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1. Introduction

Upper-limb exoskeleton robots, particularly those with a
5-DOF configuration, have garnered significant attention
for their potential to aid in rehabilitation and support
elderly or disabled individuals [1]. These robots enable
users to perform precise arm and body movements along
desired trajectories, making them invaluable for improv-
ing mobility and independence. However, controlling
such robots is inherently challenging due to system non-
linearity, uncertainties in dynamics, and the complexity
of managing multiple inputs and outputs. These chal-
lenges are further intensified by the need for stability,
adaptability to dynamic environments, and responsive-
ness to varying user conditions [2]. Effective control

is crucial to address these complexities, ensuring the
robot operates harmoniously with the user’s intentions
while mimicking natural arm motion. This is especially
important in rehabilitation, where accurate and adap-
tive control can significantly enhance outcomes such
as improved muscle strength, range of motion, and mo-
tor coordination. Vaziri and Fang propose an optimal
inferential control framework for convolutional neural
networks, addressing the challenge of controlling com-
plex spatio-temporal systems by transforming the control
problem into a probabilistic inference task [3].

Various control strategies have been proposed for
the trajectory control of 5-DOF upper-limb exoskeleton
robots. Sliding Mode Control (SMC) is widely used due
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to its robustness in managing external disruptions, non-
linearities, and uncertainties, ensuring fast and dynamic
responses for precise trajectory tracking. However, SMC
faces a major limitation in the form of chattering, which
can cause instability and performance degradation [4].
To address this, Dynamic Sliding Mode Control (DSMC)
has been introduced as a higher-order variant of SMC,
incorporating two sliding surfaces to effectively suppress
chattering, resulting in smoother control signals and
improved system stability [5]. Cooperative deterministic
learning-based formation control for nonlinear mechani-
cal systems under complete uncertainty involves using
artificial neural networks to enhance distributed learning
and knowledge consensus, enabling these systems to
track complex formations despite uncertain dynamics
[6]. This work enhances precision in sustained visual
attention training by fine-tuning classifiers through of-
fline EEG signal analysis. Techniques like SVM and RF
models are used to decode attentional states, achieving
notable accuracy and AUC values, thereby improving
system efficacy [7].

The conventional SMC approach struggles with en-
suring finite-time convergence. To overcome this, Ter-
minal Sliding Mode Control (TSMC) was developed,
addressing infinite settling time and ensuring finite-time
convergence [8]. Additionally, TSMC enhances the
system’s convergence rate, providing the dual benefits
of faster convergence and guaranteed finite-time state
achievement [9, 10]. This paper presents a finite-time
continuous terminal sliding mode control strategy for
servo motor systems, which can achieve fast and precise
tracking control, and guarantee finite-time convergence
and robustness against uncertainties and disturbances.
Babaey and Ravindran propose GenSQLi, a generative
Al framework leveraging large language models to au-
tomatically create and evolve Web Application Firewall
rules for defending against SQL injection attacks [11].
Babaey and Ravindran propose GenXSS, an Al-driven
framework that automatically generates and validates
sophisticated XSS attack payloads to test and improve
web application firewall defenses [12]. Nasri et al. ex-
plore using eye-tracking data combined with machine
learning to detect cognitive load during complex virtual
reality training tasks, demonstrating the feasibility of
predicting cognitive load through pupil dilation and fix-
ation duration [13]. This paper introduces an adaptive
control strategy for spur gear systems using proximal
policy optimization and attention-based learning, aim-
ing to improve system performance and fault tolerance
under varying operational conditions [14]. This paper
proposes a composite distributed learning approach for
nonlinear multi-agent systems with uncertain dynamics,
enabling synchronization through adaptive control and
parameter estimation. The method ensures convergence
and stability without requiring prior knowledge of the
agents’ dynamics [15]. This paper presents an adaptive
formation learning control strategy for cooperative au-
tonomous underwater vehicles operating under complete
uncertainty, ensuring precise formation tracking without
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prior knowledge of system dynamics. The approach com-
bines adaptive control with iterative learning to improve
performance over repeated tasks [16].

