
and partial loss of effectiveness (PLOE) and compensates for
abrupt system faults affecting joint dynamics through a robust
control mechanism. A prescribed performance function (PPF)
with a filtered variable is employed to achieve predefined-time
tracking by constructing an error transformation that converts
the constrained tracking problem into an unconstrained form.
Unlike existing methods, this approach eliminates initial-value re-
strictions by ensuring that both the PPF initial condition and the
transformation parameter are independent of the initial tracking
error and system dynamics. Moreover, a reliable control mech-
anism reduces the impact of actuator faults while compensating
for neural network approximation errors, with the objective
functions associated with Hamilton-Jacobi-Bellman approxima-
tion errors minimized through a reinforcement-learning-based
identifier-critic-actor framework. Finally, simulations based on
an actual two-link manipulator model validate the superiority
of the proposed control strategy, and its effectiveness is further
demonstrated through comprehensive comparative studies.

Index Terms—Robotic manipulators, reinforcement learning,
actuator faults, prescribed performance function, predefined-time
tracking.

I. INTRODUCTION

HE advancement of robotic systems has stimulated ex-

tensive research on high-precision tracking control of
uncertain robotic manipulators for industrial applications [1],
[2], [3]. Since faults may cause environmental damage or
security risks, robots must be equipped with fault-tolerant
capabilities, especially in long-term human—robot interaction.
Among all components, actuators are particularly vulnerable
due to continuous heavy operation. From a control perspective,
actuator faults are classified as total loss of effectiveness
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(TLOE) and partial loss of effectiveness (PLOE). PLOE causes
performance degradation at one or more joints, and the more
severe TLOE results in complete loss of actuator control. If
not addressed, both can seriously impair task execution. In
recent years, many fault-tolerant control (FTC) schemes have
been proposed for robotic systems [4], [S] to address actuator
failures caused by voltage drops or load variations that lead
to PLOE or TLOE and degrade tracking performance. To
ensure stability and reliability, many FTC methods have been
developed to preserve functionality and reduce performance
loss [6], [7]. For example, a singularity-free robust FTC
was proposed in [8] to address PLOE under uncertainties
and disturbances. In [9], an adaptive estimator-based FTC
was designed to compensate for actuator failures, false data
injection attacks, and joint friction, while [10] presented an
FTC strategy for manipulators with uncertainties and unknown
loads.

Recently, various control strategies have been incorporated
into FTC frameworks to improve the tracking performance
of robotic manipulators under uncertain dynamics and exter-
nal disturbances, including robust control [11], sliding-mode
control [12], neural network (NN)-based control [13], and
fuzzy control [14]. To enhance convergence, an adaptive super-
twisting global integral terminal sliding mode control scheme
was proposed in [15], achieving finite-time convergence and
improved robustness against uncertainties and actuator faults
over conventional asymptotic approaches. In addition, a bar-
rier Lyapunov function-based adaptive fuzzy finite-time FTC
strategy was developed in [16] to handle actuator faults and
unknown dead zones. Notably, the convergence time of most
finite-time methods depends on initial conditions. To address
this issue, fixed-time stability was studied in [17], where the
settling time is independent of initial conditions, and a fixed-
time adaptive FTC scheme based on a disturbance observer
was further presented in [18].

With the growing demand for high-precision motion control
in robotic manipulators, PPC has gained considerable atten-
tion for guaranteeing desired tracking behavior during both
transient and steady-state phases [19], [20], [21]. By intro-
ducing prescribed performance functions (PPFs) and trans-
forming tracking errors into constrained coordinates, PPC
enforces user-defined bounds on overshoot, convergence rate,
and steady-state accuracy, which is critical for high-precision
applications. Although PPC has been widely studied for gen-
eral nonlinear systems, its application to robotic manipulators
remains limited due to high degrees of freedom, strong cou-



pling, and external disturbances. Within this framework, robust
adaptive PPC schemes have been developed for rigid—flexible
coupled manipulators to achieve satisfactory tracking and
vibration suppression under input quantization [22]. Adaptive
PPC has also been applied to flexible-joint manipulators [23],
while PPC-based fuzzy controllers have improved tracking
performance in wheeled mobile robots [24]. Moreover, PPC-
based nonfragile control strategies have been proposed to
address actuator faults [25].

Recently, artificial NNs, owing to their strong universal
approximation capability, have been implemented on robotic
platforms, demonstrating excellent adaptive learning in han-
dling uncertainties, input dead zones, and backlash-like hys-
teresis. In particular, NN-based sliding-mode control has been
realized on KINOVA JACO2 robots to compensate for un-
certainties and actuator dead zones [26], and an adaptive
radial basis function-NN controller has been implemented on a
Baxter robot to approximate unknown dynamics [27]. With in-
creasing industrial energy demands, energy-efficient operation
has become a key concern, and reinforcement learning (RL)-
based neuro-optimal control offers an effective framework
for achieving near-optimal performance with low resource
consumption, with successful applications in unmanned sur-
face vehicles [28], mobile robots [29], and manipulators [30].
The actor—critic—identifier framework enables simultaneous
learning of system dynamics and control policies under un-
certainties and actuator faults [31]. In [32], an RL-based FTC
was proposed for nonlinear systems with actuator faults, and
[33] developed an adaptive finite-time optimal control scheme
for flexible-joint robots. However, an RL-based prescribed-
performance fault-tolerant tracking framework for robotic
manipulators that addresses actuator fault compensation and
ensures optimal tracking remains an open problem.

Motivated by these challenges, this article proposes a PPC-
based fault-tolerant tracking control framework for robotic
systems using adaptive NN-based RL. The main contributions
are summarized as follows:

1) Compared with existing RL-based controllers [27], [31],
[32], which typically do not consider PPC or multiple actuator
fault modes, this study proposes an adaptive NN-based RL
framework that, for the first time, addresses PPC-based fault-
tolerant tracking control of uncertain robotic systems under
both PLOE and TLOE actuator faults.

