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Abstract

This paper proposes a novel neuroadaptive asymptotic tracking control method for a class
of uncertain multi-input multi-output (MIMO) robotic manipulators. Firstly, an intrinsic
plasticity (IP)-driven cycle echo state network (ESN) is constructed. The intrinsic plasticity
mechanism can adaptively adjust neuronal excitability, enhancing the network’s ability
to capture complex time-varying dynamics. Meanwhile, the cycle reservoir structure
significantly reduces the number of neural connections, thus improving computational
efficiency. Secondly, the proposed IP-driven cycle ESN is integrated with the robust integral
of the sign of the error (RISE) framework to form a neuroadaptive controller. The IP-driven
cycle ESN serves to dynamically approximate the unknown nonlinearities inherent in the
robotic system, whereas the RISE term compensates for approximation errors and external
disturbances to ensure satisfactory robust performance. Then, a rigorous stability analysis
is given to demonstrate that the proposed controller can achieve asymptotic convergence of
the tracking error. Finally, simulation experiments are conducted on two typical two-joint
manipulators to evaluate the performance of the proposed method. Comparative results
demonstrate that, in contrast to the Radial Basis Function Neural Network (RBENN)-based
PI control method, the proposed method achieves faster error convergence rate, higher
tracking precision, and smoother control inputs. The results highlight the effectiveness
of combining the approximation capability of the IP-driven cycle ESN with the robust
compensation capability of the RISE framework for high-precision control of uncertain
nonlinear robotic systems.

Keywords: echo state network; intrinsic plasticity; asymptotic tracking control; cycle
reservoir; RISE

1. Introduction

With the rapid advancement of industrial automation, intelligent manufacturing, med-
ical rehabilitation, and service robotics, robotic systems have become deeply integrated
into modern production and daily life [1]. However, in practical applications, these sys-
tems are inevitably subjected to complex uncertainties, including unmodeled dynamics,
intrinsic parameter variations, and external time-varying disturbances. Traditional control
strategies often struggle to maintain satisfactory control performance in the presence of
these complex uncertainties. Consequently, achieving high-precision trajectory tracking
under dynamic, uncertain conditions remains a critical challenge. To address this issue,
a variety of advanced control strategies have been extensively investigated. For instance,
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semi-model-free adaptive backstepping dynamic sliding mode control was introduced
to handle uncertain manipulator dynamics [2]. Similarly, the fixed-time control method
has been deployed to mitigate lumped disturbances and actuator faults [3], while global
integral terminal sliding mode approaches have been developed to guarantee finite-time
convergence under unknown parameters [4]. Despite their success, the majority of existing
schemes remain constrained by the requirement of known system structures or prede-
fined bounding functions. To circumvent these limitations, neural network (NN)-based
control methods have attracted increasing attention in recent years, particularly in the
field of robot control. Owing to their powerful nonlinear approximation capability, NNs
are uniquely suited to reconstruct unknown dynamics in complex robotic systems [5,6].
Meanwhile, their inherent self-learning adaptability provides an effective framework for
capturing unmodeled dynamics and real-time parameter variations [7,8]. By leveraging
these features, NN-based controllers exhibit remarkable robustness against severe coupling
effects and external disturbances [9-11], making them a cornerstone of modern intelligent
robotic control.

Although considerable progress has been achieved, existing NN-based control schemes
still face two major challenges when applied to complex robotic systems. On the one hand,
most adaptive NN control methods can only guarantee Uniformly Ultimately Bounded
(UUB) tracking performance rather than true asymptotic convergence of the tracking er-
ror. This implies that the system states converge merely to a finite neighborhood of the
origin instead of approaching zero strictly, which limits their applicability in high-precision
trajectory tracking tasks. On the other hand, the majority of existing approaches rely on
feedforward neural network architectures, such as the RBFNN [12,13]. These networks pro-
vide only static input—output mappings and thus lack the capability to capture time-varying
internal dynamics inherent to robotic systems [14,15]. Consequently, their approximation
performance deteriorates in dynamically changing environments. Furthermore, RBFNN-
based controllers often depend on offline training and manual parameter tuning, leading to
slow adaptation, poor generalization, and degraded control accuracy under time-varying
conditions [12]. Although some recent control methods in the literature are based on
echo state networks, a type of recurrent neural network, these methods adopt random or
complicated network topologies, leading to high computational complexity and limited
practical applicability in real robotic systems [16,17].