The efficacy of the conventional SMC strategy depends
heavily on its parameter values, making the task of ob-
taining these parameters a key challenge. To address this,
intelligent systems like fuzzy logic and neural networks
have emerged as promising solutions. These methods
optimize controller parameters, improving the perfor-
mance and adaptability of the SMC strategy. An adaptive
intelligent controller can also enhance robustness against
uncertainties and external disturbances. Conventional
neural network controllers face challenges like local
optima, slow convergence, and high time consumption.
To overcome these issues, the Extreme Learning Ma-
chine (ELM) neural network was introduced, offering a
solution for real-time control applications. ELM uses a
single hidden layer and has been applied in various fields,
including control, synchronization, and identification
[17]. Nasri et al. present a virtual reality training appren-
ticeship for teaching novices the complex process of cold
spray advanced manufacturing, offering a step-by-step
training solution that addresses the spatial and procedural
learning requirements of this technology [18]. Vaziri,
Askari, and Fang propose Bayesian Inferential Motion
Planning (BIMP) enhanced by heavy-tailed distributions,
specifically Student’s-t distributions, to improve prob-
abilistic search efficiency and explore low-probability
regions in motion planning [19]. Ghajari et al. propose
a hyperdimensional computing framework for intrusion
detection in IoT networks using the NSL-KDD dataset,
achieving a high accuracy in identifying and classifying
various attack types and normal traffic [20]. Ghajari et
al. propose a novel network anomaly detection approach
using HDC techniques on the NSL-KDD dataset, achiev-
ing an accuracy of 91.55% on the KDDTrain+ subset
[21]. This paper evaluates the accuracy and reliability of
statistical forecasting and predictive intelligence methods
using a stochastic dataset, highlighting their effective-
ness in handling uncertainty and variability in advanced
manufacturing applications [22]. This paper proposes
an adaptive-intelligent controller for quadcopters based
on brain emotional learning, aiming to enhance stability
and performance in the presence of uncertainties and
nonlinearities [23]. This paper compares the effective-
ness of multilayer perceptron (MLP) neural networks
and logistic regression in modeling sustainability de-
terminants, highlighting the superior performance of
MLP in handling complex, nonlinear relationships [24].
This paper presents a deep learning-based method for
automated detection of microcracks in second harmonic
generation images of cartilage, improving the accuracy
and efficiency of early osteoarthritis diagnosis [25]. This
paper explores the role of artificial intelligence and ma-
chine learning in optimizing supply chain operations,
emphasizing their ability to enhance demand forecasting,
inventory management, and logistics planning [26].

Building on previous research, this study introduces a
novel Adaptive Dynamic Terminal Sliding Mode Con-
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troller (ADTSMC) with an exponential reaching law,
specifically tailored for the position control of 5-DOF
upper-limb exoskeleton robots. The key contributions of
the proposed method are as follows:

o Terminal Sliding Mode Surface for Finite-Time
Convergence: A TSMS is proposed to achieve
finite-time convergence of the system states. This
innovation ensures that the system trajectories are
guided toward the desired states within a prede-
fined time frame, significantly enhancing tracking
accuracy and responsiveness.

e Dynamic Second-Order Sliding Mode Control
with Exponential Reaching Law: The controller
integrates DSMC with a novel exponential reach-
ing law to address chattering phenomenon. This
innovation ensures smoother control inputs and im-
proved system stability, reducing mechanical wear
and enhancing the reliability of robot operations.

o Adaptive Control through ELM: The incorpora-
tion of the ELM neural network enables real-time
adaptation by learning and optimizing controller pa-
rameters dynamically. This direct adaptive mecha-
nism ensures robustness and adaptability in the face
of uncertainties and varying operating conditions,
a critical advancement for practical applications.

o Addressing Complex Dynamics with ELM Neu-
ral Network: The proposed strategy leverages the
ELM network to effectively model and compensate
for the intricate nonlinear dynamics of the 5-DOF
upper-limb exoskeleton. By avoiding challenges
such as gradient vanishing in traditional neural
networks, the ELM provides a stable and efficient
learning process, ensuring precise control under
complex scenarios.

These contributions mark a significant step forward in
adaptive control strategies for upper-limb exoskeleton
robots, focusing on robustness, stability, and precision in
dynamic and unpredictable environments. The proposed
control strategy effectively addresses key challenges in
exoskeleton robot control, such as convergence, stability,
adaptability, and the handling of complex dynamics.
The performance of the strategy is validated through two
simulation scenarios, where it outperforms other position
control methods. Additionally, a comparison with the
SMC integrated with Fuzzy Neural Networks (FNN),
as proposed in [27], demonstrates the superiority of the
proposed method, highlighting its improved performance
and reliability for practical use.

The organization of this paper is as follows. Section 2,
describes the dynamic model of 5-DOF upper-limb
exoskeleton robot. Section 3 presented the proposed
control strategy. Section 4 presents various simulation
scenarios, and the study’s findings are summarized in
the concluding Section 5.
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2. Method

2.1 System description

This section derives the dynamic model of the 5-DOF
exoskeleton robot, providing a detailed explanation of
the equations through both Lagrange and state-space
formulations. The 5-DOF upper-limb exoskeleton robot
consists of a series of interconnected links and joints,
which work together to enable movement in different
directions. The robot has 5 links, each representing a
DOF, and these links are connected by joints that allow
for movement between them. Each joint has a specific
range of motion, which enables the robot to move in a
specific way, providing a range of motion that allows the
robot to perform various tasks. Equation (1) represents
the exoskeleton robot using Lagrange equations, which
are formulated based on [28].

M(@g+C(q.q)g+g(q)+J (@f =7 (1)

where ¢, ¢, § € R’ represents the position, velocity,
and acceleration vectors of the robot, respectively, T
are the torque inputs and external disturbances, J is
the Jacobian matrix, f is the input disturbance, M(q)
denotes the inertia matrix, C(q,§) is the coriolis and
centripetal matrix, and g(q) is the gravity vector. The
more information about the M(q),C(q.9), g(g) and the
nominal inertial and gravitational constant parameters
are presented in [28]. Equation (1) is reformulated by
letting x; and x; represent g and ¢, yielding equation (2).