2) We propose a novel performance and error transformation
function that, unlike existing optimal FTC approaches [10],
[11], [13], [14], [18], [19], [32], enables user-defined settling
time independent of initial conditions and system parameters.
Moreover, our method eliminates a common assumption in
most PT control studies [3], [20], [22], [25], where the per-
formance function or error transformation parameter depends
on the initial tracking error.

3) Unlike existing methods [26], [28], this work proposes an
RL-based discounted performance function that combines pre-
scribed performance and fault compensation, using Gaussian-
kernel NNs with online adaptive error estimation to ensure
optimal control and guaranteed tracking performance for
bounded initial conditions.

II. PROBLEM FORMULATION AND PRELIMINARIES

A. Dynamic Modeling of Robotic Manipulator Systems:
Consider an n-link robotic manipulator whose dynamic model
is given by [26]:

M(0)6 +C(0,0) + G(0) = () + d(t) (1)

where (t) € R™ denotes the joint position, with 8(t) € R”,
and é(t) € R™ representing the joint velocity and acceleration,
respectively. M(f) € R"*™ is the symmetric positive-definite
inertia matrix, C(6,0) € R™ "™ denotes the Coriolis and
centrifugal terms, and G(0) € R™ is the gravity vector. The
control input is 7(t) € R™, and d(t) € R™ is a bounded
disturbance satisfying ||d(t)|| < d, where d > 0.

To account for model uncertainties, the system matrices are

decomposed into nominal parts M(6),Co (0, 6), and Go(6),
and uncertain parts Ma(6), Ca (6, 0), and G(0), such that
M(8) = Mo(6) + Ma(6), C(6,0) = Co(6,6) + Cal(6,9),
and G(0) = Go(0) + Ga(6).

Since the nominal inertia matrix M (6), is nonsingular, the
dynamic model in (1) can be reformulated as

My M (0)7(t) + My M (0)d(t) + £(1), 2)

where the lumped uncertainty term £(t) is £(t)
M O)(=C(0,0)0 — G(0)) + (MH(0) — Mg (0))(7(t)

é:

=+l

d(t)) Let 6; = 6 = [(511, .. ,51n]T and 6, = 0
[621, .. .02,]T. Accordingly, (2) is reformulated as follows:
01 (t) =0a(t),
da(t) =My (B)7(t) + My (0)d(t) — Ga(t) + £(1).  (3)

Considering faults that may occur in the driving motors or their
associated gear trains due to actuator aging [11], the actual
control torque of the manipulator can be modeled as

Ta(t) = ap(t) Cap(t) Va(t) + Yas(t), )
where « = 1,...,n and 8 = 1,2,..., with n denoting the
TABLE 1
CLASSIFICATION OF ACTUATOR OPERATING AND FAULT MODES

Actuator Mode Eap(t) Yas(t)
Normal Eap(t) =1 Yo =0
Bias Epq(t) =1 Yap(t) #0
Stuck ga[i‘( )=0 YapB ()= 'Ya,@(tﬁ)
Outage £ap(t) =0 Yap(t) =0
LOE 0 <&min < E(x,ﬁ (t) <1 'Yaﬁ(t) =0

number of actuators; 7,(t) and ¥,(t) represent the actual
output torque and the commanded input torque of the a-
th, respectively; £,5(t) € [0,1] captures partial degradation,
vap(t) represents an unknown bounded additive fault, and
Cap(t) € {0,1} is a binary switching variable. Specifically,
Cap(t) = 0 indicates that the input torque U, (¢) is completely
blocked and does not influence the manipulator dynamics,
whereas (,p(t) = 1 indicates that the actuator is active and
transmits torque to the joint. In summary, all actuator operating
modes, including normal operation, PLOE (LOE, bias), and
TLOE (stuck or outage), are listed in Table I.

Define the vectors 9(t) = [91(t),...,9.(0)]T, &(t) =



, s (t) = diag{¢i5(¢), ...
)"
7(t) = &a(t)Cs (1)I(t) +5(1). Q)

To facilitate controller design and stability analysis, the fol-
lowing assumptions are imposed.

Assumption 1: The reference signal 64(¢) and its derivative
b4(t) are known, continuous, and bounded.

Assumption 2: The external disturbance d(t) and its derivative
d(t) are unknown but bounded.

Remark 1: In robotic manipulators, the actual output torque
7(t) captures partial degradation, bounded faults, and actuator
activation, respectively. Existing studies [13], [14], [18], [32]
are limited to narrow fault ranges and rarely consider repeated
or stochastic faults. The generalized actuator failure model
(5) captures multiple, arbitrary fault occurrences, /3, providing
a realistic representation of actuator behavior. By explicitly
modeling the control torque actuator and leveraging redun-
dancy, multi-actuator systems, e.g., multicylinder hydraulic
manipulators and single-link servo-driven arms, maintain ro-
bust, continuous, and reliable operation under both conven-
tional and extended faults.

B. Predefined Time Error Transformation Function: A smooth
PPF is designed, extending the approaches in [20], [23], to
ensure predefined convergence of the tracking error. Unlike
traditional bounds that depend on the initial error, the PPF im-
poses a time-varying constraint that monotonically decreases
to a steady limit within a user-defined settling time. The PPF
is defined as

diag{&15(t), . ..
Y8(t) = [115(t), -

) CnB (t)}7

Then, the fault model is

75715( )}
..,’yn,@

s <7:l _t) +om, te[0,Th),

R(t) = Ta (6)

Iy, € [7:174—00),

where Ty > 0 specifies the prescribed settling time, and
g, 2, . > 0 represent design constants satisfying sz, +
s, = %, which ensures R(0) = 7, which defines a tunable
convergence profile smoothly decreasing from a large initial
bound to a tighter steady-state range.

