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Double-Loop Fuzzy Neural Network-Based
Fixed-Time Robust Control for Antagonistic

PM-Actuated Wrist Robots With
Motion Constraints
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Abstract—Antagonistic pneumatic muscle (PM)-actuated wrist
robots have great potential in rehabilitation and industrial appli-
cations. The antagonistic connection of PMs, which mimics the
agonist-antagonist muscle pairs in human joints, provides substan-
tial advantages such as improved joint stability and a better bal-
ance of torque disturbances. However, PM-actuated robots exhibit
complex nonlinearities, such as hysteresis, creep, input delay, and
time-varying parameters, while also confronting challenges such as
external disturbances and coupling effects. In this article, a switch-
ing nonsingular terminal sliding mode control (NTSMC) method
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with a double-loop fuzzy neural network (DLFNN) is developed.
This method enables the antagonistic PM-actuated wrist robots
to achieve fast and precise tracking performance. Specifically, the
lumped disturbances are estimated online using the DLFNN, which
can adaptively adjust the weight of the inner and outer layers,
achieving accurate approximation and robustness. Based on the es-
timated value of disturbances, a switching NTSMC is implemented
to ensure that tracking errors converge to the origin within the
fixed time. Switching functions guarantee fast convergence when
the sliding surface errors are large. Meanwhile, switching functions
ensure nonsingularity as the sliding surface errors converge to the
origin. Furthermore, joint angles and angular velocities are lim-
ited within the specific ranges by designing exponential constraint
terms as time-varying proportional-differential gains, rather than
traditional barrier functions that may induce excessive control
inputs. Both detailed stability analysis and experimental validation
demonstrate the effectiveness and adaptability of the proposed
method.

Index Terms—Double-loop fuzzy neural networks (DLFNNs),
fixed time, motion control, pneumatic muscles (PMs), switching
control.

I. INTRODUCTION

S TROKE has become a significant disease that poses a con-
siderable threat to global health. Following a stroke, most

survivors suffer from the inability to control their limbs, which
significantly affects their quality of life. Upper limb dyskinesia
is one of the most common disabilities among stroke patients [1].
Upper limb rehabilitation robots can not only relieve the pressure
of therapists’ manual operations, but also provide personalized,
high-intensity, and multimode rehabilitation training [2], [3].
Due to the wrist joint’s high flexibility and complex physiologi-
cal structure, it is crucial in the design of upper limb exoskeleton
robots [4]. Over the past decades, researchers have made great
progress in developing flexible wrist robots for rehabilitation
and assistive tasks.

Pneumatic muscles (PMs) are widely utilized in flexible
wrist robots due to their excellent power-to-weight ratio [5],
excellent flexibility [6], [7], compliance [8], and low costs [9].
Jeong et al. [10] designed a soft wrist exo-suit actuated by five
McKibben-type PMs, achieving motion control in 2-degrees of
freedom (DOF). Since a single PM can only exert unidirec-
tional telescopic force, most PM-actuated wrist robots depend
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on an antagonistic configuration. In [11], a 2-DOF fabric PM-
actuated soft wrist exo-suit has been developed with two pairs
of agonist-antagonistic PMs. However, the nonlinearity [12],
hysteresis [13], creep [14], time-varying parameters [15], and
unmodeled dynamics [16] caused by compressed gas, flexible
materials, and structural characteristics seriously degrade the
control performance and prevent the practical application of
PMs. In addition, motion control of PMs necessitates crucial
consideration of disturbance suppression, uncertainty compen-
sation, and transient performance.

Based on the characteristics of PMs, many researchers are
devoted to enhancing the motion control performance of PM-
actuated robots. First, combined with feedforward compensa-
tion, traditional control methods can address motion control
actuated by a PM or multiple PMs in simple scenarios. Lin
et al. [17] and Xie et al. [18] proposed PI models and MS-
GPI models to compensate for the PM hysteresis, respectively,
integrating these approaches with PID control frameworks
to achieve desired control performance. However, it remains
challenging for traditional control methods to ensure control
effectiveness under significant disturbances and parameter
uncertainties in the system.

To enhance robustness against disturbances, researchers have
developed several control methods, including sliding mode con-
trol (SMC) [19], optimal control [20], and active disturbance
rejection control [21]. SMC has been extensively applied to
PM-actuated robots because of its disturbance insensitivity and
fast dynamic response. Nevertheless, the switching term of
traditional SMC is discontinuous, which can cause chattering
in practical applications. In [22], an SMC method has been
proposed based on the tanh-type function to suppress the chat-
tering problem of control inputs. By combining the SMC with
advanced methods, such as adaptive control [23], [24]; neural
networks [25], [26]; fuzzy control [27], [28]; and disturbance
observers [29], modeling uncertainties and external disturbances
can be effectively compensated. Qin et al. [30] designed an adap-
tive set-membership filter for estimating the nonlinear terms and
external disturbances of PM-actuated robots. By combining this
filter with SMC, precise tracking control is achieved. Addition-
ally, utilizing the global approximation properties of neural net-
works, Cao et al. [31] developed an echo state network for online
estimation of unmodeled dynamics in PM-actuated exoskeleton
robots. Diao et al. [32] presented a novel fuzzy-based control
method for 2-DOF PM-actuated robots, ensuring satisfactory
tracking performance and velocity constraints. In [33], an adap-
tive fuzzy control method is proposed for PM angle tracking,
where fuzzy logic systems approximate unknown nonparametric
uncertainties and robust control methods compensate for the
approximation errors. Chen et al. [34] proposed a deep fuzzy
neural network integrating fuzzy logic and deep learning for
pretrain-free real-time control of pneumatic systems.

Given the strong nonlinearities of PM-actuated robots, con-
vergence time significantly impacts system performance. Slow
convergence inevitably reduces working efficiency and de-
grades control accuracy. Consequently, finite-time [35], fixed-
time (FT) [36], [37], and prescribed-time control methods [38]
are developed to mitigate these problems. Zhang et al. [35]

proposed an adaptive fuzzy switching control method that
achieves finite-time convergence for PM-actuated parallel robots
under uncertainties and disturbances. In [37], a nonlinear dis-
turbance observer-based FT dynamic surface control method
is proposed for trajectory tracking of PM-actuated robots,
where variable gains are designed to achieve desired control
performance.

Based on the preceding discussions, three key challenges in
PM-actuated robots are summarized as follows.

1) Tracking accuracy: Numerous studies necessitate precise
mathematical models. Under conditions of significant
plant uncertainties or external disturbances, the system
becomes susceptible to generating significant tracking
errors, in severe cases, causing the tracking errors to fail
to converge. More importantly, an essential issue for PM-
actuated robots is guaranteeing asymptotic convergence
without prior knowledge instead of uniformly ultimately
bounded (UUB) results.

2) Transient performance: Many control methods can only
achieve asymptotic stability of PM-actuated robots, which
means that the convergence time is undefined. However,
convergence time is usually strictly limited in practical
scenarios, and then improving the convergence speed
without being affected by the system’s initial values is
a critical research topic.