M(x1)x2 + C(x1,x2)x2 + g(x1) +J' (x1,x2)f =u (2)

In this equation, f represents the external disturbance,
and u represents the control input. According to (2),
the state space of the robot is transformed to state space
model

X1 =Xx2 3)
X2=F+Gu x-= [)C],)C2,.X3,X4,X5]T

F = -M~'(x)[Cx1.x2)x3 + gxy) + JT f] and G =
—M~1(x1). To facilitate a clearer understanding of the
dynamic model described in equation (3), the following
assumptions are made.

Assumption 1: All state vectors are assumed measur-
able, obtainable from sensors, and twice differentiable,
ensuring continuous first and second derivatives essential
for control laws based on velocity and acceleration.
Assumption 2: The external disturbance i.e., f is a low
frequency and bounded signal.

Assumption 2 states that the external disturbance, de-
noted as f, is a low-frequency and bounded signal. This
assumption is grounded in practical scenarios and sys-
tem constraints, considering the impact of disturbances
on system dynamics. “Low frequency” implies that
disturbances vary at a rate significantly lower than the
system’s operational bandwidth, focusing on dominant
influences. The term “bounded” emphasizes limitations
on disturbance amplitude, crucial for stability, given
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that disturbances primarily arise from user forces and
human-robot interactions.

The disturbances primarily originate from forces ap-
plied by the human operator, capturing the dynamic and
unpredictable nature of human-robot interactions. The
disturbance signal’s nature closely mimics variations in
human-applied forces, aligning with the study’s commit-
ment to authenticity. Figure 1 illustrates the schematic
diagram of the 5-DOF upper-limb exoskeleton robot
[28].

Figure 1. Schematic of the 5-DOF upper-limb exoskeleton robot.

2.2 DTSMC controller

The desired output i.e., the desired state vector is defined
as Xq = [X14, X2d X34, X44> X54]" ; as a result, the tracking
error is defined as

X=x-Xxg4 4)
x1 = [(x1 = x1a), (%2 = X24), (X3 = X30), (X4 — X44),
(x5 — x54), 1" = [31,%2, %3, %4, %5] "

;2 =F + Gu —xyq

where ¥ denotes the tracking error vector. Based on
assumption (1 — 2), the derivative of (4) is achieved as

¥3=F+Gu+Gu 3)
Xy =iy —¥ = F+ G+ Gu—iy
DTSMC sliding surfaces are introduces in (6)-(7).

s =X + a1x @ >0, seR’ (6)
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o =5+ as|”sign(s) x>0, 0<y<2, o€eR’
(N
where s and o0 € R’ are the first and secondary 5-
dimensional DTSMC sliding surface vectors, respec-
tively, and @, a7, and | are the nominal parameters.
Remark 1: Within equations (6)-(7), these three
parameters encompassing @, a», vy wield significant
influence over critical facets of the DTSMC surfaces.
These parameters intricately impact the convergence rate,
the attenuation of chattering, and the overall stability of
the system.
Manifestly, the temporal derivatives of the DTSMC
surfaces are elegantly expressed as follows:

s Z;z +(X]’JZ2, (8)

o =5+ayls|” s )

the second derivative of (9) is represented for implement
of DTSMC surfaces as

§=X2+a1X2 (10)

using (10), the derivative of the secondary DTSMC
sliding surfaces is presented as

o =5 +ayls) (2 + i) (1
substitute (10) into (11) yields
=X ta oyl 0 ra®)  (12)
by using (5), (13) can be achieved as
o=F+Gu+Gu+a(Xs+a%2)— (13)
foq + yls|” T (6 + iX) =
F +Git + Gu + (a) + aryls|” ") (X2 + a1%3) — ¥2a

with respect to (13), the derivative of the second sliding
surface must be considered as zero. Since the derivative
of the equivalent term of control signal is obtained as

ity =— G (F + Gu+ (a) + aayls|”™h) (14)
(X2 + @1X2) — ¥2q)

therefore, (15) demonstrates the equivalent term of the
proposed control signal.

T
ueqz_/ G\(F + Gu+ () + anyls|”™")  (15)
0

(¥2 + @1X2) — ¥24)

where T is the simulation time. Equation (1) presents
the proposed exponential reaching term of the control
signal.

T n
Uy = — / G! ZK,-lsign(O'i)+ (16)
0 i=1
n

> Koloi|"sign(o)+

i=1

D (K7l — 1)sign(o)d

i=1
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where n represents the number of control signals and is
set to five.

Lemma 1: Considering, positive definite and a radi-
ally unbounded function V that satisfies the inequality
V(x) + L1V(x) <0, where L > 0, it is shown that the
tracking error of the robot system, as described in (1),
converges to zero in finite time, thereby ensuring the
closed-loop stability of the system.

Theorem 1: Consider the system (1), with respect to
the assumptions (1)-(2) and the proposed control signal
(17), Lemma 1 is fulfilled in a finite time.

T
u:_/ G ' (F+Gu+(ar+ayls|”™") (17
0

(X2 + a1X2) — ¥2a)+

n
Z K; sign(o;)+
i=1

n
> Koloilsign(oy)+

i=1
n
Z(Klglo-il — 1)sign(o)dt
i=1
Proof.