The primary objective of this work is to bridge the gap between tracking precision
and computational efficiency in the control of highly uncertain, dynamic MIMO robotic
systems, thereby overcoming the limitations of conventional UUB tracking performance
and high network complexity. To achieve this objective, a novel neuroadaptive asymptotic
tracking control strategy is proposed by integrating an intrinsic plasticity-driven cycle echo
state network with the robust integral of the sign of the error framework. Compared with
existing control methods in the literature, the main contributions of this work are threefold:

*  First, anovel recurrent reservoir featuring a simplified cycle structure and biological
learning rules is constructed to enhance representation capability while minimizing
computational overhead. Unlike conventional ESNs that utilize random or complex
reservoir topologies which heavily increase the computational burden and limit real-
time applicability, the reservoir in our scheme adopts a deterministic, simple cycle
structure. This design significantly reduces the density of neural interconnections,
effectively alleviating the computational burden and lowering algorithmic complexity
to facilitate faster real-time calculation. Furthermore, to prevent any degradation in
approximation performance due to the simplified structure, an intrinsic plasticity
mechanism—a foundational biological learning rule—is embedded for online tuning
of the excitability of each reservoir neuron [18,19]. This drastically improves the
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reservoir’s dynamic representation capability to accurately capture the highly coupled,
complex, and time-varying internal nonlinearities inherent in robotic systems.

*  Second, a composite neuroadaptive controller is synthesized to achieve robust approx-
imation of unknown dynamics and disturbance rejection capabilities. The controller
is developed by employing the proposed IP-driven cycle ESN to dynamically ap-
proximate unknown system nonlinearities, while leveraging the RISE framework to
continuously compensate for residual approximation errors and external time-varying
disturbances, thereby guaranteeing high-precision tracking.

¢ Third, a rigorous theoretical proof and two simulation scenarios are provided. A
comprehensive stability analysis based on Lyapunov theory is carried out to provide
a solid mathematical guarantee for the asymptotic stability of the closed-loop system.
Furthermore, two simulations are conducted on typical two-joint manipulators to
evaluate the performance of the proposed method over conventional RBFNN-based
strategies in balancing tracking precision, convergence speed, and control smoothness.

It should be noted that the scope of this work is limited to numerical simulation
studies. The proposed control strategy is validated only under smooth continuous reference
trajectories. Practical issues, including experimental validation and trajectory tracking
under abrupt or discontinuous reference trajectories, are beyond the scope of this paper
and will be investigated in future work.

The remainder of this manuscript is structured as follows. Section 2 establishes the
problem formulation of the uncertain multi-joint robotic systems and briefly reviews the
preliminaries regarding the topological architecture and universal approximation capability
of the proposed IP-driven cycle ESN. Section 3 presents the detailed design procedure
of the composite neuroadaptive controller and its corresponding weight update laws,
followed by a rigorous mathematical proof of the closed-loop stability and asymptotic
tracking performance. In Section 4, two numerical simulation scenarios are executed on
different two-joint robotic manipulators to demonstrate the effectiveness and comparative
advantages of the developed scheme. Section 5 provides a thorough discussion of the
simulation results and the underlying limitations. Finally, Section 6 concludes the paper
with a summary of key findings and prospects for future research.

2. Problem Formulation and Preliminaries
2.1. Problem Formulation

Consider a class of fully actuated n-link rigid robotic systems modeled via the classical
Euler-Lagrange formula [20]:

M(q)§ + C(q,9)4 + G(q) + F(g) + 7a(t) = u ©)

where g € R" is the joint angular displacement vector, M(g) € R"*" is the inertia matrix,
C(q,9) € R™" denotes the centripetal and Coriolis terms, G(q) € R" represents the
gravitational vector, F(§) € R”" signifies the friction force, 7;(t) € R" is the unknown
external disturbance, and u € R" is the control input. To facilitate the controller design, the
inherent structural properties of the dynamic model (1) must be considered. Specifically, the
inertia matrix M(q) is symmetric and positive-definite, satisfying m Ix]? < xTM (g)x <
my||x||* for any arbitrary vector x € R", where m; and m; are positive constants. In the
subsequent stability analysis, this specific property provides a solid foundation to guarantee
the positive-definiteness of the formulated Lyapunov function.

A neuroadaptive asymptotic tracking control strategy is proposed in this paper to
ensure that: () the joint angular displacement g of system (1) asymptotically tracks the
desired trajectory q;; and @ all signals are bounded in the closed-loop system.
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To achieve the above objectives, the following assumptions are made.

Assumption 1. The joint angular displacement q and joint angular velocity g of system (1) are
available for measurement.

Assumption 2. The desired trajectory q; and its first, second and third derivatives are known,
bounded and continuous functions.

Assumption 3. The system matrices M(q), C(q,4), G(q), and F(§) are assumed to be smooth.
Meanuwhile, the external disturbance t4(t) and its first two time derivatives are bounded by some
constants €1, €71, €12, satisfying || 7| < €0, |74l < €11, and || T4 < era.