3) Safe operation and hardware limits: PM-actuated robots
must operate within geometric and physical boundaries
that impose necessary limitations on joint angles, posi-
tions, velocities, and other state variables. Specifically,
for the antagonistic PM-actuated robots, the cooperative
and competitive relationship between agonist-antagonist
muscle pairs is more difficult to ensure satisfactory con-
trol performance, as excessive contraction of one muscle
can generate harmful tension, leading to potential muscle
damage or system instability.

To address the aforementioned problems, a double-loop fuzzy
neural network (DLFNN)-based FT robust control method
for antagonistic PM-actuated wrist robots is proposed. Then,
the closed-loop system’s stability is verified through rigorous
mathematical analysis. Finally, the method’s effectiveness is
demonstrated through comprehensive experimental testing. The
primary contributions of this article can be highlighted as
follows.

1) Compared with some SMC methods [39], a switching non-
singular terminal sliding mode control (NTSMC) method
is proposed to ensure that tracking errors converge to
the origin without singularity. In addition, the proposed
method guarantees tracking errors to approach the origin
in a fixed time (rather than UUB convergence, e.g., in [40]
and [41]), enhancing the response speed of the antagonistic
PMs.

2) The DLFNN is introduced to realize online estimation of
external disturbances, uncertainties, and coupling among
antagonistic joints. The network contains two feedback
loops: an external feedback loop in the output layer
and an internal feedback loop in the fuzzification layer.
Compared with the radial basis function neural network
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Fig. 1. (a) 3-DOF in the wrist and forearm. (b) Schematic of the antagonistic
PM-actuated wrist robots.

(RBFNN) [42], the DLFNN has local and global mem-
ory capabilities, which effectively improve estimation
accuracy, speed, and robustness.

3) The exponential constraint terms are designed to ensure
that the angles and angular velocities of each antagonistic
joint pair operate safely within predefined boundaries.
Specifically, the exponential constraint terms are regarded
as time-varying proportional-derivative gains, unlike tra-
ditional barrier functions (e.g., in [43] and [44]) that gen-
erate excessive control inputs and require more complex
proof processes. More importantly, compared with [45]
and [46], the exponential constraint terms can be applied
with or without constraints.

The rest of this article is organized as follows. Section II
introduces the antagonistic PM-actuated wrist robots and de-
fines the control objectives. In Section III, a switching NTSMC
method is developed by combining the DLFNN and motion
constraints. Afterwards, the mathematical stability proof for the
proposed control method is provided in Section IV. Apart from
that, a series of experiments is executed in Section V to validate
the effectiveness of the proposed method. Finally, Section VI
concludes this article.

Notation: For x,y ∈ �n, x� y stands for the Hadamard
product. Moreover, sgn(x) denotes the sign function, and the
function sig(x) is defined as sigp(x) = sgn(x)� |x|p. Define
the vector multiplication operator ◦ such that for a ∈ �m and
b ∈ �n, the resulting vector c = a ◦ b ∈ �mn has elements
c(i−1)n+j = aibj for i = 1, 2, . . . ,m and j = 1, 2, . . . , n.

II. MODEL DESCRIPTION AND PROBLEM STATEMENT

A. Dynamics of Antagonistic PM-Actuated Wrist Robots

Human wrist movements typically include 3-DOF: pronation
and supination (PS), flexion and extension (FE), as well as
abduction and adduction (AA), as depicted in Fig. 1(a). AA
is also known as radial-ulnar deviation. Based on this, the
antagonistic PM-actuated wrist robots are designed to simulate
human wrist movements, as shown in Fig. 1(b). Six PMs are
connected through hinges and a pulley to achieve 3-DOF move-
ments. Specifically, two pairs of antagonistic PMs are connected
through hinges to achieve FE and AA DOF movements, while
one pair of antagonistic PMs is connected through a pulley to
realize PS DOF movement. The drive units of antagonistic PMs

Fig. 2. Working principle of antagonistic PMs.

employ the following control method:1{
P a = P 0 +ΔP

P b = P 0 −ΔP
(1)

where P a ∈ �3 and P b ∈ �3 represent the internal pressure
of the agonist and antagonistic PMs, respectively, P 0 ∈ �3

denotes the nominal value of air pressure, and ΔP ∈ �3 is the
pressure change as the control input for the driving unit. Once
P 0 is set, the three pairs of proportional valves can be uniformly
controlled, and the six PMs have the initial displacement x0.
When agonist PMs inflate, antagonistic PMs deflate, thereby
driving the corresponding joint rotation motion, as shown in
Fig. 2. Furthermore, the dynamic behavior of a single PM can
be characterized by a damping element, a spring element, and a
contraction element, which can be described as [47]

Maẍ+B(P )ẋ+K(P )x = F (P )−Mag (2)

where x denotes the PM displacement, P represents the internal
pressure of the PM, g is the gravitational acceleration, and Ma,
B(P ), K(P ), F (P ) stand for the payload mass, the damping
force, the spring force, and the contractile force, respectively,
which can be obtained as follows:⎧⎪⎨

⎪⎩
B(P ) = B0,j +B1,jP

K(P ) = K0 +K1P

F (P ) = F0 + F1P

(3)

where K0, K1 are the spring coefficient, B0,j , B1,j are the
damping coefficient, F0, F1 are the contractile force coefficient,
and j = 1, 2 denotes the contraction and deflation state of the
PM, respectively. Hence, the total force F total exerted by the
PM is expressed as

F total = F (P )−B(P )ẋ−K(P )x. (4)

According to Fig. 2, the initial displacement of the agonist and
antagonistic PMs in a pair of antagonistic PMs is represented
as x0, which can determine the initial angle θ(0) = 0 of the
hinge and pulley. The torque T produced by the agonist and
antagonistic PMs is derived as{

T = (F total
a − F total

b )r cos θ, FE and AA DOF

T = (F total
a − F total

b )r, PS DOF
(5)

1For convenience of the subsequent expressions, any information related to
the state or time is omitted unless it is necessary to present.
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where r denotes the pulley radius and half of the hinge length,
θ stands for the joint angles of pulley and hinge, and F total

a ,
F total
b are the force exerted by the agonist and antagonistic PMs,

respectively{
F total
a = Fa(Pa)−Ba(Pa)ẋa −Ka(Pa)xa

F total
b = Fb(Pb)−Bb(Pb)ẋb −Kb(Pb)xb

(6)

where xa and xb are determined by x0⎧⎪⎪⎪⎨
⎪⎪⎪⎩
xa = x0 + r sin θ, FE and AA DOF

xb = x0 − r sin θ, FE and AA DOF

xa = x0 + rθ, PS DOF

xb = x0 − rθ, PS DOF.