Egs. (18-19) expresses the Lyapunov candidate func-
tion and its derivative.

Vi = %0‘2 (18)
Vi=o0 (19)
Eq. (19) is turns into (20) based on (13) and (17).
Vi =0 (F + G+ Gu+ () +aryls]”™) (20)
(¥2 + 1 %2) — ¥24)
Vi=0(F+G(G Y(F+Gu+ () +aayls|”™)

n
(X2 + a1X2) —¥2q) + Z Kiisign(oi)+
i1

n
D Koloi|"sign(o)+
i=1

D (Kl = 1)sign(o)+
i=1

Gu + (a1 + axyls|” ™) (¥ + a1X2) — ¥24)

with simplification of (20), yields

Vi =-0o (((K3|"| — 1+ Kj)sign(o) +K2|0'|0'5sign(0'))
(2D
Eq. (21) is divided into two parts as follows.

Vo= (G- + K)ol 20 @2)

Viea = Kalor|'P >0 (23)

Both of these terms are semi-positive definite, which
implies that their sum must also be semi-positive definite.
Consequently, we have:

Vi <0 (24)
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According to LaSalle’s Invariant Set Theorem, when o
= 0, the derivative of the Lyapunov function V, vanishes,
indicating that the system will reach a state where o~ = 0.
At this point, the state tracking error will converge to zero,
which ensures global finite-time stability. Therefore, it is
guaranteed that the system’s tracking error asymptotically
approaches zero as time progresses.
Q.E.D.

23 ELM

ELM is a type of single-hidden layer feedforward neural
network that relies on randomly generated initial values
for its parameters. Specifically, the weights and biases
of the hidden layer are randomly initialized without any
prior knowledge, and remain constant throughout the
training and testing process. In contrast, the output layer
parameters, including the weights and biases, are trained
using gradient descent or other optimization algorithms,
allowing the model to learn and adapt to the data. This
unique approach enables ELM to achieve fast and ef-
ficient training, making it a popular choice for a wide
range of applications [29]. This paper employs a direct
adaptive approach to estimate the optimal values of the
controller parameters. The ELM contains three vectors
of the system states, tracking errors, and secondary slid-
ing surface (x, X, o) and two vectors of the controller
parameters (I? 1, 1?2). The estimated parameters using
the proposed ELM is represented as

K (x,%,0|Wi,B)) = (25)
WI(H(x,%,0)) + B, = W (H) + B,

K> (x,%,0|W2, Bs) = (26)
W!I(H(x,%,0)) + B, = W] (H) + B,

Here, VT/I, and WQ represent the estimated weights, B 1
and B, are the estimated biases of the output layer weights
K 1, i(\z respectively, while w, and b denote the weights
and biases of the hidden layer. The optimal parameter
of W} and B}, can be defined as follows.

(W;, B}) = argmin[sup |K} - K\ (x,%, o'Wy, B))]

R L)
(W3, B;) = argmin[sup |K; — K»(x, X, 0| W2, B2)|]
(28)

where Wl* ,and W; denote the optimal weights, B, and

B; are the optimal biases of K 1, 1?2, respectively. As a
result, the error estimates of the optimal parameters are
defined as

W, =W, -W,, B, = B} - B, (29)
Wy =W; —W,, B, = B — B, (30)

According to (27)-(30), the estimation error of K 1, I?z
are presented in (31)-(32).

K| (x.%,0|W), B)) = 31)
K} - Ki(x.X,0|W,B)) = W (H) + B,
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K> (x,%,0|W>, By) = (32) By substituting the optimal values of the controller

K’; _ 1?2 (. %, 0_“7‘,2, Ez) _ WzT (H) + Ez parameters, (40) turns into (41).
The initial values of the tunable parameters in ELMs vy = U(((K3|‘T| -D+ WlT(H) + §1)sign(0)+
can be randomly selected, and the output weights and
biases are adaptively adjusted using adaptive control WT H) + B oS sion(o ) _z W
laws derived from the Lyapunov candidate function. (W; (H) 2)| | gn(@) 121 lZ st
2.4 Stability analysis of ADTSMC using ELM 2% & 2 & s

. . . . .- __ZZ lJZWUZ__ZE?Bi
This subsection investigates the Lyapunov stability of the = ‘5 =
proposed ADTSMC integrated with the ELM, employing (41)
Theorem 2 for the stability analysis.
Theorem 2: Considering the 5-DOF upper-limb . o] ~ ~ T ~
exoskeleton robot system and the assumptions (1-2), Vo= —o| | (K571 = 1) + Wi (H) = Wi (H) +W" (H)+
. . . . . —/—/
Lemma 2 is satisfied, if the control signal is expressed as T
S|
T -~ —~ ~ .
u=— / G Y F+Gu+ (o +aayls]”™)  (33) B - B] +B’[)sign(«r)+( Wy (H) - W;" (H) +W;" (H)+
0 —_———
(X2 + @1X2) — ¥2q) + Ky sign(o)+ =-B =—WI (H)