Hereafter, for the sake of simplicity, the function arguments are occasionally omitted
when there is no risk of ambiguity, that is: f(t) refers to any function vector of t and f is
the same to f(t).

Then, define the tracking error e; and the filtering error r

er=4qq—4 2)
ey =61 +uqe 3)
r = éy+ aren 4)

where &7 > 0.5 and ap > 0.5 are design parameters.
By multiplying both sides of Equation (4) by M(g), and then substituting Equations (2) and (3),
it can be found that
M(q)i’ :M(é1 + aqé1 + 06262)
=M(a1é1 + azez +4gq)
+C(q,4)d+ Glg) + F(d) + 14—
=Q() —u
where Q(-) = M(q)(x161 + azex +G4) + C(q,4)4 + G(q) + F(4) + 75 lumps all the model-

dependent terms.
Differentiating Equation (5) with respect to time gives

M(q)7 = —M(q)r — it + Q(-).

By splitting the term —M(q)r into two equal parts and adding and subtracting e,, the
above equation can be rewritten as

1. . 1.
Mi = —EMr—L‘t—ez—i—Q(-)—EMr—l—ez

1.
:—EMr—u—ez—i—N()

(6)

. 1.
where N(-) = Q(-) — EMr + e; represents the remaining unknown time-varying terms

that can be approximated by the neural network as illustrated in Section 2.2.

2.2. Intrinsic Plasticity-Driven Cycle Echo State Network and Its Approximating Capability

In Equation (6), the term N(-) includes the inertia matrix M(q), the Coriolis and
centrifugal force term C(gq,4), the gravitational vector G(g), the friction force F(4) and
the external disturbance 7;. These unknown terms, as they cannot be accurately modeled
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or compensated by traditional control methods, make the control task challenging. To
address this challenge, in this paper, an intrinsic plasticity-driven cycle echo state network
is proposed to approximate these complex and time-varying nonlinear functions. In this
structure, the cycle reservoir topology significantly reduces the number of connections,
while the intrinsic plasticity rule online adapts each neuron’s gain and bias parameters.
This combination not only enhances the reservoir’s dynamic representation capability but
also improves computational efficiency, making it particularly suitable for real-time robotic
control under uncertainties.

The architecture of the proposed IP-driven cycle ESN is illustrated in Figure 1. The
network structure consists of three components: input layer, reservoir and readout layer.
The computational procedure is as follows:

hin(£) = Wiz (t) + Wigsh(t — 1) (7)
n(t) = ¢ (a;(O)hin (1) + bi(1)) ®)
]/out(t) outh( ) (9)
_ 1
(1) = a)(8) & 5+ i (DAL (1) (10)
bi(t+1) = bj(t) +1 (1 -2+ :l)hj(t) + :lh]?(t)> (11)

where z(t) € R**1 is the input of the ESN, h;,(t) € RE*! is the input of the neurons
in the reservoir, h(t) € RE*! is the reservoir output state vector at the current moment,
Wi, € RA*B is the weight from input to the reservoir, Wy,s € RB*B ig the weight of the
reservoir layer, Wo,: € RB*Cis the weight from the reservoir to the readout and o, € RCEx1
is the ESN output. The variables A, B and C denote the neuron counts in the input, reservoir
and readout components, respectively. The function ¢ is the activation function of the
reservoir component, and the sigmoid function is adopted in this work. Therefore, it yields
llpll < ego and [|@|| < eg1, where eg0 and &4 are some positive constants. Parameters
a;(t) and b;(t) represent the gain and bias of the activation function of the j-th neuron in
the reservoir at time ¢, respectively. u is the expected distribution mean, 7 is the intrinsic
plasticity learning rate, 7, (t) is the input to the activation function of the j-th neuron in
the reservoir at time ¢, h;(t) is the reservoir output of the j-th neuron in the reservoir, and
Abj(t) = bj(t) — bj(t — 1). In this paper, the readout weight matrix Wpy; is obtained by the
adaptive laws, while the input layer weight matrix W;,, and the reservoir weight matrix
W,es are set as follows:

o O
o

1/ V .. ’l/
Win: . . . . s Whes =

v v e UV o --.- p 0

AXB BxB

where v and p are some positive constants. It is worth mentioning that unlike conventional
echo state networks that suffer from heavy computational burdens due to randomized
or fully connected topologies, the proposed deterministic cycle structure establishes a
highly decoupled and sparse state propagation mechanism. This structural simplification
directly translates into a significant reduction in algorithmic complexity during the online
control process. To further illustrate the advantages of this design from a computational
perspective, the following remark is provided.
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Input Reservoir Readout
Figure 1. The architecture of the IP-driven cycle ESN.