(7)

Combined with (4), (5), (6), and (7), we can obtain that2

T = Jθ̈ =
(
F total
a − F total

b

)
r −mgl sin θ + d0

= (F0a + F1aPa) r − (B0a +B1aPa) ẋar

− (K0a +K1aPa)xar − (F0b + F1bPb) r

+ (B0b +B1bPb) ẋbr + (K0b +K1bPb)xbr

−mgl sin θ + d0 = ρ0 + ρ1ΔP + d0 (8)

where J represents the moment of inertia, m denotes the equiv-
alent payload mass, d0 stands for the lumped disturbances,
including external disturbances, friction, hysteresis, creep, and
other inherent characteristics in PMs, and l is the equivalent
length from the centroid of the pulley or hinge to the centroid
of the dexterous hand. The mathematical expressions for ρ0 and
ρ1 are presented as follows:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

ρ0 = λ1 − λ2θ̇ − λ3θ − λ4 −mgl sin θ

ρ1 = λ5 + λ6θ̇ + λ7θ − λ8

λ1 = (F0a + F1aP0 − F0b − F1bP0) r

λ2 = (B0a +B1aP0 +B0b +B1bP0) r
2

λ3 = (K0a +K1aP0 +K0b +K1bP0) r
2

λ4 = (K0a +K1aP0 −K0b −K1bP0) rx0

λ5 = (F1a + F1b) r

λ6 = (B1b −B1a) r

λ7 = (K1b −K1a) r
2

λ8 = (K1a +K1b) rx0.

(9)

Consequently, the general dynamics of the antagonistic PM-
actuated wrist robots under uncertainties and disturbances are
represented as follows:

M � θ̈ + f(θ, θ̇) + dL = u (10)

where θ = [θ1, θ2, θ3]
T , θ̇ = [θ̇1, θ̇2, θ̇3]

T , u = [u1, u2, u3]
T is

the control inputs and u = ΔP , M = [M1,M2,M3]
T and

Mi = J/ρ1, f(θ, θ̇) = [f1, f2, f3]
T and fi = −ρ0/ρ1, dL =

2For convenience of the subsequent expressions, (8) and (9) only present the
modeling for the PS DOF. The modeling principles for FE and AA DOF are
identical and thus omitted here.

[dL1, dL2, dL3]
T and dLi = −d0/ρ1 with i = 1, 2, 3. In practi-

cal applications, dL is bounded and satisfies ‖dL‖ < d̄. After-
wards, (10) can be rearranged as follows:

θ̈ = M−1 � u−M−1 �
[
f(θ, θ̇) + dL

]
= M ∗ � u+ΔM � u−M−1 �

[
f(θ, θ̇) + dL

]
= M ∗ � u+D(θ, θ̇,u) (11)

where M−1 = M ∗ +ΔM , M ∗ ∈ �3 represents the nominal
vector, ΔM ∈ �3 stands for unmodeled dynamics of M−1,
and D(θ, θ̇,u) = [D1, D2, D3]

T contains unmodeled dynam-
ics, uncertainties as well as lumped disturbances.

B. Control Objectives

For the FT control of antagonist PM-actuated wrist robots in
(10) with plant uncertainties and lumped disturbances, the main
control objectives are summarized as follows.

1) Ensure the joint angle and angular velocity signals con-
verge to the desired trajectories in the fixed time, i.e.,

lim
t→T

[θ(t)− θd(t)] = 0, lim
t→T

[θ̇(t)− θ̇d(t)] = 0 (12)

where θd(t) = [θd1(t), θd2(t), θd3(t)]
T and θ̇d(t) =

[θ̇d1(t), θ̇d2(t), θ̇d3(t)]
T denote the desired joint angle

and angular velocity signals, respectively.
2) The joint angles θ(t) and angular velocities θ̇(t) are

constrained to operate within the predefined ranges

θ ∈ (−θ̄, θ̄), θ̇ ∈ (−θ̄v, θ̄v) (13)

where θ̄ = [θ̄1, θ̄2, θ̄3]
T and θ̄v = [θ̄v1, θ̄v2, θ̄v3]

T repre-
sent the predefined constraints for the joint angles and
angular velocities, respectively.

Lemma 1 (See [49]): Consider the system ẋ = f(x, t)where
x ∈ �n andf : �n ×�+ → �n is a nonlinear function. If there
exists a continuous positive definite function V (x) : �n → �
and positive constantsα,β,m,n,p, q such that V̇ ≤ −αV m/n −
βV p/q withm > n and p < q, then the origin of the closed-loop
system is FT stable. The settling time Ta satisfies

Ta =
1

α

n

m− n
+

1

β

q

q − p
.

III. CONTROLLER DESIGN

This section details a DLFNN to estimate the uncertainties
and lumped disturbances for the antagonistic PM-actuated wrist
robots (10). Subsequently, a switching NTSMC is constructed
to achieve FT convergence of the tracking errors to the origin.
Meanwhile, two constraint terms are designed to limit the joint
angles and angular velocities within the safety ranges. The
corresponding diagram of the proposed method is depicted in
Fig. 3.
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Fig. 3. Control flow diagram of the proposed method.

A. DLFNN Design

The DLFNN consists of four layers: input layer, fuzzification
layer, rule layer, and output layer, as shown in Fig. 3. Each layer’s
signal flow and functions are detailed as follows.

Layer 1: Input layer: The input layer is to receive the input
signalsX(1)

im (T ) = [Xi1(T ), Xi2(T )]
T and the feedback signals

from the output layer Y
(4)
i (T − 1), where i = 1, 2, 3 is three

pairs of antagonistic joints, m = 1, 2 stands for joint angle and
angular velocity signals, and T denotes the T th sampling pe-
riod. The outer loop feedback weights of DLFNN ωfim =
[ωfi1, ωfi2]

T are utilized to connect the input and output lay-

ers. The output signals of the input layer Y (1)
im (T ) = [Y

(1)
i1 (T ),

Y
(1)
i2 (T )]T can be represented as

Y
(1)
im (T ) = X

(1)
im (T )ωfimY

(4)
i (T − 1). (14)

Layer 2: Fuzzification layer: The processed signals are de-
rived by calculating the weighted sum of the fuzzification layer’s
input and output signals. The inner loop feedback weights
of DLFNN are used to connect the input and output signals
of the fuzzification layer. Gaussian fuzzification functions are
applied to the processed signals to obtain the corresponding
affiliation [48], which is formulated as

Y
(2)
i1k (T )=exp

⎛
⎜⎝−

∥∥∥Y (1)
i1 (T ) + ωri1kY

(2)
i1k (T − 1)− ci1k

∥∥∥2
b2i1k

⎞
⎟⎠

(15)

Y
(2)
i2j (T )=exp

⎛
⎜⎝−

∥∥∥Y (1)
i2 (T )+ωri2jY

(2)
i2j (T − 1)− ci2j

∥∥∥2
b2i2j

⎞
⎟⎠

(16)

where k = 1, 2, . . . , 11, j = 1, 2, . . . , 11, ωri1k, and ωri2j are
the inner loop feedback weights of DLFNN, ci1k and ci2j are
the center values, bi1k and bi2j are the base width.

Layer 3: Rule layer: The rule layer applies multiplication
operations to the fuzzification layer outputs. Therefore, the rule
layer outputs are computed as

φ
(3)
in = Y

(2)
i1k ◦ Y (2)

i2j (17)

where n = 11× (i− 1) + j and φ
(3)
i ∈ �121.