Remark 2: The PPF R(t) in (6) imposes a time-varying
bound on the tracking error that is independent of the initial
condition. During the interval ¢ € [0,74), N(¢) decreases
according to the shaping parameter s, forcing the error to
evolve within a shrinking boundary and ensuring convergence
within the prescribed time 7;. This mechanism alleviates the
initial error constraint while regulating the transient behavior,
and for t > Ty, N(t) becomes constant at sz, thereby fixing
the steady-state error bound and transitioning the system into
steady-state tracking.

For all ¢ > 0, the constructed function N() exhibits the
following properties: (1) 54, < R(f) < 7 and R(t) < 0
ensuring a monotonically decreasing performance boundary;
(2) X(¢) is continuously differentiable, and both N(¢) and R(¢)
bounded. The constrained tracking error £; is mapped to an
unconstrained form for control design:

€1 = tan (2&0 arctan(pl)) . @)

Using (6) and (7), the initial condition satisfies £1(0) =
©1(0) for any p1(0) € R, ensuring that the transformation
does not introduce discontinuities. Moreover, if it £; remains
bounded for ¢ > 0, the following relationship holds: |p1]| <
tan(N(t)), ¢ >0, |p1] < tan(se), t > T4. Thus, ensuring
the boundedness of €; guarantees that the tracking error meets
the prescribed performance, converging within the predefined
time without overshoot, while reducing the constrained control
problem to regulating an unconstrained transformed error.
By inverting the transformation in (7), the transformed error
can be reconstructed as

2N(t
plztan( ®)
us

Differentiating (8) with respect to time yields the dynamics of
the transformed error:

arctan(51)> . (®)

C2R(D) €1 2R (t)
- 2 2 2N(t) *
(14 ¢7)cos arctan(eq)
arctan(sl) ©)

cos? (2 (&) arctan(sl)) .

Consequently, the transformed error dynamics can be ex-
pressed in compact form as

P1 = 701 — R, (10)
where s, = M(l + 5%)’1 cos™ (2&( ) arctan(el)) and
hg1 = 2N(t) arctan(ey) cos™ QN(t) arctan(sl)) . Equation

(10) demonstrates that the derlvatlve of the unconstrained
transformed error g to the original tracking error derivative
€1, while hg; accounts for the effect of the time-varying
performance boundary N(t).

Remark 3: In robotic manipulator systems, achieving pre-
scribed performance is often complicated by actuator faults,
joint limits, payload variations, and external disturbances.
Existing prescribed-time (PT) control methods [3], [21], [22],
[25] typically require initial value constraints on the perfor-
mance function or error transformation, e.g., |1 (0)| < X(0) or
|91(0)] < ¥R(0), which limits their applicability when initial
states are unknown or inaccessible. In contrast, the proposed
predefined-time error transformation maps the constrained
tracking error €; to an unconstrained variable p; via a smooth,
tunable performance function X(¢) with parameters s, s, .,
and prescribed settling time 7;. Compared with previous stud-
ies [3], [21], [22], [25], this design ensures that the tracking
error remains within bounds, converges monotonically within
T4, maintains bounded dynamics, and guarantees overshoot-
free, robust, and practically implementable performance.

C. Radial Basis Function Neural Networks: Radial basis
function NNs are widely employed to approximate unknown
nonlinear continuous functions due to their universal approx-
imation capability [12], [19], [26]. Consider a continuous
unknown function g(5¢) defined over a compact set U. Then,
for any x > 0, there exists NN ©7' Q(5¢) such that the approx-
imation error is bounded as supjcy [g(32) — ©7Q(3)| < &,
where 3 = [, 50, ...,5,]" € U C R™ is the input vector,
O = [01,0,,...,0,]T € R" is the optimal weight vector,
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Fig. 1.

and r is the number of neurons. The basis function vector
Q(5) is chosen as a Gaussian function:

_ T3
(% —q.) (%—‘k)}’ s=1,...,r, (11)

72
where ¢c = [¢c1,9c2,---,qcn] denotes the center of the
receptive field and b, is the width of the Gaussian function.
D. Control Objective: The objective of this study is to design
a PPC-based fault-tolerant tracking control for the robotic
system (3) using adaptive NN-based RL such that: (1) The
tracking error i converges to a predefined region within a
prescribed time, satisfying |p1]| < tan(R) for 0 < t < Ty
during the transient phase and |p;| < tan(sq,) for ¢ > Ty at
steady state; (2) The cost function in (12) is minimized; and
(3) All the closed-loop signals are bounded, and the tracking
error remains within the prescribed performance bounds
Moreover, Fig. | illustrates the proposed control method,
providing a clear overview of its structure.

Q(5) = exp { -

ITII. MAIN RESULTS

In this section, a neuro-adaptive predefined-time backstep-
ping controller is proposed to improve actuator fault tolerance,
and an identifier-critic-actor RL framework is developed to
achieve FTC with the desired performance.