Remark 1. Let N denote the number of internal neurons within the reservoir. For a fully connected
reservoir, the internal weight matrix Wyes € RN*N is dense. Updating reservoir states involves full
matrix-vector multiplication, leading to a quadratic computational complexity of O(N?) per control
step. In contrast, the cycle reservoir adopts a deterministic cycle topology with a highly sparse weight
matrix, where non-zero elements only lie on the sub-diagonal and the corner entry. Benefiting
from this cycle connection, the state of each neuron is only related to its adjacent neuron. The
original matrix-vector multiplication is simplified into N scalar operations, and the computational
complexity is reduced to O(N) per control step. Meanwhile, the number of effective connections
decreases from N? to N. This significant reduction greatly lowers the computational overhead,
making the proposed algorithm well applicable to high-frequency real-time robotic control under
limited hardware resources.

According to the Universal Approximation Theorem for neural networks, given any
compact set Oy € R, for all z € Qy, N(+) can be presented by the ESN as

N()=Wlg(z) +¢ (12)

where W is the output weight and ¢ is approximation error, which satisfies the assumption
that ||¢|| < €0, €40 is an unknown positive constant. Moreover, in this work, it is assumed
that ||¢|| < &1, €51 is an unknown positive constant.

Then Equation (6) can be re-expressed as

Mq)F = 5 M(q)r + WTp(e) +¢— i — s (13)

It is worth mentioning that as W is unknown, then the approximation of N(-) by ESN
can be redefined as
N() = Wie(z) (14)
where z(t) = [q7(t), 4T(t), g} (t), 45 (t), g1 (1), el (), eI (t), eI (1)] T c RS, W is the esti-
mated value of W.

3. Controller Design and Stability Analysis

Based on the system dynamics in (13), the control scheme is given by

= (ks + ea(t) — (ks + 1)ea(0) + /Ot [(ks +1)ager(7) + Bsgn(ea()) + ngb(z(r))}dT (15)
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where k; and B are some positive constants. The overall architecture of the proposed
controller is illustrated in Figure 2.

| l ex(0)
q q
k1
IP-driven " q
g0 [ | cycle ESN LAV | L’CX)—' Plant
= + ‘ 1
€1 € *
qa )
| (kst1)ootpsgn(-)
X
| B o
e
(X\ a1 : kgt
€1
Figure 2. Overall architecture of the proposed control scheme.
The corresponding adaptive law for W is given as
W = knaogel — kukp|lea||W (16)

where k;, and k, are positive designed parameters. The first term k,ay¢el is used for
neural compensation of the error dynamics, while the second term —kk, ||es||W is intro-
duced to prevent parameter drift and ensure boundedness of the weight estimates under
approximation errors and external disturbances.

Substitute Equation (15) into Equation (13), and the close-loop tracking dynamics of
the system can be obtained:

M(q)F = —2 M(g)r — (ks + 1)r — Bsgn(es) - W7+~ o2 (17)

where W = W — W is the weight estimation error.
To facilitate the stability analysis, the following Lemma 1 and Lemma 2 are introduced.

Lemma 1. Give an auxiliary function L(t) defined as
1 ;
L(t) = rT(e — sgn(e2)) + JkoWiie; sgn(ez) — 1 H (18)
where Wy, is the upper bound of |W||, H = WT¢. H and its time derivative H are bounded [21].

Specifically, there exist positive constants e and ey satisfying |H|| < €9 and ||H|| < ep1.
Provided that the control gain B is chosen to fulfill the following sufficient condition,

1 1 1
,B > &£,0 + max {8]10, Ekww,% + 0728,11 + 0728111} (19)

then it follows that
t
/ L(t)dt <¢ (20)
0
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where & = Blle2(0)l, — 3 (0)(e(0) — H(0)).

Proof. After expanding L(t) and integrating, it is observed that

/OtL(T)dTZ/(:rT(T) (e(1) — psgn(ea (7)) )dr + kaZ/ T (%) sgn(ea(t))dt

t (21)
- /0 I (D) H(t)dt
Substituting (4) into the above equation and rearranging terms leads to
t t
/o L(T)d"r:/o zxzezT(T)<( ) — Bsgn(ex(t dT+/ et — Bsgn(ea(T )))d"[
+ ko2 [ A () sgniex(0) — [ (0)H(D)ar
’ (22)

—/ apen T( T) — Bsgn(ea(T ))+4izkwwlesgn(62<r))>dT
+ / 1 (1) (e(1) — H(r)) — sgn(ea(r)) )T

By applying integration by parts to the second term of the above equation, it fol-
lows that

/Ot L(t)dt = /Ot wer T (T) (8(1’) — Bsgn(ex(T)) + ikafl sgn(ez(r)))d‘t
+ (F e - H@))| - ./Ot (X (0)e(x) — ek (1) Fi(x) )T — /Ot ] sgn(e2)d
- /0 "wrel (7) (s(r) — Bsgn(ea(1)) + 4%zkww,z Sgn(ez(T))>dT (23)
+e3 (1) (e(t) = H(t)) — e (0) ((0) — H(0))
~ [ (A ~ FH©)dr - Bllea(t) s+ Blea0)