Layer 4: Output layer: Layer 4 contains a single node that
computes the weighted sum of all Layer 3 nodes. The output
values are calculated as

Y
(4)
i =

121∑
n=1

ωinφ
(3)
in (18)

where ωin denotes the network weights. The DLFNN is utilized
to approximate D(θ, θ̇,u), and the approximated vector D̂ =
[D̂1, D̂2, D̂3]

T is expressed as follows:

D̂i = ω̂T
i φ̂i(Xi, ω̂fi, ω̂ri1, ω̂ri2) (19)

where Xi = [θi, θ̇i]
T , the estimated values ω̂i, ω̂fi, ω̂ri1, and

ω̂ri2 can be updated online via the adaptive law. There are
optimal weights ω∗

i , optimal inner loop feedback weights ω∗
ri1,

ω∗
ri2, and optimal outer loop feedback weightsω∗

fi to accurately

estimate D(θ, θ̇,u), i.e., Di(θi, θ̇i, ui) = ω∗T
i φ∗

i (Xi,ω
∗
fi,

ω∗
ri1,ω

∗
ri2) + σi. σi denotes reconstruction errors with upper

bounds, i.e., ||σ|| ≤ σ̄ with σ = [σ1, σ2, σ3]
T . The approxima-

tion errors for DLFNN parameters can be denoted as follows:

⎧⎪⎪⎨
⎪⎪⎩
ω̃i = ω∗

i − ω̂i

ω̃fi = ω∗
fi − ω̂fi

ω̃ri1 = ω∗
ri1 − ω̂ri1

ω̃ri2 = ω∗
ri2 − ω̂ri2

. (20)

Afterwards, the approximation errors D̃ = [D̃1, D̃2, D̃3]
T of

the DLFNN can be derived as

D̃i = Di(θi, θ̇i, ui)− D̂i

= ω∗T
i φ∗

i + σi − ω̂T
i φ̂i

=
(
ω̃T

i + ω̂T
i

)(
φ̃i + φ̂i

)
− ω̂T

i φ̂i + σi

= ω̂T
i φ̃i + ω̃T

i φ̂i + δi (21)

where the total integrated approximation errors are δi = σi +
ω̃T

i φ̃i and δi exists upper bounds [48]. Consequently, D̃i exists
upper bounds, i.e., |D̃i| ≤ Δ0.
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Then, motivated by the first-order Taylor’s series method, φ̃i

is derived as follows:

φ̃i =
∂φ̂i

∂ωfi

∣∣∣∣∣
ωfi=ω̂fi

ω̃fi +
∂φ̂i

∂ωri1

∣∣∣∣∣
ωri1=ω̂ri1

ω̃ri1

+
∂φ̂i

∂ωri2

∣∣∣∣∣
ωri2=ω̂ri2

ω̃ri2 + oi

= ∂φ̂ωfi
ω̃fi + ∂φ̂ωri1

ω̃ri1 + ∂φ̂ωri2
ω̃ri2 + oi (22)

where oi ∈ �121 is the high-order residual term and ∂φ̂ωfi
,

∂φ̂ωri1
, ∂φ̂ωri2

can be represented as

∂φ̂ωfi
=

[
∂φ̂i1

∂ωfi1

∂φ̂i2

∂ωfi1
· · · ∂φ̂i121

∂ωfi1

∂φ̂i1

∂ωfi2

∂φ̂i2

∂ωfi2
· · · ∂φ̂i121

∂ωfi2

]T ∣∣∣∣∣∣
ωfi=ω̂fi

(23)

∂φ̂ωri1
=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

∂φ̂i1

∂ωri1,1
· · · ∂φ̂i1

∂ωri1,k
· · · ∂φ̂i1

∂ωri1,11

...
. . .

...
...

∂φ̂in

∂ωri1,1
· · · ∂φ̂in

∂ωri1,k
· · · ∂φ̂in

∂ωri1,11

...
...

. . .
...

∂φ̂i121

∂ωri1,1
· · · ∂φ̂i121

∂ωri1,k
· · · ∂φ̂i121

∂ωri1,11

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

∣∣∣∣∣∣∣∣∣∣∣∣∣∣
ωri1=ω̂ri1

(24)

∂φ̂ωri2
=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

∂φ̂i1

∂ωri2,1
· · · ∂φ̂i1

∂ωri2,j
· · · ∂φ̂i1

∂ωri2,11

...
. . .

...
...

∂φ̂in

∂ωri2,1
· · · ∂φ̂in

∂ωri2,j
· · · ∂φ̂in

∂ωri2,11

...
...

. . .
...

∂φ̂i121

∂ωri2,1
· · · ∂φ̂i121

∂ωri2,j
· · · ∂φ̂i121

∂ωri2,11

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

∣∣∣∣∣∣∣∣∣∣∣∣∣∣
ωri2=ω̂ri2

(25)

where ∂φ̂ωfi
∈ �121×2, ∂φ̂ωri1

∈ �121×11, and ∂φ̂ωri2
∈

�121×11. Taking (22)–(25) into (21), we finally obtain

D̃i = ω̃T
i φ̂i + ω̂T

i (∂φ̂ωfi
ω̃fi + ∂φ̂ωri1

ω̃ri1 + ∂φ̂ωri2
ω̃ri2)

+ ω̂T
i oi + δi. (26)

B. Exponential Constraint Terms

To ensure the safe operation of the antagonistic PM-
actuated wrist robots, two exponential constraint termsF p(θ) =

[Fp1, Fp2, Fp3]
T andF v(θ̇) = [Fv1, Fv2, Fv3]

T are constructed
to limit the angle and angular velocity of each antagonistic joint,
as follows:

Fpi(θi) = kpθ̄
2
i

[
exp

(
θ2i

θ̄2i − θ2i

)
− 1

]
(27)

Fvi(θ̇i) = kv θ̄
2
vi

[
exp

(
θ̇2i

θ̄2vi − θ̇2i

)
− 1

]
(28)

where kp and kv are positive parameters and i = 1, 2, 3. The
initial states are selected within the predefined constraints,

that is, θi(0) ∈ (−θ̄i, θ̄i) and θ̇i(0) ∈ (−θ̄vi, θ̄vi). Notably, the
exponential constraint terms are time-varying positive definite
functions. If there are no constraint requirements on angles and
angular velocities, assuming θ̄i and θ̄vi approach infinity, we can
obtain the following conclusions by L’Hopital’s rule:

lim
θ̄i→∞

kpθ̄
2
i

[
exp

(
θ2i

θ̄2i − θ2i

)
− 1

]
= kpθ

2
i (29)

lim
θ̄vi→∞

kv θ̄
2
vi

[
exp

(
θ̇2i

θ̄2vi − θ̇2i

)
− 1

]
= kv θ̇

2
i . (30)

If there are no constraints, the exponential constraint terms are
reduced to proportional-derivative gains. Thus, it can work in
both constrained and unconstrained cases.

C. Controller Development

In this section, a switching NTSMC is proposed based on the
estimated values of DLFNN to fulfill the control objectives in
(12) and (13). First, the tracking errors of joint angles θ and
angular velocities θ̇ are defined as{

e1 = θ − θd = [e11, e12, e13]
T

e2 = θ̇ − θ̇d = [e21, e22, e23]
T .