Step 1: For system (3), define the tracking error €1 = §; — 04
and define the optimal performance index for the performance-
related error @1 as

=i = | T (o8 N () pa(s)) ds, (12)

Schematic of the proposed PPC-based fault-tolerant tracking control framework for robotic systems using RL-based radial basis function (RBF) NN.

where yi(-) = tan(Z arctan(p))” tan(Z arctan(p:)) +
©Tp,. The objective is to compute the optlmal control ¢}
that minimizes the cost function, yielding

{/too Xl(pl(s)7N(S),gp1(3))ds}. (13)

Based on this cost function, the Hamiltonian of the system is
expressed as

= — 1mi
Zi(p1,N) = min

o= T |
891 1

9= o=

'—‘1
Op1’ ON N

OR

By enforcing the stationarity principle, the condltlon for
optimal control is obtained [31]: ‘9”1 = 20T +%a77< a@T =0,
which provides the optimal control 1nput

7:[\1(801: N> ¥1,

X1(p1, N, 1) +

* %UTk a“l
= . 14
¥1 9 3@1 (14)
Since 882:?21 = 2 > 0 the control input in (14) minimizes
1

’H1 However, because the term g;l is unknown, the optimal

law cannot be directly applied and is estimated via the HJB
equation from Bellman’s principle:

0=] 0=1 0=1
) Hl <@1,N 9017 a ’ 8N1) + 8;

a 8
H 59],N QO],

7 ON
= tan (% arctan(pl)) tan (% arctan(p1)) + o1 o}
T T
8”* =5 dn =3
8 T (%a ("k@l - 9d) hdl) + IR di o 0. (15)
To ensure PPC, the optimal value derivative % and the

corresponding control input ¢] are designed as

=k —1
=1

01 772

<

(204191 + S1(511) + 201 (511)),



Y1 = -
! Hol)s

where g,1 > 0 is a design constant, and the aux1l1ary terms
are defined as 31 (5¢1) = —204191 —261(%1)4—%0770 o
Ul(ﬂl) = %,T’r]g(%"n‘p 9(1 hdl) with 2, = [pl, N 9(], 9(1] .
The nonlinear functions 3 (5;) and Uy (3¢ ) are unknown and
cannot be directly implemented, and are therefore approxi-
mated using NNs as in [12], [19]:

@*T Q\Yl (%1) + Kgy (%1)
U1 QUl (%1) + R, (%1)5

U1(3a1)), (16)

1
Qalf1 — 5%1(5{1) -

a7
(18)

$(501) =
Ul(ﬂl) =

where ©F  and O are the ideal weight vectors, Qs (5)
and Qg, (5¢1) denote the activation functions, and kg, (51)
and kg, (5¢1) represent the approximation errors, satisfying
|KJSS'1 (Q1)| < Ry, and ‘KUI (}71)| < R, -

As the ideal weights are unknown a priori, adaptive NNs
are used to estimate them online. In particular, the critic
network weights 951 and the identifier network weights 961
approximate O7F; and ©F , yielding the implementable forms:

(:)a Qg, (511), = égl Qu, (1)

The adaptive update of the identifier NN weight (:)U1 is
governed by the following learning law:

%1(;{1) = Ul(f{l) (19)

Ou, = —An1Ou, + Qu, (a) 174, (20)

where Aa; > 0 is a design learning gain. Subsequently, the
critic NN for evaluating the control performance is constructed
in accordance with (19). Using the adaptive NN weights, the

unknown term g;i in (16) can be estimated online as:

07 P

o 7 (20a191 + @a Qs, (521) + 205, Qs (31)),
21 3

€2y

where gTEg denotes the estimated derivative, and (:)c1 and (:)U1
are the critic and identifier NN weights, respectively.

The critic NN weight O¢; is updated according to the follow-
ing learning law:

éCl = —Ac1(Qs, (51) Q% (1) + paZm)Oc1),

where A¢1 > 0,ua > 0 is a design gain. Based on (16), the
optimal control policy is generated by the actor NN as

e 1 14 _ ~ _

Sol = ( - §6£1 Q%I(%l) - @gl QUI (%1))7

Holls

(22)

(23)

where © A, represents the actor NN weight vector updated
online to achieve optimal control performance. The adaptation
law for the actor NN weight vector © 41 is given by

(A a10¢1 + A1 (641 — Oc1))
X (QC\}l (%1)le (f{l) + N’Az’m)7

where A 41 > 0 is a design actor learning gain.
Step 2: Consider the performance-related error variable o =
02 — 1, whose dynamics are given by

=Mg " (£5Cp0 + ) + My td — Ga+ £ — 1.

The corresponding optimal performance function is de-
fined as Zj(pa,N) [ x2(p2(s),R(s),9(s))ds, where

S =
(24)

(25)

Y2(p2,N,0) = tan(Z arctan(ps))” tan(Z arctan(gp2)) +

¥*T9*. Taking the time derivative of Ho(p2,N), along the
system trajectories in (25), the associated HJB equation is
obtained as

. 0Z3 0=5\ . 2N T
Ha (@27?‘2,19 ' Dps’ OR ) = tan (? arctan(gps))
2N o=% _
X tan (? arctan(gpz)) + P9 + =2 [Mal(fﬁ%ﬁ +75)
_ .. , 0=3 dN =3
MGl —da+ L= ] + S+ =2 =0, (26)

As in (14), the stationarity condition BH"‘ = 0 yields

1 _ 0=%
V= = 27
2/\/105‘*Cﬁ Do @7

To realize predefined-time FTC design, the derivative gig and
the corresponding optimal control input ¥* are constructed as

=5 M
st ( Oa2Moga + S2(322) + QUQ(%2)>
D2 5,8(6
1 S (52
U= (9a2@2+ 2(%2) +U2(5f2)>7 (28)
£sCs 2
where 0,0 > 0 is a design constant. The auxiliary non-
linear terms are defined as $32(3) = —20,0Mopa —
My, sign(ps) — 202(%2)+5ﬁ/\/10 yi=3 Us(32) = £~
(jd—¢1, and ¢, = ‘MO 75| with 329 = [pQ,N (5 601)@A1] .