Koo |*Ssign(o) + (K51 = 1)dr C

P
2 VWi

B, - B} +§;) lo|%sign(o) | -

S~

. . — j=1i=1
with the adaptation control laws as (34)-(37) -5
o n 7 & 2 .
Wi =-Jlol(H) (34) = WIaWiin - BB,
2 n JZ; Z ij J n ; [ !
= 42
B =-Jio] (35) @
(42) is divided into three parts as
o n . . — -~
Wy = —§|0'|] >(H) (36) Vooy =0 (W] (H) + By + W' (H) + B})sign(o)—
§2=_g|a-|1-5 37) —ZZ 1W111——3131
j=1i=
Proof. A Lyapunov candidate function is proposed as 43)
given in equation (38). ) _ .
Vo_y = (W1 (H) + B> + W;T (H) + B3)|o’|
1, lnp"T" = 2~ =~ (44
Va=zot+ s ; 2, Wi Wi+ (38) sign(o) ~ Z Z Wil — BaBs
=1 i= ] 1i=
1 n p 1 2
~T ~. . pa— ~. ~. .
DIPNUEIAPICE Vaos = o (K37 = 1)sign(o) (45)

The estimation error i.e., Wy, By, W5, and B; converge to

Eq. (39) gives the derivative of the L didat
d- (39) gives the derivative of the Lyapunov candidate zero using (34)-(37); and thus (43)-(45) can be expressed

function
as

. _ T EN e _

Va =06 — = Z Z Ilel (39) Ve-1 =~ (Wi (H) + By)sign(@) = (46)
Ui (W (H) + B)or|

L 2 & s Voo = —o(W:T (H) + BS)|or|“Ssign(o) =

T_IZZ IJZWtJZ_ T_]ZBl Bl 2= 2 2 ¢ ) 47
SL = W3 (H) + Byler|?

With replacing (32) into (39), (40) is achieved as follows .
Vo3 = =0 (K311 = D)sign(o) = (K3!7! - 1)|o|

V=0 (((K3|‘f| ~ 1)+ R))sign(o) + (1?2)|a|°-5sign(a))

(48)

2 .
-z Z Z Wl 1W,,1 _z Z Z wr 2Wz;2 _2 Z BTB; According to (46)-(48), the three parts of V, are the non-
=g M3 = miz positive part; hence the time derivative of the Lyapunov

(40) candidate function can be expressed in (49).
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V2 = V2_1 + V2_2 + V2_3 <0 49)

As per the LaSalle Invariant Set Theorem, the set of
states for which V5 will be the largest invariant set where
o = 0, which indicates that the tracking error o= will
asymptotically converge to zero. Hence, the system’s
state will eventually enter the region where V,, which
corresponds to o = 0.

Furthermore, applying Barbalat’s Lemma, we know
that if the time derivative of a Lyapunov function is nega-
tive semi-definite and the Lyapunov function is bounded,
then the state converges to zero asymptotically. Since
V, < 0 and V5 is bounded, this ensures that the tracking
error o converges to zero in finite time. Therefore, the
closed-loop stability of the system is guaranteed, and the
proof is complete.

Q.E.D.

Figure 2 depicts the block diagram of the proposed
ADTSMC with an exponential term and the ELM for the
position control of the robot.

The ADTSMC with ELM, while offering robust per-
formance, may encounter challenges with computational
complexity, particularly in systems with high degrees
of freedom or dynamic environments, which could slow
real-time adaptation. Additionally, the performance of
the ELM network is sensitive to initial conditions and
requires careful tuning for optimal results. Lastly, when
scaling to larger systems or implementing in real-time
applications with limited computational resources, there
may be a need to balance performance with computa-
tional efficiency to ensure effective operation.

The initial parameters are set as follows: a; = 1.5, a»
=0.75,y=13,K; =9.5,K, =7.1,and K3 = 1.25. The
ELM has one layer with 10 neurons. These parameters
were obtained through a trial-and-error process, where
different values were tested to balance convergence,
stability, and robustness, ensuring the system adapts
effectively to uncertainties and disturbances.

3. Results and discussion

This section presents the evaluation of the proposed
control approach through two distinct scenarios, aiming
to demonstrate its generality, robustness, and superiority.
The performance of various control methods, including
SMC, DSMC, DSMC with exponential term, DTSMC

with exponential term, and ADTSMC with exponential
term, is compared. Additionally, the performance of the
adaptive SMC with fuzzy neural network proposed in
[27] is assessed to verify the effectiveness of the pre-
sented ADTSMC with exponential term. To facilitate
a comprehensive evaluation and comparison, statistical
analysis is employed, including Integral Square Error
(ISE), Integral Time Square Error (ITSE), Average Chat-
tering Magnitude (ACM), and Control Energy (CE). The
formulas for these performance indices are provided in
equations (50)-(53).

T
ISE = / T xdt (50)
0

T
ISE = / txXTxdt (51)
0
ACM = RMS(Vx'% — VxaTxa) (52)

T
CE = / (uu)dt (53)
0

It’s worth noting that in the context of these performance
metrics, lower values are generally preferred. For exam-
ple, a smaller CE value indicates more efficient control
efforts, while lower values for ISE, ITSE, and ACM sug-
gest improved trajectory tracking and reduced chattering
effects. The 5-DOF upper-limb exoskeleton robot system
models, along with the various controllers, are imple-
mented and simulated using the MATLAB/SIMULINK
environment.