(31)

Then, the nonsingular terminal sliding surface function s =
[s1, s2, s3]

T is designed as follows:

s =

{
e2 + asigα−1(e1) + bsigβ(e1), |e1i| > l

e2 + a�e1 + b
�

tanh(e1), |e1i| ≤ l
(32)

where a, b, a�, b�, α, β, l are positive constants, 1 < α < 2,
β > 1, i = 1, 2, 3. Then, an NTSMC law is formulated as

u=

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

M−1
∗ � [−D̂ + θ̈d − a (α− 1) sigα−2(e1)� e2

−bβsigβ−1(e1)� e2 − k1sig
α−1(s)− k2sig

β(s)

−k3tanh(s)− s� (F p + F v)], |e1i| ≥ l

M−1
∗ � [−D̂ + θ̈d − a�e2 − k1sig

α−1(s)− k2sig
β(s)

− b
�

(1− tanh(e1)� tanh(e1))� e2 − k3tanh(s)

−s� (F p + F v)], |e1i| < l

(33)

where k1 = diag{k11, k12, k13}, k2 = diag{k21, k22, k23}, k3
= diag{k31, k32, k33} are positive-definite diagonal matrices
that serve as control gains for the controller.

IV. STABILITY ANALYSIS

This section will provide a strict Lyapunov-based stability
analysis for the proposed controller.

Theorem 1: The NTSMC in (32) is continuous and differen-
tiable at |e1i| = l with i = 1, 2, 3.

Proof: We will first prove the continuity of sliding surface
functions. According to (32), we can obtain that⎧⎨

⎩
lim

|e1i|→l+
si = e2i + alα−1 + blβ

lim
|e1i|→l−

si = e2i + a�l + b
�

tanh(l).
(34)
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The sliding surface function si is continuous at |e1i| = l if and
only if lim|e1i|→l+ si = lim|e1i|→l− si. Hence, it is derived that

alα−1 + blβ = a�l + b
�

tanh(l). (35)

We will further demonstrate the differentiability of the sliding
surface function. According to the definition of differentiability,
we can obtain that

lim
Δx→0+

si (l +Δx)− si(l)

Δx

= lim
Δx→0+

a(l +Δx)α−1 + b(l +Δx)β − a�l − b
�

tanh(l)

Δx

= lim
Δx→0+

a(l +Δx)α−1 − alα−1 + b(l +Δx)β − blβ

Δx

= a (α− 1) lα−2 + bβlβ−1 (36)

lim
Δx→0−

si (l +Δx)− si(l)

Δx

= lim
Δx→0−

a� (l +Δx)+ b
�

tanh (l+Δx)− a�l− b
�

tanh(l)

Δx

= a� + b
� (

1− tanh2(l)
)
. (37)

The sliding surface functions are differentiable at |e1i| = l if and
only if limΔx→0+

si(l+Δx)−si(l)
Δx = limΔx→0−

si(l+Δx)−si(l)
Δx .

Therefore, we can derive that

a (α− 1) lα−2 + bβlβ−1 = a� + b
� (

1− tanh2(l)
)
. (38)

In summary, when (35) and (38) hold simultaneously, the sliding
surface function in (32) is continuous and differentiable at
|e1i| = l.

Theorem 2: For the antagonistic PM-actuated wrist robots
in (10) with unmodeled dynamics, uncertainties, and lumped
disturbances, by employing DLFNN and the proposed control
method in (33), the tracking errors e1 and e2 converge to the
origin in the fixed time T < T1 + T2, which is expressed as

T1 =
2

2−α
2

k1(2− α)
+

2
1−β
2

k2(β − 1)
(39)

T2 = TA + TB =
2

2−α
2

a(2− α)
+

2
1−β
2

b(β − 1)
+

1

a�
ln

(
a�l

b�
+ 1

)
(40)

where T1 denotes the time costs for s to reach s(T1) = 0 from
s(0). Then, on the sliding surface s = 0, T2 represents the time
costs for e1 and e2 to reach e1(T1 + T2) = 0 and e2(T1 + T2)
= 0 from e1(T1) and e2(T1).

Proof: To prove Theorem 2, we first select the following
Lyapunov function candidate:

V1 =

3∑
i=1

[
1

2
s2i +

1

2η1i

(
ω̃T

fiω̃fi

)
+

1

2η2i

(
ω̃T

ri1ω̃ri1

)]

+
3∑

i=1

[
1

2η3i

(
ω̃T

ri2ω̃ri2

)
+

1

2η4i

(
ω̃T

i ω̃i

)]
(41)

where η1 = diag{η11, η12, η13}, η2 = diag{η21, η22, η23}, η3
= diag{η31, η32, η33}, and η4 = diag{η41, η42, η43} are pos-
itive-definite diagonal matrices. Then, taking the derivative of
s, we obtain that

ṡ = D
(
θ, θ̇,u

)
− D̂ − k1sig

α−1(s)− k2sig
β(s)

− k3tanh(s). (42)

Afterwards, taking the derivative of (41) and inserting (42), we
can derive that

V̇1=
3∑

i=1

[−k1isisig
α−1(si)− k2isisig

β(si)− k3isi tanh(si)
]

+

3∑
i=1

[
siω̂

T
i

(
∂φ̂ωfi

ω̃fi + ∂φ̂ωri1
ω̃ri1 + ∂φ̂ωri2

ω̃ri2

)]

+

3∑
i=1

[
siω̂

T
i oi − s2i (Fpi + Fvi) + siω̃

T
i φ̂i + siδi

]

+

3∑
i=1

[
1

η1i

(
ω̃T

fi
˙̃ωfi

)
+

1

η2i

(
ω̃T

ri1
˙̃ωri1

)]

+

3∑
i=1

[
1

η3i

(
ω̃T

ri2
˙̃ωri2

)
+

1

η4i

(
ω̃T

i
˙̃ωi

)]
. (43)

Moreover, the weight update law is designed as⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

− ˙̂ωT
fi =

˙̃ωT
fi = −η1isiω̂

T
i ∂φ̂ωfi

− ˙̂ωT
ri1 = ˙̃ωT

ri1 = −η2isiω̂
T
i ∂φ̂ωri1

− ˙̂ωT
ri2 = ˙̃ωT

ri2 = −η3isiω̂
T
i ∂φ̂ωri2

− ˙̂ωT
i = ˙̃ωT

i = −η4isiφ̂
T

i .

(44)

By inserting (44) into (43), we obtain that

V̇1 =

3∑
i=1

[−k1isisig
α−1(si)− k2isisig

β(si)− k3isi tanh(si)
]

+
3∑

i=1

[−s2i (Fpi + Fvi) + siω̂
T
i oi + siδi

]
(45)

where k3i ≥ Δ0. Then, we can deduce that

V̇1 ≤ 0 ⇒ V1(t) ≤ V1(0) ∈ L∞ ∀t ≥ 0. (46)

Due to V̇1 ≤ −sT [s� (F p + F v)], one can integrate both sides
of V̇1(t) to obtain that

Φ �
∫ t

0

s(τ)T {s(τ)� [F p(θ(τ)) + F v(θ̇(τ))]}dτ

≤ V1(0)− V1(t) ∈ L∞, ∀t ≥ 0 (47)

where (47) is valid in the two cases of s(τ) = 0 and s(τ) �= 0
& F p(θ(τ)) + F v(θ̇(τ)) ∈ L∞.