Utilizing the Cauchy-Schwarz inequality and the relationship ||-|| < ||-]|;, and further
collecting like terms, it follows that

[ e < [ wallex@l (lete)l -+ ko + L IOy g

2 (24)
+llea(®) 11 (lle(H)l + I H(B)]| - ),62( ) (£(0) = H(0)) + Bllez(0) I
Given |le|| < eno, |€]] < en1,||H|| < eno, and ||H|| < € it follows that:
[ ear < [ walea(@)l (s — + koW + 2+ 9 ) ar
0 —Jo ! “ az (25)
+ llea (t) 11 (2n0 + €10 —/s) —ezT (0) (e<o> — H(0)) + Blle2(0) s
Finally, when B is chosen to satisfy (19), inequality (20) follows directly. [
Lemma 2 ([22]). Consider the nonlinear time-varying system

{=f@1), (26)

where { € R™ and f : R™ x R>o — R™ is continuous, ensuring the existence of a unique solution.
Define the region

D:={CeR": ]l <¢c}, 27)

https:/ /doi.org/10.3390/s26144643


https://doi.org/10.3390/s26144643

Sensors 2026, 26, 4643

90f19

where g is a positive constant. Suppose that there exists a continuously differentiable function
V : D x Rsg — Ry satisfying

th (g) < V(Crt) < uZ(é)f V(g, t) < 7u(§)/ (28)

forallt > 0and { € D, where Uy and Uy are continuous positive-definite functions, and U
is a uniformly continuous positive-semidefinite function. Then, for every initial condition {(0)
belonging to

S:={CeD:UQ) <6}, where § < nghin U (0), (29)
=c

it follows that
ui()—0 as F— oo. (30)

Now we are prepared to introduce the subsequent result concerning the neuroadaptive control

strateqy for the robotic manipulators.

Theorem 1. Consider the system (1) with error dynamics described by (2)—(4). Suppose that
Assumptions 1-3 hold. If the control law is designed as (15) together with the ESN weight update
law (16), then all system signals are bounded, and the tracking error converges to zero asymptotically,
llex(£)]| — Oast — oo

Proof. Consider the following Lyapunov function candidate:

1 1 1
V(y,t) = ErTMr +0Q+ Eequ + EezTez + P(t) (31)

where Q = 2117,1 tr(WTW). The auxiliary non-negative function P(t) is defined as follows:

P(t) =& — /Ot L(t)dt (32)

where ¢ and L are defined in (18)—(20). It can be verified that P(f) > 0. And y(t) is
defined as T

y(t):=[rT(0) () el() vQ VP

According to the positive definiteness of the inertia matrix M(q), there exist positive

(33)

constants mq and my such that
m|r|[* < rTM(q)r < ma|r[|?. (34)
Therefore, the Lyapunov function can be bounded as
Mllyl? < V(y, 1) < Aallyl%, (35)

where . .
A= 5 min{my, 1}, Ay = max{zmz,l}. (36)

Differentiating V (¢) with respect to time yields

V(t) =rT M+ %rTMr + kl tr(WTW) +elé +ebéy + P (37)
n
Substituting (16)—(18) into V() results in
2

) SN W,
V(t) = —(ks + 1)rTr — kau|lez| tr(WTW) + elTez - leelTel — ozzezTez — kwT”ezT sgn(ez) (38)
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Furthermore, noting that W = W + W, yielding
—tr(WIW) = —tr(WT (W + W))
= —|W]? — e (W'W)
< — W]+ [WIHw]i (39)
v IWIN 10
(1 - 50"+ Jw
Next, by invoking Young’s inequality, it follows that
T Ir Ly
e1ex < -ejep+ zeen (40)

2 2

1
By combining like terms with foqelT e1 — txzezT ey, the grouped terms — (al — 2) elTel

1
and — (ocz — 2) 62T ey are obtained. Furthermore, from ||W|| < W,,, it follows that

A (o I I (i N (LR
+ gollea lIWIR = Jhollea W3 (41)
< (ks + 1)rTr — (“1 - %)6{61 - (062 - %)6’;32
Consequently, V(t) can be upper-bounded as
V(t) < —U(y) (42)

where . )
) = b+ 7+ (1= 3 )efer + (a3 ) e

Since ks > 0, a7 > 1/2, and ay > 1/2, as specified in (4) and (15), U(y) is a positive
semidefinite function. From Equations (31) and (42), it is straightforward to see that
V(t) € Leo. From the definition of V(t), we can conclude that the signals 7, e, e, W (and
thus W), and P are all bounded. According to Equations (3) and (4) and (15)—(17), this
further guarantees the boundedness of ¢4, ¢, W(W), 7, and the control input u. Therefore,
all closed-loop signals remain bounded.

