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Featured Application: The control strategy proposed to this paper can be applied to the joint 
position and velocity tracking down industrial robots (series or parallel manipulators). Theoret-
ically, it is suitable for general second-order nonlinear systems, such as inverted pendulum con-
trol, motor coupling control, dual manipulator cooperative control, etc. 

Abstract: Background: As a control strategy of industrial robots, sliding mode control has the ad-
vantages of fast response and simple physical implementation, but it still has the problems of chat-
tering and low tracking accuracy caused by chattering. This paper proposes a new sliding mode 
control strategy for the application of industrial robot control, which effectively solves these prob-
lems. Methods: In this paper, a deep deterministic policy gradient–nonlinear nonsingular fast ter-
minal sliding mode control (DDPG–NNFTSMC) strategy is proposed for industrial robot control. In 
order to improve the tracking control accuracy and anti-interference ability, DDPG is used to ap-
proach the uncertainties of the system in real time, which ensures the robustness of the system in 
various uncertain environments. Lyapunov function is used to prove the stability and finite time 
convergence of the system. Compared with the nonsingular terminal sliding mode control 
(NTSMC), the time to reach the equilibrium point is shorter. With the help of MATLAB/Simulink, 
the tracking accuracy and control effects are compared with traditional terminal sliding mode con-
trol (TSMC), NTSMC and radial basis function–sliding mode control (RBF–SMC), the results 
showed that it had the advantages of nonsingularity, finite time convergence, small tracking error. 
The motion accuracy and anti-interference ability of the uncertain manipulator system was further 
improved, and the chattering problem of the system in the motion process is effectively eliminated. 

Keywords: nonlinear nonsingular fast terminal sliding mode control; deep deterministic policy  
gradient; dynamic uncertainty; disturbance; manipulator 
 

1. Introduction 
In recent years, with the development of industrial robots, nonlinear, external inter-

ference, a variety of uncertainty problems appear, and the performance requirements of 
the control system are more and more strict. At present, there are many control methods 
of general nonlinear systems—e.g., adaptive control, fuzzy control, neural network con-
trol, sliding mode control (SMC) [1–4], etc. Among them, in the dynamic process, sliding 
mode control (SMC) is subject to the continuous changes of the system according to the 
current state of the system, which forces the system to move according to the state trajec-
tory of the predetermined sliding mode, the hypersurface in state space is defined as slid-
ing surface [5], which has strong robustness to the external interference and uncertainty 
of the nonlinear system [6,7]. Therefore, SMC is usually used in the control system of in-
dustrial robots and manipulators [8–11]. However, the traditional sliding mode variable 
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structure controls have some disadvantages, such as singularity, uncertain convergence 
time, and the error is difficult to converge on 0. When the state trajectory reaches the slid-
ing surface, it is difficult to slide strictly into the sliding surface to the equilibrium point, 
it passes back and forth on both sides of the sliding surface, which is called chattering 
[5,12], and it needs an accurate dynamic model for the control object. To solve these prob-
lems, some research effects propose a series of solutions to eliminate the uncertainty, chat-
ter, and error of the system as much as possible [13–21]. For the uncertain dynamic model, 
neural network [13–15], fuzzy logic system [16–18], RBF [19,20] are used to approach the 
uncertainty infinitely. In [21,22], the TSMC is introduced, and the nonlinear function is led 
into the sliding surface to construct the terminal sliding surface, so that the sliding sur-
face’s tracking error converges on 0 in finite time T. However, the convergence speed of 
TSMC is slow, and the singularity still exists. 

Therefore, the authors of [23,24] proposed fast terminal sliding mode control 
(FTSMC) to solve the convergence rate problem, while [25,26] proposed NTSMC to solve 
the singularity problem. On these bases, the authors of [9,27] proposed nonsingular fast 
terminal sliding mode control (NFTSMC), which overcomes the single problem that [21–
26] proposed a solution only for one of the shortcomings of SMC. However, the above 
TSMC, FTSMC and NFTSMC have not eliminated the chattering of the system. Therefore, 
some scholars proposed global terminal sliding mode control technology [24,28]. The con-
trol law is continuous and does not contain switching term (control transformation pa-
rameter) [5,12], so the chattering of the system is eliminated, but the tracking accuracy is 
less precise. 