Since the nonlinear functions J2(5z2) and Ua(5z2) are un-
known, adaptive NNs are employed to approximate them
as () = O Qu,(m) + ke,(), Ulin) =
03 Qus, (322) + ks, (522), which leads to the following im-
plementable FTC laws:

95 My

Do §5Cﬂ (2&2/\/10@2 + @c2 Qsg, + 29152 u, (%2))
AT

. Qg, ~ _

9= 5<(&M%m+—#7—+@&gmm0.@%

The update laws for the identifier-critic-actor weight vectors
Ouy, Ocy and O 4 (¢ = 1,2) are designed as
Oy = — Uy (AayOu, — Qu, () @y fiy),

Ocy = — Ay (Qa, (520) Q% (24) + paZim)Ocy),  (30)

O =~ (MayOcy + Aaw(O.4y — Oc:))
x (Qs, (324) Q8 32y) + paZm),
w7l =1
where [, = L ", . Ao, Acw, and A
Hy Mo, =2 Ha e Aoy Ay

are positive design parameters associated with the adaptive
learning rates of the 1dent1ﬁer—cr1tlc—actor NNS Specifically,
pa >0, Aag > 0, Agy > 3, and Acy > 24%  Moreover, it
Im € waw represents the identity matrix.

According to (15), the Bellman residual error can
be obtained as Fy = Hy(py, N, ﬁ*,g;;,d;}f’) —

« 02y 08

. O 0=
Hy (pp, R0 vavaTNw)
above analy51s, the  optimal

According to  the



virtual controller ¢y must satisty Fy, — 0. If

’Hd,(pw,N 9* ,3@4,68_1;“) = 0 holds and has a unique
. OE% 0Er ~

solution, then 9H, (pw,N i, ,%”, o) /00 4y =

398 (324) Qs (32) (O 4y, — Ocy) = 0.

To ensure that the update laws satisfy (30), define a nonneg-
((@Aw —Ocy)" (Oup — @cw))

Since Bay = 56e = 2(B.4y — Ocy), the update laws

(30) are derived using ‘the gradient descent method.

Taking the time derivative of A, (t) yields

ative function Ay (t) =
aN,

() = o 2e(®) 90w &, (1)) = —24¢
Aup(t) =T (G@Aw(t) Saplt) + 9O¢y(t) @&N)) 2
0 (o (0T ol
(20 (05, ), () +pa) 150 ) <0

Therefore, this inequality ensures that A, (t) — 0 by utilizing
the update laws (30).

In this subsection, all closed-loop signals are semi-globally
uniformly ultimately bounded via Lyapunov theory, allowing
the derivation of the main control results.

Theorem 1: Consider the n-link robotic manipulator system
described in (1). Under the virtual control law (23), the FTC
law (29), and the NN weight update laws (20), (22), (24), and
(30), the closed-loop system guarantees that all system signals
remain bounded within a predefined time and that the tracking
error evolves inside a prescribed-performance region.

Proof: To analyze the closed-loop system, consider the fol-
lowing nonnegative Lyapunov function candidate: V( ) =

5 -
I 0%+ S0P+ 130 1( 5sOuy + OF,0c, +
GﬁwGAw)’ where ¢, = ¢,
the unknown bounded additive fault, and Oy = Oy — @Uw’

— ¢; denotes the estimation of

901/, = @Cw @c , 5 Ay = 5) Ay —O7 A denote the identifier,
critic, and actor NN weight estimation errors, respectively.
Taking the time derivative of V(¢) using (10) and (25) yields

V(t) = o1 (%ong(m + 1 — 0q — ﬁdl)) + 2 (M81(§ﬁ§5 + s +d)

— =) + B + Z (@uw@w + 08,00 + @M@Aw)
=1

Applying (16) and (29), it can be derived that

V(t) = —Qalpf + oM P1 (pz — éd — hdl) — %@51 g, (%1)
~ 566, Q6,() -

X (—Ga+l—¢1)— %éﬁzQsz(%)—

0a293 + Mg o2y + Mg p2d + 2

2288, Qu, (%)
2 . . .
+ ¢L(H892||1 - )\¢¢L) + Z (@gzpeuw + @a,@cw + @ﬁw@fw).
Y=1

Consequently, we have

2

V(t) = Z (*Qaw@ier(*

Y=1
+%a7]<@1( ©2 —9d—ﬁd1) —|—pz(M0 (vs +d) —(jd+€—<p1)

1~ - .
59511, Qs,, (52) — O35, Quw))

2 . .
+ d)L(HBO? |1 - >‘¢¢ + Z @Uw@Uw + @éFw@cw + @ﬁw@fw,).
p=1

. + ,U/AI"L)

Next, applying Young’s inequality to handle cross-terms gives

s2n? 1
2§ 1+ 5 pQ7M0 de<2M292+ d

1A _ 1 _ _
- §@f\w Qg (3y) < 1@%& + i@f\w QF, (524) Q8 , (324)O 4,

(€2Y)

HoNsr92 <

Substituting these inequalities yields

2
. 1 ~
V) = 3 (= avsl = 308 + pu(— B8, Qu, (52) + By (3))
=1

+ 700,05, ()5, ()8, + 85, (- - Qu, ()
X utin) + Oty (Aew (Qs, (32) Q8 () + iaZm)Ocy) + Oy
X (= (AasOcy + Aap(©.ay — Ocy)) (Qs, (Zp)Qg,,, (52p)
~Nobidit g

AAE éUl

(32)
From the definitions ¢L b — ¢F, éuw = (:)Uw — Ofy, (:)cw =

@cw — 0%y, @Aw = 6A¢ — ©7,, the following relations can be
obtained:

T 1 1 *T | %
¢L¢L_ §¢L (bu

~ ~ 1~ ~ 1 ~ ~

1 "'T ~ 1 '\T il
2¢L ¢L + 2¢L (bL
76{5’2‘19{5@[)7
0%y Qs (524) 5, (%w)@)cw < ecw Qs (324) Q% , (52)Ocy
1~ _ _ _ *
+ 59& Qs (524) Q5 (324)Ocy — §9cw Qs (324) 95, O%y,