Furthermore, define

D:={y e R |ly| <},

where ¢ > 0 is sufficiently large such that the y(t) remains inside D for all > 0, which
follows from the boundedness of all closed-loop signals established above. Correspond-
ingly, let

S:={yeD:Uy) <6},
where

d < min Uy (y).
lyll=¢

Then, from (35), the Lyapunov function satisfies

Ui(y) < V(yt) < Ua(y),

where U; (y) = A1]ly||? and Ua(y) = Az|ly||? are continuous positive-definite functions.
Moreover, (42) gives V(y,t) < —U(y), where U(y) is a continuous positive semidefinite
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function. Since all closed-loop signals have been shown to be bounded, the y(t) evolves in
the compact set S, where U(y) is uniformly continuous. Therefore, according to Lemma 2,
it follows that

lim U(y(t)) = 0.

t—o0

Sinceks +1>0,a7 > 1/2,and ap > 1/2, it follows that

lim 7(5)| =0, lim fler(8)] =0, lim flep(t)]| =0.

t—o0
Hence, the closed-loop system is asymptotically stable. [J

Based on the rigorous stability analysis and the derived control laws, the detailed
real-time implementation procedure of the proposed control scheme is systematically
summarized in Table 1.

Table 1. Implementation steps of the proposed control scheme.

Step  Core Implementation Task

Initialize robot initial states, controller gains and IP-cycle ESN

Step 1 hyperparameters.

Measure joint position q(t) and velocity §(t); construct tracking error ej,

Step 2 filtered error e; and auxiliary filtered error r.

HONHOEAOAOIOIE

Build network input z(t) = [q7(t), 47 (t), 4] (t),
s bi(t) via 1ntr1ns1c plasticity online

Step 3 update reservoir neuron gain aj(t) and b1a
learning rules.

Use IP-driven cycle ESN to approximate unknown lumped nonlinearity N(-),

Step 4 and update ESN output weight W by the adaptive law.

Step5 Compute the composite control input u, and apply the torque to the manipulator.

Repeat Step 2 to Step 5 in real time until the tracking error asymptotically

Step 6
converges to zero.

4. Simulation

In this section, two simulation scenarios are provided to verify the effectiveness and
superiority of the designed control scheme. The entire simulation framework is established
and carried out utilizing MATLAB R2023b on a personal computer equipped with a 64-bit
Windows 11 Professional operating system, an AMD Ryzen 7 7435H CPU@3.10 GHz, and
40 GB of system memory. The specific dynamic parameters, initial states, and reference
trajectories of the manipulator system are systematically provided in each scenario.

. Simulation Scenario 1

In this scenario, the simulation is performed on the following two-joint robotic sys-

tem [23].
M M i C C j G
11 12 71 11 12 71 1 + tT=u
My Mp| |42 Cn Cx2f (42 G2 I3
where Myy = (my + mp)r2 + mar3 + 2mpriracos(qz) + J1, M1y = mar3 + morira cos(qa),
My = mar5 + Jo, Ciy = —marirysin(qa)da, C1z = —2marirasin(q2) (41 + 42), Co1 = 0,

Cxp = marirysin(q)do, G1 = (my + mp)gry cos(q1) + magra (g1 + q2), Go = mpgra cos(g1 +
92), Fi = 0.541 + 0.3sin(g1 ), F» = 0.342 — 0.4 sin(42). my and m; are the masses of the two
joints, r1 and r; are the lengths of the joints and g represents the gravitational constant.
In this work, the system parameters are chosen as m; = 0.5 kg, m; = 1.5kg, r; = 1.0m,
rp =0.8m, J; =5kg: m?,J, =5 kg- m? and ¢ = 9.81 m/s?. The perturbation term is set
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to 7; = [—0.4sin(t),0.3sin(t)]”. The parameters in the controller are ks = 250, a1 = 3.2,
and oy = 5.75. The reservoir dimension is 100, with input and reservoir weight matrix
parameters set to v = 0.2 and p = 0.96, respectively. The update law parameters for the
output weights are k;, = 0.001 and k;, = 1.5. For intrinsic plasticity, the learning rate is
7 = 0.0008 and the expected distribution mean is = 0.4. The initial states are defined as
7(0) = [0.5,1.2] and 4(0) = [1.5,1.5]T, while the desired trajectories are g4, = sin(t) and
Gz = cos(t).