Deep reinforcement learning has been developed rapidly and applied to the field of 
control in recent years. For example, in [29,30] the authors applied the reinforcement 
learning neural network algorithm to the control of flexible manipulator and multi-body 
system with unknown dynamic model, inspired by [29,30], this paper combined deep re-
inforcement learning algorithm with SMC, proposed DDPG–NNFTSMC. It had the fol-
lowing characteristics: 
 It is proved that NNFTSMC has the characteristics of nonsingularity and finite time 

convergence by mathematical derivation, and the robustness and stability of the sys-
tem are verified by Lyapunov theorem; 

 DDPG is used to adaptively approximate the uncertainty of the system model, and 
the chattering is eliminated to realize the control system’s smooth input, to improve 
the anti-interference ability which ensures the robustness of the system in various 
environments such as quality change, friction factor, external disturbance, and mod-
eling uncertainty of the system [5,6,12]; 

 On the basis of eliminating chattering with DDPG, it brings the advantages of low 
steady-state error and high-precision position tracking. 
Compared with the nonlinear control methods such as TSMC, NTSMC and RBF–

SMC, the proposed method has better tracked performance and stronger anti-interference 
and uncertainty effects. The effectiveness and superiority of the proposed control method 
is verified. Finally, the conclusion is given. Table 1 provides the definition of acronyms. 

Table 1. Definition of acronyms. 

Acronyms Definition 
SMC Sliding mode control 

TSMC Terminal sliding mode control 
FTSMC Fast terminal sliding mode control 
NTSMC Nonsingular terminal sliding mode control 

RBF–SMC Radial basis function–sliding mode control 

DDPG–NNTFSMC 
Deep deterministic policy gradient–nonlinear nonsingular fast ter-

minal sliding mode control 
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2. Manipulator Model 
According to [5,22,31], the dynamic differential equation model of n-DOF manipula-

tor system is as follows: 

M q q̈+C q,q̇ q̇+G q +F q̇ +τd(t)=τ(t) (1)

where:  q,q̇,q̈ ∈ Rn correspond to the position, velocity, and acceleration of the manipu-
lator, M q =M q +δM q ∈Rn×n  is the actual inertia matrix of order n×n , 
C q,q̇ =C q,q̇ +δC q,q̇ ∈Rn×1  is the n×1 order inertia matrix of centrifugal force and 
Coriolis force, M q , C q,q̇  is the standard model, δM q , δC q,q̇  is the error of the real 
dynamic model. G q ∈Rn×1 is the inertia vector of order n×1 and represents the gravity 
matrix; F q̇  is the n×1 order inertia vector, which represents the friction force and dis-
turbance load; τd(t)∈Rn×1 is interference term and uncertainty term; τ(t) is the system 
control input. 

The actual dynamic equation of the manipulator can be written as follows: 

M q q̈+C q,q̇ q̇+D=τ(t) (2)

where: 

D(q,q̇,q̈)=δM q q̈+δC q,q̇ q̇+G q +F q̇ +τd(t) (3)

The change of joint rotation, angular velocity and angular acceleration are defined 
as: qd,q̇d,q̈d, then the tracking position error of the system is: 

e=q(t) − qd
(t) (4)

The speed error is: 

ė=q̇(t) − q̇d
(t) (5)

The dynamic error corresponding to Equation (2) is: 

ė1=e2

ė2=-M q 1C q,q̇ q̇+M q 1τ+D−q̈d
 (6)

where: D = − dM q -1 is the vector of uncertainty (including unknown disturbance, un-
certainty, and approximation error). 

According to the physical characteristics of industrial robot [9,31,32], the following 
hypotheses are put forward: 

Assumption 1. M(q) is a positive definite, invertible symmetric matrix and bounded: 

ϕ1≤M q ≤ϕ2 (7)

Assumption 2. The uncertainty D in the set is a bounded function satisfying the constraint: 

‖D‖≤A0+A1 q +A2 q̇  (8)

where: ϕ1,ϕ2,A0,A1,A2 are unknown constants, and ϕ1,ϕ2,Λ>0; ‖D‖ represents the Euclidean 
norm of a matrix. 

In this paper, the control strategy is proposed to improve the tracking control accu-
racy of the manipulator with uncertain dynamic models further. The nonlinear sliding 
surface is established by using dynamic error, then the feedback control loop is developed. 
DDPG algorithm is used to adaptively approximate the uncertainties of the system. There-
fore, for the control system with uncertainties, the tracking error can converge to zero 
synchronously and remain stable for a finite amount of time. 
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3. DDPG–NNFTSMC Control Design 
In this part, a DDPG–NNFTSMC control method is proposed for the nonlinear sec-

ond-order system of the general manipulator. Then the sliding surface and DDPG algo-
rithm design are given. 

3.1. Design of the NNFTSMC 
In this part, we design a new NNFTSMC sliding surface for the manipulator with 

uncertain dynamic model based on traditional NTSMC, and then solve the reaching law 
and design the controller based on the sliding surface. 