~ ~ 1~ -
©%hy Qs (32) Q5 (52)Ocy < 595w Qa,, (524) Q5 (4)O.au

1 * —_ *
59,41:/) Qs (52y) st Oy
(33)

1~ ) ~
+ 5651” Qa, (524) Q8 (324)B.ay —

By Young’s inequality, one has

Ay — Acy X1
feAw

— (Aey — Aaw)Ohy Qs (32) Q8 , (52)Ocy <

~ Mo — Aew ~ ~
x Qs (3y) Q% , (324)O .y + wfw@a Qs, 9%, (324)Ocy:,

1
PRty < 2% + 5Roy,
(34)
Substituting (33) and (34) into (32) yields
2 1 =T 1 =T
Z ( (Qaw — m — 522000y 00y — 528000y
)\ S NAT (= ~ Acy
X Oy — TGAw(QSE(%s)QSE (5) + paZm)Oay — -5
~ - Ay 1oa
X O¢y (Qs. (32)Q8, () + MAIm)@cw + ( gw - Z)efw
_ AA _
x Qg (57:) 0%, (5:)0 4y +( 2 /\cw)@ch L (3) 04, (3)
~ A ay ~ ~ o s
x Bey — M4LBauuaTnBas) — S +E) + WD), GI)

where W(t) = 3d + o + Tioy (5% 10uul® +
MH@ 1 Qs ()%, which is bounded by a positive con-
stant oo, i.e. |W( )] < w. Under the design conditions oay > 1,
Aey > %, and A4y > 3, it follows from (35) that

) Pyp2 — d)L + Z (* 7@U1p60¢

Oy (Qs. (52:) Q5 (72) + 1aTm)O.ay



Aoy, ~ -
- %@g¢(Qgg (:’45)955 (32e) + NAIm)@Cw) +w
2

2000 — 1 Ao 0 o Aoy <7 ~
S—Z(wa)@i_?ﬂlf'FZ(—%@gw@zm
Pp=1 Pp=

22000 6F,6c, — 2SENBS, 6%,0.4) + . (6)
Let & = min{(20ay — 1), Ag, Acy, AcyABS, ), where ASS,
denotes the minimum eigenvalue of Qg (5:)Qg, (%:). From in-
equality (36), the time derivative of the Lyapunov function satisfies
V(t) < —&V(t) + w. Solving this differential inequality yields
V(t) < e *'V(0) + ¢ - Taking the limit as ¢ — oo, one obtains

limsup,_, . V(¢) < ga Therefore, for any given € > 0, there exists

a finite time 74 such that V' (¢) < &Ea + k, ¥t > T4. Moreover, there
exists a positive constant &, > 0 satisfying V (£) > &||oy (¢)||*. Then
el < /& + é,Vt > Ta. Hence, all composite error signals
(o are semi-globally uniformly ultimately bounded. Moreover, by
following similar analytical steps, the estimation errors of the adaptive
parameters ¢,, ©5y, Ocy, and © 44 are also ultimately bounded.
Remark 4: For robotic manipulator joint tracking in the presence of
unknown dynamics, external disturbances, and actuator faults, the
design parameters s, s, #c, %o, Ne, Td, WA, Aay, Aay, and Aoy
collectively determine both the transient and steady-state performance
of the closed-loop system. The prescribed time 74 and the steady-state
constraint parameter pa explicitly define the desired convergence
speed and tracking accuracy, where a smaller 7, enforces faster error
convergence and a smaller pua results in tighter steady-state error
bounds. The control gain s, primarily scales the control effort and ac-
celerates error decay without affecting the final tracking accuracy. The
weighting factor s, balances position and velocity tracking errors in
the filtered error formulation and is typically selected as s, = 1 when
no priority is imposed. The learning-related parameters »q, b, 7)<,
Aay, Ay, and Acy govern the adaptation rates and convergence
behavior of the actor—critic—identifier networks, influencing learning
speed and fault estimation dynamics. Consequently, parameter tuning
should comprehensively balance control accuracy, convergence rate,
and transient performance.

Remark 5: In recent years, significant progress has been made
in adaptive and robust FTC for robotic manipulators, including
prescribed-performance and fixed-time tracking controllers [6], [9],
[18], [22], [25]. However, many approaches assume ideal actuators or
consider only matched disturbances, limiting applicability under com-
posite actuator faults such as PLOE and TLOE. Compared with robust
adaptive flexible prescribed-performance control [3], performance
tracking control [20], and adaptive NN prescribed-performance con-
trollers [23], our method explicitly handles composite actuator faults
and ensures tracking errors converge within practical prescribed-
time bounds. RL-based fixed-time trajectory tracking controllers [26]
perform well under normal conditions but do not address actuator
faults or prescribed-performance constraints. Similarly, adaptive fault-
tolerant RL controllers [32], [33] show strong adaptability but limited
fault-tolerance under composite faults. Our work bridges this gap by
combining fault tolerance, prescribed-time convergence, and reduced
computational effort, offering a comprehensive solution for practical
robotic manipulator applications.

IV. SIMULATION RESULTS

In this section, the validity of the developed controller is evaluated,
and Algorithm 1 outlines the steps of the controller design procedure.
A. Simulation Verification: A 2-DOF robotic manipulator is employed
for the simulations, and its schematic and physical parameters are
presented in Fig. 2 and Table II, respectively. The manipulator
dynamics follow the formulation described below:

71 + malils cos 02 ro + Jo + %mzlllz cos 0o

M(0) =

ro + Jo + %mghlg cos 05 ro + J2

Algorithm 1 PPC-based Fault-Tolerant Tracking Control of
Robotic Manipulators via Adaptive NN-based RL

Require: Desired joint trajectory 64(t), 4(t); control param-
eters s, 1, #e, %mng,ﬁ,,uA,)\Alﬁ, AAwA/\cw-A
Ensure: Estimated parameter vectors Oy, Ocy, © 4y, Un-
certainty compensation q/gb, and control torque 7.
1: Move the robotic manipulator to the prescribed initial
configuration. N R R .
2: Initialize NN weights Og5,(0), Ocey(0), ©44(0), ¢,(0),
and control input 7(0).
3: for each time instant ¢ do
Measure the joint position #(t) and velocities 0(t).
5. Compute the tracking errors g and g using (10) and
(25).