The simulation results are presented in Figures 3—6 and Tables 2—4. Specifically,
Figure 3 illustrates the trajectory tracking performance, showing that the system effectively
tracks the desired trajectory after a short transient period. Subsequently, Figures 4 and 5
compare the control performance of the RBFNN-based PI control method [24] with that
of the developed IP-driven cycle ESN under the same system model, identical reference
trajectories, and identical initial conditions. Figure 4 illustrates the tracking errors of the
two joints under different control methods. It can be seen that the proposed method exhibits
a significantly faster convergence rate and achieves smaller transient tracking errors. The
same result can also be observed from Tables 2 and 3, where the tracking accuracy and
convergence rate are quantitatively evaluated. Specifically, the integral of absolute error
J lei(t)|dt (i = 1,2) is employed to measure the tracking precision, while the integrated
squared error [ (e;(t) — 2;)%dt serves as a metric for tracking smoothness, with &; denoting
the mean error. The quantitative results verify that the proposed method significantly
enhances the steady-state accuracy while achieving a faster convergence rate across all
joints. To visually illustrate the control behaviour, the trajectories of the control inputs
are plotted in Figure 5. It can be seen that the proposed method generates significantly
smoother control inputs than the RBFNN-based PI control method, particularly during
the initial transient stage, where it effectively suppresses abrupt control variations and
avoids large control peaks. After the transient response, both methods produce similar
control signals to accomplish trajectory tracking. The quantitative comparisons presented
in Table 4 further confirm these observations, demonstrating that the proposed method
achieves smoother control inputs while maintaining comparable control effort. Figure 6
shows the evolution of the output weight norms of the proposed method. The norms of
the output weights for both joints show initial transient adjustments and then converge to
bounded, stable values, verifying that the adaptive learning rule ensures the stability of the
network parameters during the control process.

Table 2. Quantitative comparison of tracking performance indicators for Scenario 1.

J lex(2)|dt [ le2(2)|dt J(ea(t) —a)’dt [ (ex(t) —&2)%dt
RBFNN-based PI control method [24] 0.4546 0.1822 0.1032 0.01652
Proposed method 0.2366 0.0947 0.0712 0.0117
Table 3. Comparison of settling times under different methods for Scenario 1.
Settling Time of Joint1 Settling Time of Joint 2
RBFNN-based PI control
method [24] 5.6739 4.8318
Proposed method 2.1445 1.835
Table 4. Performance metrics for control signals under different methods for Scenario 1.
J lua(2)|dt J |z (t)|dt J(u(t) —m)*de [ (ua(r) —iix)?dt
RBFNN-based PI control method [24] 428.02 150.35 9717 .4 2105.2
Proposed method 427.96 145.67 1913.9 799.37
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Figure 3. Tracking process under the proposed control scheme for Scenario 1.
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Figure 4. Tracking errors comparison between the RBFNN-based PI control method [24] and proposed
method for Scenario 1.
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Figure 5. Control input comparison between the RBFNN-based PI control [24] method and the
proposed method for Scenario 1.
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Figure 6. Norms of IP-driven cycle ESN output weight for Scenario 1.

. Simulation Scenario 2

In this scenario, the expressions for M(q), C(q,4), G(q), F(4) and 7, are as follows [25]:

_ |p1+p2+2p3cos(q2) p2+ p3cos(qz)
M(q) =
p2 + p3cos(q2) p2
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. _ | —P3dasin(q2) —p3(41+42)sin(gz)
clap = l padusin(qa) 0 ]

_ | pacos(q1) + pscos(q1 + q2)
G(q) =
pscos(q1 + q2)

F(q4) = 0.2sin(4)

75 = [0.2sin(t); 0.2 sin(f)]
p = [p1, P2, p3, pa, ps] = [3.5,0.76,0.87,3.04,0.87].

The controller parameters are chosen as ks = 50, a1 = 2.4, and ap = 3.5. The neural
network parameters are set as follows: the dimension of the reservoir is 150, the positive
constants in the input layer and reservoir weight matrices are v = 0.2 and p = 0.96, the
parameters of the neural network output weight update law are k, = 0.1 and k, = 0.1,
the intrinsic plasticity learning rate is # = 0.0008, and the expected distribution mean is
# = 0.4. The initial states g and g of the system are ¢(0) = [0.5,1.2]" and 4(0) = [1,0]7,
while the desired trajectories are set as g1 = sin(t) and g4, = cos(f).