Case 1: s(τ) = 0. The system reaches equilibrium when the
sliding surface equals zero. In this case, both θ and θ̇ remain
within their predefined boundaries, which ensures that all state
constraints are satisfied.
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Case 2: s(τ) �= 0 & F p(θ(τ)) + F v(θ̇(τ)) ∈ L∞. If θ or
θ̇ exceeds the predefined boundaries (−θ̄, θ̄) or (−θ̄v, θ̄v), Φ
will approach infinity, which violates (47). Hence, both θ and θ̇
remain within their predefined boundaries.

We will further prove the reachability of the sliding surface.
For any initial state θ(0) and θ̇(0), the proposed control method
ensures that θ and θ̇ converge to the sliding surface s = 0 in T1.
Another Lyapunov function candidate V2 is designed as follows:

V2 =
1

2
sTs. (48)

Afterwards, taking the derivative of (48) and inserting (42), we
can derive that

V̇2 =

3∑
i=1

[−k1isisig
α−1(si)− k2isisig

β(si)
]

+
3∑

i=1

[
−k3isitanh(si) + siD̃i

]

≤
3∑

i=1

[−k1isisig
α−1(si)− k2isisig

β(si)
]

≤
3∑

i=1

[
−2

α
2 k1iV

α
2

2i − 2
β+1
2 k2iV

β+1
2

2i

]
(49)

where k3i ≥ Δ0 ≥ |D̃i|. According to Lemma 1, the conver-
gence time T1 is obtained, which is expressed as (39).

Finally, we will prove that the tracking errors e1 and e2
converge to the origin in T2 on the sliding surface s = 0. Due
to s(t) = 0 when t > T1, based on (32), it is derived that{

e2 = −asigα−1(e1)− bsigβ(e1), |e1i| > l

e2 = − a�e1 − b
�

tanh(e1), |e1i| ≤ l.
(50)

A Lyapunov function candidate V3 is selected as

V3 =
1

2
eT1 e1. (51)

When |e1i| > l, we can derive that

V̇3 = −a
(
eT1 e1

)α
2 − b

(
eT1 e1

) β+1
2

= −2
α
2 aV

α
2

2 − 2
β+1
2 bV

β+1
2

2 . (52)

According to Lemma 1, the tracking error e1 converges to a
neighborhood near l in the fixed timeTA, which can be expressed
as follows:

TA =
2

2−α
2

a(2− α)
+

2
1−β
2

b(β − 1)
. (53)

When |e1i| ≤ l, we can obtain that

V̇3 = − a�eT1 e1 − b
�

eT1 tanh(e1) = −2 a�V3 −
√
2 b
�

V
1
2
3 .
(54)

Then, we can deduce that

dt =
1

−2 a�V3 −
√
2 b�V

1
2
3

dV3. (55)

Fig. 4. Self-built experimental platform of antagonistic PM-actuated wrist
robots.

By integrating both sides of (55), it is processed as follows:

TB =

∫ TB

0

1dt =

∫ 0

1
2 l

2

1

−2 a�V3 −
√
2 b�V

1
2
3

dV3

=

∫ 1
2 l

2

0

1

2 a�V3 +
√
2 b�V

1
2
3

dV3. (56)

Let Θ = V
1
2
3 , we can derive that

TB =

∫ l√
2

0

1

2 a�Θ2 +
√
2 b�Θ

dΘ2

=

∫ l√
2

0

2

2 a�Θ+
√
2 b�

dΘ

=
1

a�
ln

(
a�l

b�
+ 1

)
. (57)

Therefore, e1 will converge to the origin in the fixed time.
According to the definition of (50), it is not difficult to obtain
e2 = 0 when e1 = 0. In summary, when t ≥ T , the tracking
errors e1 and e2 converge to the origin. The proof process of
Theorem 2 is accomplished.

V. EXPERIMENTAL VALIDATION

This section validates the proposed control method on a
self-built antagonistic PM-actuated wrist robot.

A. Self-Built Antagonistic PM-Actuated Wrist Robot

Fig. 4 exhibits the self-built experimental platform of the an-
tagonistic PM-actuated wrist robots, comprising the pneumatic
and electrical control subsystems.

The pneumatic subsystem includes 6 PMs (Festo DMSP-5-
100N-RM-CM-DN, working pressure: 0–6 bar) and three sets
of antagonistic joints. Two PMs control the movement of each
antagonistic joint, with one acting as the agonist muscle and
the other as the antagonistic muscle. The gas is generated by
an air compressor (Wuteng 800W-80 L) and flows into the
PMs through the proportional valves (Festo VPPM-6L-L-1-
G18-0L6H-V1P-C1), forming a complete pneumatic circuit.
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TABLE I
em1, em2, ts1, ts2, ē1, ē2, AND BAND ERRORS IN GROUP 1

TABLE II
em1, em2, ts1, ts2, ē1, ē2, AND BAND ERRORS IN GROUP 2

TABLE III
em1, em2, ts1, ts2, ē1, ē2, AND BAND ERRORS IN GROUP 3

In the electronic control subsystem, the integrated inertial
measurement unit (IMU) installed on the end effector measures
the joint angles and angular velocities of both the FE and AA
DOF as feedback to the controller. The initial angle and angular
velocity values are set to 0 deg. The baud rate is set to 115 200 and
the accuracy of the IMU is 0.1 deg. Then, the Speedgoat real-time
simulation and control system is utilized to transmit the feedback
information of the IMU and control signals between the host PC
and the experimental platform. The configuration of the host PC
is equipped with an RTX 4060 GPU, 16 GB of memory, and
an Intel Core i7 CPU. Meanwhile, the core control system runs
in MATLAB/Simulink Real-Time Windows Target environment
and calculates control input signals online, where the sampling
time is set as 1 ms. The control input signals adjust the internal air
pressure of PMs by controlling the valve opening of the propor-
tional valves. Moreover, two direct current (DC) power supplies
provide a stable 24 V supply to the IMU and proportional
valves.

B. Experimental Results and Analysis

This subsection validates the proposed method’s effective-
ness, robustness, and adaptability. To demonstrate its superiority,
a RBFNN-based SMC (RBFNN-SMC) method [42] and a dis-
turbance observer-based integral SMC (DO-ISMC) method [50]
are used as comparative methods.3

3The comparative methods employ the RBFNN and DO, respectively, to esti-
mate unmodeled dynamics, thereby validating the effectiveness of the proposed
DLFNN. Meanwhile, the comparative methods design traditional SMC and
ISMC, demonstrating that the proposed switching NTSMC method achieves
smaller tracking errors, faster error convergence speed, and stronger robustness.
Furthermore, the lack of error constraints in comparative methods may cause

Each group of experiments with the proposed method and
comparative methods is repeated approximately 15 times to
ensure the reliability and validate controller effectiveness. Each
experimental group maintains the same experimental condi-
tions, including the initial position of wrist robots, the initial
air pressure of PMs, control gains, lumped disturbances, and
desired trajectories. Furthermore, to provide a clearer visualiza-
tion of the experimental results, a range of typical performance
indicators and experimental results have been summarized in
Tables I–III. The definitions of these indicators are outlined as
follows.