3.1 First scenario

In this scenario, the desired trajectory is supposed as

3

2
x4(0) =[sin(¢ + g) sin(t + ?ﬂ) sin(t + 5

)s
4
sin(z + ?ﬂ), sin(z + 6?”)].

The initial states are set to zero, and the system is
not affected by external disturbances. To enhance the
clarity and readability of the figures, we have chosen to
display the state trajectories for x3 and x5, along with
the control signals u3 and us. This focused presentation
aims to improve visual coherence and facilitate a clearer

Equivalent Term of f
Control Signal (15)

s=7%X, + 1%

o = § + ay|s|”sign(s)

X4 m X1 First Terminal s Second Terminal
+

Sliding Mode Sliding Mode
d zz Surface (6) Surface (7)

o

Exponential Reaching 5-DOF Upper-Limb X1

Term of Control Signal Exoskeleton Robot
(16) Uy 3)

X2 Extreme Learning Machine

Figure 2. Block diagram of the ADTSMC with exponential term for position control of the robot.
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DSMC+Exp.
DTSMC+Exp.
——— ADTSMC+Exp.

Reference

—— ASMC+FNN (Mushage et al.)

Time (sec)

Figure 3. The trajectory of x3 using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with exponential term,

and ASMC with FNN [27] in the first example.

1.5~

0.5

A

- - -sMC
- - - DSMC
DSMC+Exp.
DTSMC+Exp.
——— ADTSMC+Exp.

Reference

~——— ASMC+FNN (Mushage et al.)

Time(sec)

10

Figure 4. The trajectory of x5 using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with exponential term,

and ASMC with FNN [27] in the first example.

120 T
T ——SsMC
DSMC
100 - DSMC+Exp. !
DTSMC+Exp.
~——— ADTSMC+Exp.
80 ——— ASMC+FNN (Mushage et al.) ||
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-40 . :
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Figure 5. The third control signal (u3) using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with exponential

term, and ASMC with FNN [27] in the first example.
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Figure 6. The fifth control signal (u5) using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with exponential

term, and ASMC with FNN [27] in the first example.

——— DSMC+Exp.
3.5 —— DTSMC+Exp.
) —— ADTSMC+Exp.
4 L | 1 L 1 1 L | |
0 1 2 3 4 6 7 8 9 10

Time (sec)

Figure 7. The first sliding surface (s) in the DSMC with exponential term, DTSMC with exponential term, and ADTSMC with exponential term in the

first example.

interpretation of the results. The results of the first
scenario are presented in figures 3- 9 and Table 1.

Figures 7 and 8 show the profile of the sliding surfaces
over time in the first example.

According to Figures 7- 8, defined in equations (6)
and (7), demonstrate their convergence and boundedness,
which are crucial for assessing the control performance
of DSMC, DTSMC, and ADTSMC. The sliding sur-
face s converges to zero over time, indicating effective
error reduction, with DTSMC and ADTSMC achiev-
ing faster convergence and better dynamic adaptation
compared to DSMC. The boundedness of ss is evident,
with minimal overshoots and oscillations, ensuring sta-
bility. Similarly, o~ shows smooth convergence to zero,
reflecting stabilization of the sliding surface dynamics.
DTSMC displays a less aggressive decay with reduced
oscillations, while ADTSMC further enhances robust-
ness against disturbances. Overall, the plots validate
the superior performance of DTSMC and ADTSMC

¢ https://dx.doi.org/10.57647/mjee.2026.2001.05

in terms of faster convergence, smoother behavior, and
robust boundedness of s and o~ compared to DSMC.
Figure 9 illustrates the adaptive control gains in
ADTSMC with an exponential term in the first example.
Based on the Fig. 9, these gains of K and K, adjust
dynamically to system uncertainties and disturbances,
ensuring stability and performance by modulating the
control effort based on system requirements. Smooth
transitions in the gain profiles suggest robustness, pre-
venting instability and excessive oscillations. The adap-
tive control laws govern the real-time updates of the
parameters Wl, VT/Q, El, and Ez, which are influenced
by the system’s state and sliding surface information.
The laws slow adaptation when the error approaches
zero, preventing abrupt changes near equilibrium, and
accelerate convergence during high-error conditions, en-
suring precise control as the error diminishes. These
dynamic adjustments enhance the system’s robustness
and effectiveness, particularly in real-world applications
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16
’7 DSMC+Exp.
DTSMC+Exp.
——— ADTSMC+Exp.

Time (sec)

Figure 8. The second sliding surface (o) in the DSMC with exponential term, DTSMC with exponential term, and ADTSMC with exponential term in
the first example.

2

S

G}

0 | 1 | | | | | | 1 |
0 1 2 3 4 5 6 7 8 9 10
Time (sec)
Figure 9. The adaptive control gains in ADTSMC with exponential term in the first example.

such as robotics, where the system must adapt to un- 3.2 Second scenario
predictable environments. The adaptive gains ensure In this scenario, the desired trajectory is supposed as

stability and performance by enabling the system to re-
spond to varying conditions while minimizing control
effort.