»

6:  Compute the virtual control input g%l according to (23).

7: Updaie the identiﬁer, gitic, and actor NN weight vec-
tors Ogsy, Ocy, and © 4y using the adaptive laws in
(30).

8:  Estimate the model uncertainty compensation term (ﬁL
via (30).

9:  Compute the fault-tolerant joint control input 0 using
(29).

10 Generate and apply the control torque command 7 to
the robotic actuators according to (1).
11: end for

. —%mglllzég sin 6o —%m2l112(é1 +92)sin02
C(6,6) =

%’Fﬂahlgél Sin@z 0

G (0) |:;mlgl2 cos 01 + magly cos 61 + %WLleg cos(01 + 02)

%mgglg cos(01 + 62)

where r1 = %mﬂ% =+ ro + mgl% + Ji + J2, and r2 = imgl%
The physical parameters of the 2-DOF robotic manipulator used
in this study, consistent with [26], are summarized in Table II.
The manipulator is subjected to disturbance torque as w(t) =
[0.7(sin(0.1t) + 1, 0.7(cos(0.1t) + 1]"N.m.

Fig. 2. Diagram of the 2-DOF robot manipulator.



TABLE I
PHYSICAL PARAMETERS OF THE 2-DOF ROBOT MANIPULATOR

Parameters ~ Descriptions Values
mi Mass of joint 1 1.8kg
mao Mass of joint 2 1.6kg
Ji Moment of joint 1 0.6kg - m?
Jo Moment of joint 2 0.8kg - m?
Ly Length of joint 1 1.7m
Lo Length of joint 2 1.5m
Ly Mass center of joint 1 1.2m
Lo Mass center of joint 2 0.8m
g Acceleration of gravity 9.8 m/s?

all neuron centers uniformly distributed over [—7, 7], and the detailed
configurations are summarized in Table III. To guarantee the pre-
scribed performance of the tracking errors, the following performance
boundary parameters are selected: s, = 0.8,30, = 0.78, 3. = 0.5
pa = 2.7, a1 = 30, 0a2 = 20.
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0.08 cos(0.2t) .

0.08 cos(0.28¢) — 0.1 sin(0.04¢) | 2% With £ € [0, Ta] and T
2s. To emulate actuator failures during manipulator operation, the
faulty torque input 7(¢) is defined as follows. Joint 1 experiences an
LOE fault, modeled by 71 (t) = 0.791(t), t > 1 s indicating a 30%
reduction in torque capability, and joint 2 undergoes a stuck fault
represented by 72(t) = 2, ¢ > 1.5s, which captures a typical lock-
in-place failure in robotic manipulators. To approximate the unknown
nonlinear dynamics, Gaussian basis functions are employed. For joint
1, Qg, (5r1) and Qs, (5r1) are configured with 21 neurons, and for
joint 2, Qg (3r2) and Qrs, (522) are configured with 28 neurons, with

To validate the global control capability of the proposed design, the
manipulator is tested under three different initial conditions with joint
positions 6(0) € {[-1.6, 0.8]", [~1.4, 0.6]", [-1.8, LO]"}. As
shown in Flg 3, the proposed control scheme ensures fast and
accurate trajectory tracking for all initial conditions. Fig. 4 illustrates
the transient joint tracking errors for different initial conditions,
showing that larger deviations lead to higher transient peaks, smaller
deviations produce smoother responses, and the controller effectively
compensates for actuator faults, with errors converging near the
origin. Fig. 5 shows the tracking errors of joint 1 and joint 2 over
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Fig. 6. Trajectories of commanded signals ¥(¢) and actual actuator torques

7(t).
TABLE IV
ACTUATOR TORQUE INPUTS FOR DIFFERENT FAULT SCENARIOS

Fault mode 71(t) T2(t)
fault 0 050:.(0), t>1 2, t>15
fault 1 020:1(t), t>1 2, t>15
fault 2 0.204(t), t>1 —20,t>15
no fault 91(¢) D2(t)

time for different desired convergence times, 74 = 2, 3,4, 5, 6 s, with
the insets highlighting the first 2-3 seconds where 75 most affects
convergence; all cases reach near-zero steady-state error, with smaller
Ta (e.g., 2s) producing faster convergence but higher initial overshoot
and larger 7; (e.g., 6s) reducing peak amplitude but slowing error
decay, illustrating the trade-off between speed and transient response
while maintaining robust steady-state tracking. Fig. 6 illustrates the
trajectories of commanded signals ¥(¢) and actual actuator torques
7(t). In addition, Fig. 7 shows the tracking errors of both joints under
no-fault, fault O, fault 1, and fault 2, corresponding to the actuator
conditions in Table IV. According to Table IV, actuator faults are
implemented by modifying the joint torques after predefined instants.
In fault 0, joint 1 has a 50% PLOE, and joint 2 is stuck at a constant
torque. In fault 1, joint 1 suffers a 80% PLOE, and joint 2 remains
stuck. In fault 2, joint 1 retains only 20% effectiveness, and joint 2
is locked at an extreme constant torque, representing a severe TLOE.
In the no-fault case, both joints operate normally. As fault severity
increases from fault O to fault 2, the peak tracking errors increase and
convergence slows, but in all cases the errors remain bounded and
converge within the predefined time, demonstrating strong robustness
of the proposed controller against both PLOE and TLOE faults.
Fig. 8 illustrates the behavior of actuator torques under various fault
conditions. Fig. 9 confirms that the NN weight update laws O¢syp,
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Fig. 7. Tracking errors of joint 1 and joint 2 with prescribed performance
under different fault modes.
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Fig. 9. Time evolution of the weight update norms for the identifier, critic,
and actor learning networks.