1) em1 and em2 stand for the maximum angle tracking errors
for the FE and AA DOF at ∀ t < 5 s, respectively.

2) ts1 and ts2 denote the settling time for the FE and AA
DOF, respectively. The error bands of the three groups of
experiments are depicted in Tables I–III.

3) ē1 and ē2 represent the steady-state root-mean-square
error (RMSE) for the FE and AA DOF, respectively. To
maintain consistency, the RMSE is calculated for three
groups of experiments starting from t = 10 s. The formula
for calculating RMSE is represented as follows:

ēi =

√√√√ 1

N

N∑
k=1

e1i(k)
2, i = 1, 2 (58)

where e1i(k) represents the angle tracking error at the kth
sampling period.

1) Group 1: Irregular Trajectory Tracking-Validation of Fea-
sibility: In this group, sine functions are integrated with tanh-
type functions to generate a series of irregular trajectories. The

significant tracking errors in complex scenarios like human–robot interaction
and substantial disturbances.
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Fig. 5. Group 1: Control performance of irregular trajectories. The desired
trajectories (red dashed lines), the proposed method (blue solid lines and dotted-
dashed lines in the 3rd and 4th subplots), the RBFNN-SMC method (green
dotted-dashed lines and solid lines in the 3rd and 4th subplots), and the DO-ISMC
method (orange dotted lines and solid lines in the 3rd and 4th subplots).

specific expressions are given as follows:{
θd1 = −16 [0.7 tanh(0.5t) + 0.4 sin (0.1πt)] deg
θd2 = 10 [0.7 tanh(0.5t) + 0.4 sin (0.1πt)] deg.

For the proposed control method, the control parameters are
specified as kp = 1× 10−2, kv = 1× 10−2, θ̄i = 5, θ̄vi = 10,
l = 0.2, a = 10−3, b = 10−3, a� = 1.975× 10−3, b� = 1×
10−3, α = 1.5, β = 1.2, k1 = diag{2.8, 1} × 10−2, k2 = diag
{1, 1} × 10−3, k3 = diag{1, 1} × 10−2, η1 = diag{0.1, 0.1},
η2 = diag{0.5, 0.5}, η3 = diag{0.5, 0.5}, η4 = diag{1, 1},
c11 = [−20, − 16, − 12, − 8, − 4, 0.1, 4, 8, 12, 16, 20]T , c12
=[−15,−12,−9,−6,−3, 0.1, 3, 6, 9, 12, 15]T , c21 = [−20,
−16, − 12,−8,−4, 0.1, 4, 8, 12, 16, 20]T , c22 = [−20,−16,
−12, − 8, − 4, 0.1, 4, 8, 12, 16, 20]T , bimk = 10, bimj = 10
where i = 1, 2, m = 1, 2, k = j = 1, . . ., 11, the initial air
pressure P01 = 2.4 bar, P02 = 3 bar, and the initial values of
all weights in the DLFNN are set to 0.1.

Moreover, after reasonable adjustment, the control parameters
of the RBFNN-SMC method are set as P = 5× 10−3, Ks =
1× 10−2, εn = 1.2× 10−2, ad = 8× 10−3, L = 0.1, δ = 10,
c = 200, and the number of neurons in the hidden layer is m =
11. Then, the control parameters of the DO-ISMC method are
selected as K = 0.01, dm = 1.5× 10−3, and P = 2× 10−3.

In Group 1, the robot hand’s rotation in the FE and AA DOF
is controlled by two sets of antagonistic PMs, ensuring it accu-
rately tracks desired trajectories, which can be observed from
Figs. 5–6. Compared with the RBFNN-SMC and DO-ISMC
methods, the proposed method achieves better performance in
tracking accuracy, convergence time, and overshoot. Specifi-
cally, the proposed method fulfills the RMSE of 0.2 deg in
Table I, which is significantly lower than those of the other
two methods. Additionally, the convergence in the fixed time
is guaranteed by the proposed method with slight chattering.
The settling time, i.e., 1.9 and 2.3 s, is shorter than that of
the RBFNN-SMC and DO-ISMC methods, demonstrating better
transient performance. Furthermore, the error bands for FE and
AA DOF are minimized to 0.5 deg and 0.8 deg, respectively,

Fig. 6. Group 1: Tracking errors of irregular trajectories. The proposed method
(blue solid lines), the RBFNN-SMC method (green dotted-dashed lines), the
DO-ISMC method (orange dotted lines), and the error boundaries (black dashed
lines).

further verifying superior positioning accuracy. Moreover, the
overshoot of the proposed method, i.e., 2.7 deg and 1.7 deg, is the
smallest compared with the other two methods. Meanwhile, the
control inputs are smoother with fewer fluctuations, exhibiting
improved stability under operating conditions and minimizing
hardware wear.

2) Group 2: Variable Amplitude Trajectory Tracking Under
the Lumped Disturbances–Validation of Robustness: The vari-
able amplitude trajectories of the FE and AA DOF are selected
as follows:{

θd1 = −16e−0.01t [0.7 tanh(0.5t) + 0.4 sin (0.1πt)] deg
θd2 = 10e−0.01t [0.7 tanh(0.5t) + 0.4 sin (0.1πt)] deg.

The external disturbances artificially exerted on the antagonistic
PM-actuated wrist robots are set as follows:

dL =

{
0.5sin (0.1πt) , t ∈ (41.5 s, 42.5 s)

0.18 + 0.6sin (0.2πt) , otherwise.

Moreover, the control parameters of three methods are the same
as those of Group 1. From Figs. 7–8, it is evident that the
proposed method exhibits superior performance in trajectory
tracking and anti-disturbance compared with the RBFNN-SMC
and DO-ISMC methods. The proposed method drives the an-
tagonistic joints to their desired trajectories in 2.1 and 1.7 s,
which is faster than the RBFNN-SMC method, i.e., 4.6 and
3.4 s and the DO-ISMC method, i.e., 4.3 and 5.0 s, as depicted
in Table II. Furthermore, the proposed control method constrains
the tracking errors to 0.4 deg and 0.7 deg, which are smaller than
those of the RBFNN-SMC method (i.e., 1.3 deg and 1.6 deg) and
the DO-ISMC method (i.e., 0.8 deg and 0.7 deg).

When the external disturbances suddenly increase between
41.5 and 42.5 s, the proposed method enables the PMs to rapidly
return to their desired trajectories in 1.0 and 0.5 s, which is
quicker than the other two methods, respectively. The maximum
deviations in the FE and AA DOF do not exceed 0.9 deg and
1.1 deg, respectively, which are significantly smaller than the
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Fig. 7. Group 2: Control performance of variable amplitude trajectories un-
der the lumped disturbances. The desired trajectories (red dashed lines), the
proposed method (blue solid lines and dotted-dashed lines in the 3rd and 4th
subplots), the RBFNN-SMC method (green dotted-dashed lines and solid lines
in the 3rd and 4th subplots), and the DO-ISMC method (orange dotted lines and
solid lines in the 3rd and 4th subplots).