3

5)

2
x4(0) =3 * [sin(0.8¢ + g), sin(0.8f + ?”), sin(0.8¢ +

4 6
sin(0.87 + ?”), sin(0.8¢ + ?”)].

Table 1. Control results in the first example using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with
exponential term, and ASMC with FNN [27].

Controller ISE (m?) ITSE (m?sec) CE ((N-m)?sec) ACMn (m)

SMC 3.6057 4.4902 328947.46 9.7446 x 1072
DSMC 3.6318 3.3252 11887.85 7.1734 x 1073
DSMC with exponential term 1.7971 0.8160 9324.22 5.1365 x 1073
DTSMC with exponential term 0.9736 0.2467 6364.05 4.6420 x 1073
ADTSMC with exponential term  0.6231 0.1053 5336.67 4.0559 x 1073
ASMC with NN [27] 2.4258 1.4845 12505.46 9.1431 x 1073
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The initial states are considered as

x(0) = [0.8,0.8,-2,-2,0.2]

%(0) = [-0.8,-0.8,2,2,-0.2]

and the external disturbance is presented as

f(t) =5 [sin(3t), sin(3r + 2?”), sin(37 + 3?”),

sin(3r + %), sin(3t + 6?ﬂ)] s« u(t—15).

where u(?) is the step function. Disturbances in the sys-
tem primarily arise from the forces applied by the user
and the intricate interactions between the human operator
and the robot. These inherent disturbances, stemming
from the dynamic nature of human-robot interaction,
highlight the indispensable need for employing a sophis-
ticated controller to ensure effective trajectory tracking.
In the second scenario, the length of the arm is increased

x3(m)

When the disturbance is appligd

by 20% to introduce parametric uncertainty. Addition-
ally, a trajectory error plot is included to provide a more
comprehensive comparison. The performance of the
controllers in this scenario is presented in figures 10- 18
and Table 2.

The sliding surfaces are illustrated over time in fig-
ures 16 and 17.

Equations (18) and (19) demonstrate the convergence
and boundedness of the sliding surface ss, which are
key for assessing the control performance of DSMC,
DTSMC, and ADTSMC. Over time, ss converges to
zero, showing effective error reduction, with DTSMC
and ADTSMC achieving faster convergence and better
dynamic adaptation than DSMC. The boundedness of
ss is maintained, ensuring stability, and o smoothly
converges to zero, reflecting stabilization. DTSMC
shows a less aggressive decay with fewer oscillations,
while ADTSMC outperforms all, offering the fastest
convergence, smoothest behavior, and best robustness
against disturbances. Overall, ADTSMC demonstrates
superior performance compared to DSMC and DTSMC.

= = =SMC
= = = DSMC
DSMC+Exp.
——— DTSMC+Exp.
~——— ADTSMC+Exp.
ASMCH+FNN (Mushage et al.)
Reference

10
1

10.2 104 1016 10.8

4 | I
0 5 10

15

20 25 30

Time(sec)

Figure 10. The trajectory of x3 using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with exponential term,

and ASMC with FNN [27] in the second example.

----- DSMC
DSMC+Exp.
—— DTSMC+Exp.
——— ADTSMC+Exp.
ASMC+FNN (Mushage et al.)
Reference

When the disturbance is applied
1

1

96 98 10 10.2 10.4 10.6 10.8

0 5 10

15

20 25 30

Time (sec)

Figure 11. The trajectory of x5 using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with exponential term,

and ASMC with FNN [27] in the second example.
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500
———sMC
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DSMC+Exp.
400 - ——— DTSMC+Exp.
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~——— ASMC+FNN (Mushage et al.)
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—
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Figure 12. The third control signal (u3) using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with
exponential term, and ASMC with FNN [27] in the second example.

—
g
=z -200r ° ‘ .
=
) -5 .
S 2500 4 | -
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-350 - 5 _ ——DsMC
. . . . . | DSMC+Exp.
400~ O 0.02 0.04 0.06 0.08 0.1 0.12 ——— DTSMC+Exp.
~——— ADTSMC+Exp.
| | | | ———— ASMC+FNN (Mushage et al.)
-450
0 5 10 15 20 25 30
Time (sec)

Figure 13. The fifth control signal (#s) using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with exponential
term, and ASMC with FNN [27] in the second example.

0.2 T
When the disturbance is applied

fffff DSMC
DSMC+Exp.

——— DTSMC+Exp.

—— ADTSMC+Exp.

———— ASMC+FNN (Mushage et al.)

0 5 10 15 20 25 30
Time(sec)

Figure 14. The error trajectory of e3 using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with exponential
term, and ASMC with FNN [27] in the second example.
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L A R DSMC
[ vy ) DSMC+Exp.

) 4 | |———DTSMC+Exp.

= ———— ADTSMC+Exp.