The simulation results are illustrated in Figures 7-10 and Tables 5-7. As depicted in
Figure 7, the system tracks the desired trajectory effectively. Similarly, Figure 8 illustrates
the tracking error responses of both joints. Compared with the RBFNN-based PI control
method, the proposed method provides faster transient convergence and smaller steady-
state error bounds. The enlarged views further confirm its tighter convergence toward
zero. This enhancement in tracking precision is mathematically verified by the tracking
error performance metrics in Table 5, which demonstrate lower integrated absolute errors
and smaller variances for the proposed approach. Furthermore, Table 6 evaluates the
system’s transient responsiveness. It shows that the proposed method achieves shorter
settling times for both joints. Finally, to illustrate the corresponding control behavior, the
trajectories of the control inputs are plotted in Figure 9. Although both methods achieve
smooth steady-state control, the proposed method effectively reduces the initial control
peaks, leading to a smoother transient response. This noticeable improvement in control
smoothness is fully supported by the performance metrics presented in Table 7, where the
reduced variance values confirm that the proposed scheme effectively suppresses undesired
oscillations while maintaining a more economically efficient control energy expenditure.
Figure 10 shows the evolution of the output weight norms of the IP-driven cycle ESN. The
weight norms rapidly converge to constant values and remain bounded throughout the
control process, demonstrating the stability of the proposed adaptive learning scheme.

Table 5. Quantitative comparison of tracking performance indicators for Scenario 2.

[lex(®)|dt  [lea(t)|dt [ (ex(t) —&1)?dt [ (ex(t) — &2)dt

RBFNN-based PI control method [24] 0.4552 0.1821 0.1033 0.0165
Proposed method 0.3236 0.1244 0.1004 0.0153

Table 6. Comparison of settling times under different methods for Scenario 2.

Settling Time of Joint1 Settling Time of Joint 2

RBFNN-based PI control
method [24] 5.6974 4.8364
Proposed method 2.8468 2.4276
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Table 7. Performance metrics for control signals under different methods for Scenario 2.

[lua(O)ldt [ lua(D)]dt [ (ua(t) —@)?dt [ (ua(t) — a)*dt

RBFNN-based PI control method [24] 87.353 29.357 2947.2 210.78
Proposed method 84.162 28.495 345.13 48.375
Desired trajectory
= == Actual trajectory = \

1 L .

0.5 E

- e ]

05 g

=4 1 J

=15 -1 -0.5 0 0.5 1 1.5

4 /A

Figure 7. Tracking process under the proposed control scheme for Scenario 2.
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Figure 8. Tracking errors comparison between the RBFNN-based PI control method [24] and proposed
method for Scenario 2.
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Figure 9. Comparison of the control inputs generated by the proposed method and RBFNN-based PI
control method [24] for Scenario 2.
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Figure 10. Norms of IP-driven cycle ESN output weight for Scenario 2.

5. Discussion

The simulation results presented in Section 4 demonstrate the superior performance
of the proposed method compared with the RBFNN-based PI control approach in terms
of tracking accuracy, convergence speed, and control input smoothness. As shown in
Figures 3, 4, 7 and 8 and quantified in Tables 2 and 5, the proposed scheme achieves higher
tracking precision. Moreover, the shorter settling times reported in Tables 3 and 6 indicate
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a faster convergence rate. In addition, the smoothness of the generated control inputs is
clearly demonstrated by Figures 5 and 9 and quantitatively validated by Tables 4 and 7.

Despite these advantages, several limitations of this study should be recognized. First,
the theoretical validation and performance evaluations were established under ideal nu-
merical simulation environments, which omit critical non-ideal practical constraints such
as high-frequency sensor noise, actuator dead zones, and discrete sampling delays. Second,
the reference trajectories tested in this work are entirely smooth continuous functions.
In realistic industrial applications, controllers must frequently handle sudden trajectory
modifications or non-smooth command abruptions. Addressing these practical gaps by
enhancing the controller’s resilience to discontinuous trajectories and conducting phys-
ical validation on an experimental hardware platform will be the primary focus of our
subsequent research.

6. Conclusions

This paper develops an IP-driven cycle ESN integrated with RISE robust control to
realize asymptotic trajectory tracking of uncertain robotic manipulators, where the cycle
reservoir cuts network computation burden and intrinsic plasticity improves the network’s
approximation ability for time-varying nonlinearities, the adaptive law prevents neural
weight drift and the RISE term compensates residual approximation errors and external
disturbances, and Lyapunov analysis rigorously proves closed-loop signal boundedness
and asymptotic convergence of tracking errors. Quantitative results from two simulation
scenarios demonstrate that the proposed method outperforms the RBFNN-based PI control
approach in terms of tracking accuracy, convergence speed, and control input smoothness.
However, this study possesses several inherent limitations. First, all validation results
were obtained under ideal numerical simulations without considering non-ideal factors
such as practical sensor noise, actuator dead zones, and sampling delays. Second, the
reference signals considered in this work are entirely smooth functions, without considering
trajectories with some abrupt changes. To address these drawbacks, future work will be
dedicated to improving our controller to adapt to abrupt trajectory changes and conducting
physical hardware experiments.
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