Fig. 8. Group 2: Tracking errors of variable amplitude trajectories under the
lumped disturbances. The proposed method (blue solid lines), the RBFNN-SMC
method (green dotted-dashed lines), the DO-ISMC method (orange dotted lines),
and the error boundaries (black dashed lines).

two comparative methods, validating the enhanced disturbance
suppression of the proposed method.

3) Group 3: Variable Frequency Trajectory Tracking Un-
der the Lumped Disturbances–Validation of Adaptability: To
evaluate the adaptability of the proposed method, the selected
trajectories with gradually increasing frequencies are specified
as follows:{
θd1 = −16

[
0.7 tanh(0.5t) + 0.4 sin

(
0.1πt+ 0.002t2

)]
deg

θd2 = 10
[
0.7 tanh(0.5t) + 0.4 sin

(
0.1πt+ 0.002t2

)]
deg.

The control parameters of three methods are the same as those
of Group 1. Moreover, the external disturbances exerted on the
antagonistic PM-actuated wrist robots are the same as those in
Group 2. From Figs. 9–10 and Table III, it can be seen that at
both low and high frequencies, each joint angle can smoothly
and accurately track the desired trajectory. The RMSE of the
proposed control method is 0.3 deg, which is remarkably smaller
than those of the RBFNN-SMC method (i.e., 0.5 deg and 0.6 deg)

Fig. 9. Group 3: Control performance of variable frequency trajectories un-
der the lumped disturbances. The desired trajectories (red dashed lines), the
proposed method (blue solid lines and dotted-dashed lines in the 3rd and 4th
subplots), the RBFNN-SMC method (green dotted-dashed lines and solid lines
in the 3rd and 4th subplots), and the DO-ISMC method (orange dotted lines and
solid lines in the 3rd and 4th subplots).

Fig. 10. Group 3: Tracking errors of variable frequency trajectories under the
lumped disturbances. The proposed method (blue solid lines), the RBFNN-SMC
method (green dotted-dashed lines), the DO-ISMC method (orange dotted lines),
and the error boundaries (black dashed lines).

and the DO-ISMC method (i.e., 0.7 deg and 0.6 deg). Notably,
the proposed control method exhibits satisfactory adaptability
to multiple PMs under different frequency operating conditions.
The PMs in the two comparative methods make it difficult to
follow the rapid changes in the desired trajectory, leading to no-
ticeable deviations and significant static errors. Moreover, while
the RBFNN-SMC method appears to achieve fast convergence,
this is mainly attributed to its large steady-state error, where the
tracking errors continuously oscillate around the origin.

From the above three experimental groups, it can be concluded
that the exponential constraint terms limit the joint angles and
angular velocities within specific ranges without generating
excessive control inputs. When the tracking errors of angles
and angular velocities tend to exceed constraint boundaries,
the proposed controller generates high-gain control signals to
force the tracking errors back into the predefined safe ranges.
The proposed control method demonstrates satisfactory control
performance in all experiments, exhibiting excellent robustness
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and adaptability. In contrast, the comparative methods exhibit
constraint violations in most experiments, particularly during
high-amplitude or high-frequency trajectory tracking.4

Remark 1: Increasing kp and kv ensures the tracking errors
promptly converge to safe regions but may cause excessive
control increments and unexpected chattering, degrading tran-
sient performance. Conversely, decreasing kp and kv provides
smoother control inputs, but excessively small values degrade
the ability to promptly correct constraint violations. Meanwhile,
the predefined constraint ranges θ̄ and θ̄v depend on practical
application requirements, safe operation of the end-effector,
and workspace limitations of wrist robots. When setting θ̄
and θ̄v , the contraction range and maximum input pressure of
each antagonistic PM pair must be considered. Meanwhile, to
prevent PMs over-contraction or over-extension caused by large
tracking errors, reasonable θ̄ and θ̄v are selected to ensure stable
operation of the wrist robots within their workspace. Notably,
excessively small error constraint boundaries may cause system
instability due to the inherent dynamic characteristics of PMs,
resulting in system chattering while maintaining desired track-
ing performance.

Remark 2: It is shown from (32) that when 1 < α < 2,
the control inputs in (33) tend to infinity as e1i → 0, i = 1, 2
without the switching boundary parameter l, leading to sin-
gularity. To address this issue, l is designed to ensure that
sigα−2(e1i) < lα−2. Appropriately decreasing l can accelerate
error convergence. However, excessively small l values cause
frequent switching of control inputs caused by IMU accuracy,
IMU noises, and PM dynamics, resulting in instability and chat-
tering. Additionally, frequent switching increases computational
load and accelerates hardware degradation. Through reasonable
parameter adjustment, l is selected as 0.2.

Remark 3: The desired trajectories and lumped disturbances
are designed based on the actual workspace and application
requirements of the antagonistic PM-actuated wrist robots. To
ensure a smooth startup of the wrist robots and operation within
the workspace, Group 1 designs an irregular trajectory combin-
ing sine and hyperbolic tangent functions. Furthermore, to verify
the tracking performance of the wrist robots under different
operating conditions, Group 2 and Group 3 employ variable-
frequency and variable-amplitude trajectories, respectively. To
validate the robustness of the proposed method, the system is
subjected to periodic sinusoidal disturbances for most of the
experimental time and abrupt disturbances at 41.5–42.5 s to
simulate unexpected conditions.

VI. CONCLUSION

For antagonistic PM-actuated wrist robots, this article had
proposed a switching NTSMC method with a DLFNN to ensure

4Unlike traditional rigid robots, antagonistic PM-actuated wrist robots have
more complex structures, more severe parameter uncertainties, and higher safety
requirements. Meanwhile, coordinating antagonistic and agonist muscles to
safely accomplish complex tasks remains challenging. Furthermore, while mul-
tiple pairs of antagonistic PMs enable more flexible motions, wrist robots exhibit
stronger joint coupling and system uncertainties, further increasing control
complexity. The proposed method can be applied to simpler and traditional
robotic platforms. In the future, we will consider more different experimental
scenarios to comprehensively validate the control performance of the proposed
method.

accurate tracking of desired trajectories in the fixed time. In
detail, the DLFNN was developed to realize online estimation of
the lumped disturbances. Specifically, the DLFNN updated both
inner-loop and outer-loop weights simultaneously, providing
enhanced learning capability, improved dynamic response, and
superior robustness. Based on the estimated value, a switching
NTSMC was deployed to ensure the tracking of desired tra-
jectories in the fixed time. Notably, the slow convergence and
singularity issues were eliminated by switching functions. In the
limited working space, the angle and angular velocity constraints
of antagonistic joints were guaranteed theoretically and practi-
cally. The Lyapunov-based functions were selected to demon-
strate the asymptotic stability of the origin in the fixed time.
Also, the continuity and differentiability of the sliding surface
function at the switching points were proven. Eventually, several
groups of experiments in different situations were conducted to
validate the performance superiority of the proposed method.
Even so, the main limitation of the proposed method was the
lack of compliant control for safe and efficient human–robot
interaction. Future work will address constant force interaction
by designing adaptive impedance/admittance control methods.
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