Ocy, and © 4y (¥) = 1,2) remain bounded and converge, and Fig.
10 shows that the cost functions ¥1 and X2 are reduced, indicating
that the proposed algorithm effectively minimizes the cost function
and enhances tracking performance.

B. Comparative Simulations: To demonstrate the effectiveness of
the proposed RL-based prescribed-performance fault-tolerant control
(RL-PPFTC), comparative simulations are conducted against three
existing controllers under the initial condition #(0) = [—1.3, 0.7]%.
These controllers include: The benchmark controllers include: 1)
prescribed performance-based FTC (PPFTC) [25]: An adaptive NN-
based prescribed performance fault-tolerant control scheme with
parameters s, = 2.1, = 3.9,¢. = 11.5, ua = 7.1, pa1 = 70,
0a2 = 40; 2) PPC [23]: A finite-time predefined-time controller
with 3, = 08,30, = 0.78,3¢. = 0.5 pua = 2.7, ga1 = 30,
0a2 = 20; 3) FTC [8]: An adaptive fixed-time fault-tolerant controller
under composite actuator faults using the same parameter values
as the proposed method. In contrast, the proposed control strategy
achieves superior tracking performance, including faster transient
response and higher steady-state accuracy, even in the presence
of composite actuator faults, as shown in Fig. 11. Further, to
evaluate control performance, tracking accuracy is quantified using
several metrics: the overall tracking error (TE), root-mean-square
error (RMSE), mean error (ME, £), standard deviation (SD), and
maximum absolute error (MAE). The tracking error for each joint
is defined as TFE [[61 — 614,62 — 024]" ||, where 6, and
0yq represent the actual and desired positions of the ¢th joint,
respectively. The corresponding performance metrics are calculated

N )
Time (s)

Fig. 10. Time evolution of the performance index.



as RMSE = (/L 3>™ TE(s), ¢ = 13" ey(s), SD =

LS (ey(s) — &)2, MAE = max.—1,...,m |ey(s)|, where m

is the total number of samples and s is the sample index. These
metrics jointly capture transient behavior, steady-state accuracy, and
robustness to disturbances. The numerical results reported in Table V
and Fig. 12 demonstrate that RL-PPFTC consistently outperforms all
comparison methods, achieving reductions of approximately 81-85%
in RMSE, 50-68% in ME, 85-88% in MAE, and more than 97% in
SD. In contrast, PPFTC, PPC, and FTC show higher tracking errors
and weaker robustness, particularly during dynamic operation. In
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Fig. 11. Comparison of joint tracking errors for RL-PPFTC and existing
controllers [8], [23], [25].

TABLE V
EVALUATION OF TRACKING PERFORMANCE FOR DIFFERENT CONTROL

METHODS

Method RMSE ME SD MAE

RL-PPFTC 0.0113  0.0089 0.0015 0.0137

PPFTC [25] 0.0600 0.0200 0.0550  0.0900

PPC [23] 0.0750  0.0280  0.0650  0.1100

FTC [8] 0.0680 0.0180  0.0600  0.1000

addition, an RL-based neural controller reported in [26] (shown by
the red curve in Fig. 7) is included for comparison. This controller
does not explicitly address actuator failures nor enforce prescribed-
performance constraints. As illustrated in Fig. 7, the red curve
exhibits relatively large initial tracking errors and slower convergence,
with the tracking error remaining comparatively high during the
transient phase and, in fault scenarios, exceeding the prescribed
performance bounds. Although in the no-fault case the actuator
torques 71(t) and 72(t) follow their commanded inputs 9, (¢) and
¥2(t) reasonably well, noticeable tracking inaccuracies persist due to
the lack of explicit performance guarantees. Under fault scenarios 0,
1, and 2, the actuator torques deviate significantly from their nominal
values to reflect reduced or altered actuation capabilities, with fault
2 producing a pronounced negative torque in 72 (t), indicating severe
actuator malfunction. In contrast, the proposed control strategy main-
tains bounded tracking errors and achieves faster convergence, while
ensuring that the control inputs satisfy the prescribed performance
constraints governed by parameters sz, s, 2. as defined in (6).
These results demonstrate that, unlike the RL controller in [26], the

MAE

FTC 8] £

sD
PPC [23] .
Performance

PPFTC [25] ME Metric

RL-PPFTC
Method

Fig. 12. Quantitative metrics of tracking performance for different control
methods [8], [23], [25].

proposed method preserves robust tracking performance under both
nominal and faulty operating conditions.

V. CONCLUSION

This paper proposed an RL-based prescribed-performance fault-
tolerant tracking framework for robotic manipulators under composite
actuator faults, including PLOE and TLOE. The control scheme em-
ploys a PPF with a filtered error transformation to achieve predefined-
time tracking without initial condition restrictions. A robust con-
trol mechanism compensates for abrupt actuator faults and NN
approximation errors, while the identifier-critic-actor RL architecture
minimizes HJB approximation errors to optimize control perfor-
mance. Simulation studies on a two-link manipulator demonstrate the
method’s superior tracking accuracy, fault tolerance, and robustness
compared with conventional approaches. The results confirm that
the proposed framework provides a practical and effective solution
for high-precision control of robotic manipulators under uncertain
dynamics and actuator faults.
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