~———— ASMC+FNN (Mushage et al.)
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Figure 15. The error trajectory of es using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with exponential
term, and ASMC with FNN [27] in the second example.
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——— DSMC+Exp.
—— DTSMC+Exp.
——— ADTSMC+Exp.
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0.6 -

0.2
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Figure 16. The first sliding surface (s) in the DSMC with exponential term, DTSMC with exponential term, and ADTSMC with exponential term in the
second example.
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Figure 17. The second sliding surface (o) in the DSMC with exponential term, DTSMC with exponential term, and ADTSMC with exponential term in
the second example.
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Figure 18. The adaptive control gains in ADTSMC with exponential term in the second example.

Figure 18 depicts the adaptive control gains in
ADTSMC with an exponential term in the second exam-
ple.

As shown in figure 18, the adaptive gains K| and K,
adjust dynamically to system uncertainties and distur-
bances, ensuring stability and effective performance by
modulating control effort based on the system’s needs.
Smooth transitions in the gain profiles reflect robustness,
preventing instability and excessive oscillations. The
adaptive control laws regulate real-time updates to the
gains, slowing adaptation as the error approaches zero
to prevent abrupt changes, and accelerating convergence
when the error is large for precise control. These dynamic
adjustments enhance system robustness and effective-
ness, particularly in applications like robotics, where the
system must adapt to unpredictable environments. The
adaptive gains ensure stability and performance while
minimizing control effort as conditions evolve.

3.3 Performance analysis of the proposed ADTSMC
with exponential term

The analysis of figures 3- 18 and Tables 1 and 2 re-
veals that the DSMC is more effective in reducing the
chattering phenomenon compared to the Standard SMC.
However, it’s worth noting that the dynamic sliding
surface does not significantly impact the convergence
rate. In contrast, the introduction of an exponential term

within DSMC yields a dual benefit: It reduces both the
convergence rate and the occurrence of chattering in the
control signal. The utilization of a terminal sliding mode
surface within the Dynamic Terminal Sliding Mode Con-
trol (DTSMC) framework notably accelerates the control
system’s response speed. Incorporating the ELM neu-
ral network as an adaptive intelligent system enhances
performance compared to non-adaptive methods. As a
result, the ADTSMC with the exponential term surpasses
all previously presented strategies. The simulated results,
as presented in the figures and tables, provide strong evi-
dence of the proposed controller’s robustness and ability
to effectively handle bounded uncertainty and external
disturbances. As demonstrated in references [30] and
[31], the proposed control strategy ensures Lyapunov
stability when the optimal values of the controller pa-
rameters are utilized. This finding validates the stability
of the system under the derived conditions, highlighting
the robustness of the control approach in addressing
uncertainties and achieving reliable performance.

The statistical analysis highlights the superior per-
formance of the ADTSMC with the exponential term,
covering various aspects, including variable states such
as the position and velocity of exoskeleton joints and
control signals indicative of the system’s ability to ma-
nipulate movements. Based on quantitative metrics, the
analysis consistently shows that ADTSMC with the ex-

Table 2. Control results in the second example using the SMC, DSMC, DSMC with exponential term, DTSMC with exponential term, ADTSMC with

exponential term, and ASMC with FNN [27].

Controller ISE (m?) ITSE (m?sec) CE ((N-m)?sec) ACM (m)

SMC 27.9928 34.9739 355072.23 2.8333 x 107!
DSMC 27.4683 24.9798 18014.46 1.2015 x 107!
DSMC with exponential term 13.7801 6.2462 16452.17 4.6911 x 1072
DTSMC with exponential term 6.3747 1.5118 14752.64 3.9870 x 1072
ADTSMC with exponential term 5.214 0.888 10468.14 3.2512x 1072
ASMC with NN [27] 18.4215 11.19 188661.75 1.0072 x 10~!
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ponential term outperforms alternative control strategies.
This superiority extends to achieving precise trajectory
tracking, optimizing convergence rates, and enhancing
resilience against disturbances. Notably, lower values in
these metrics are considered desirable, indicating more
efficient control efforts. For example, a smaller CE sig-
nifies more efficient practical control signal, and lower
values for ISE, ITSE, and ACM suggest superior trajec-
tory tracking and reduced chattering effects. Notably,
this approach even outperforms the adaptive fuzzy neural
network sliding mode controller introduced by [27].

In summation, the proposed ADTSMC with the ex-
ponential term demonstrates its prowess across various
scenarios. It guarantees finite-time convergence, show-
cases robust performance in the face of external distur-
bances and uncertainties, and emerges as a frontrunner
in achieving control excellence.

4. Conclusion

This paper introduces a novel adaptive intelligent con-
troller specifically designed for the position control
of a 5-DOF robot. The proposed method employs
an ELM enhanced with the ReLLU activation function,
ensuring improved controller performance by preventing
entrapment in local minima. The strategy guarantees
finite-time convergence, eliminates the notorious chat-
tering phenomenon, and demonstrates robustness all
substantiated through rigorous analysis. Simulation
results across various scenarios highlight the proposed
approach’s success in addressing chattering, managing
parametric uncertainties, and mitigating external dis-
turbances. Moreover, a comparative evaluation against
existing controllers in the literature validates the pro-
posed method’s efficiency and robustness.
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