According to [33], the function sig(x)a is introduced, when a>0, ∀x∈R, sig(x)a mon-
otonically increasing, and always returns a real number. 

sig(x)a=|x|asgn(x) (9)

It can be seen from [5] that the traditional ntsmc sliding surface and control rate are 
as follows: 

s=x1+
1
β

x2
η (10)

where:  β>0, 2>η>1, because the exponential term of e2  is greater than 0, the singular 
problem is avoided, but in the region far away from the equilibrium point, the state de-
rivative of the system is smaller than the linear sliding surface with the same parameters, 
which affects the convergence rate of the system state. To accelerate the convergence 
speed, the tracking position error and change rate of Equations (4) and (5) are defined as 
NNFTSMC variables, combined with Equations (9) and (10), the sliding surface function 
is designed as follows: 

s=e1+
1
α

sig(e1)γ+
1
β

sig(e2)η (11)

where:  α，β > 0, 2 > η > 1. 
According to the dynamic error Equation (6), the NNFTSMC control law is designed 

as: 

τ=-M q [ − M q 1C q,q̇ q̇+
γ
α

sig(e1)γ 1 +
β
η

sig(e2)2 η 1+
γ
α

|e1|γ 1 +(Λ+ε)sgn(s)−q̈d] − kd·s (12)

Theorem 1. For the system Equation (1), using Equation (11) as the sliding surface, the 
NNFTSMC control law is designed as Equation (12), then the system will reach the sliding surface 
in finite time ts, and the tracking error on the sliding surface will converge to 0 in ts. 

Proof of Theorem 1. The stability analysis of the controller is as follows: 

Equation (11) is taken as the first derivative of time to obtain the exponential reaching 
law, then Equation (12) is substituted into the calculation: 

ṡ =ė1+
1
α

γ|e1|γ 1ė1+
1
β

η|e2|η 1ė2

 =e2+
γ
α

|e1|γ 1e2+
η
β

|e2|η 1 −M q 1C q,q̇ q̇+M q 1τ+D−q̈d

 =e2+
γ
α

|e1|γ 1e2+
η
β

|e2|η 1{ −
β
η

sig(e2)2 η 1+
γ
α

|e1|γ 1 − (Λ+ε)sgn(s)+D }
   
 =

η
β

|e2|η 1[ − (Λ+ε)sgn(s)+D]

 (13)
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Equation (13) makes the speed of the system fast before reaching the switching sur-
face. When reaching the switching surface, the speed decreases and the chattering is weak-
ened, so that the system has better adaptability, and robustness to parameter perturbation 
and external disturbance. 

The Lyapunov function is selected as: 

V=
1
2

s2 (14)

Equations (11) and (13) are substituted into Equation (14) and their derivatives are 
obtained: 

V̇ =sṡ

 =s
η
β

|e2|η 1[ − (Λ+ε)sgn(s)+D]

 =
η
β

|e2|η 1[Ds − (Λ+ε)|s|]

 (15)

Due to 1<η<2, 0<η − 1<1, and β > 0, when e2≠0, η
β

|e2|η 1>0 is established. Equation 
(15) combined with Equation (8) can be obtained as follows: (16) 

V̇ ≤
η
β

|e2|η-1[|D||s| − (Λ+ε)|s|]

 ≤
η
β

|e2|η-1[Λ|s| − (Λ+ε)|s|]

 ≤
η
β

|e2|η-1( − ε|s|)

 ≤0

 (16)

Therefore, when e2≠0 is applied, the controller satisfies Lyapunov stability condi-
tion [34] and has good stability and robustness. The system will arrive at sliding mode 
surface in finite time. The time for sliding mode surface s(0) ≠ 0 to s=0 is tr, when t = tr, 
s=0, that is s(tr)=0, we can get: 

ṡ= − ε
|s|
s

=±ε (17)

By integrating both sides of the above equation, we get the following results: 

tr=
s(0)

ε
 (18)

In stage s = 0 , supposed e1(tr)≠0  passes through finite time ts  from s to 
e1(tr+ts)=0, ė1 can be obtained by Equation (6), Equation (11) and s=0: 

ė1= − e1

1
ηβ

1
η(1+

1
α

|e1|γ 1)
1
η
 (19)

By integrating and simplifying Equation (19) at the same time, the following results 
can be obtained: 

(
1
e1

)
1
ηe1=e1(tr+ts)=0

e1=e1(tr)
de1≤ − β

1
η

tr+ts

tr
dt (20)

ts≤
η

β
1
η η − 1

e1(tr)
1 1

η (21)

The total convergence time is as follows: 
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t=tr+ts≤
s(0)

ε
+

η

β
1
η η − 1

e1(tr)
1 1

η (22)

□ 

Theorem 1. Was proved. 

Remark 1. Due to the existence of 1
α

sig(e1)γ term in Equation (11), the total convergence time of 

Equation (22) is less than that of NTSMC proposed in [26]. 

3.2. Design of DDPG Network 
According to the derivation process of Section 3.1, the uncertainty D in assumption 2 

satisfies: |D|≤Λ is an important condition of Lyapunov stability. 
The modified DDPG algorithm can improve the stability and anti-interference of the 

control system. The delay of control parameters’ return and the update makes the action 
calculated according to the current state take effect in the next control phase, the weights 
of the neural network and the parameters of experience pool are updated synchronously. 
During the execution of the algorithm, the data onto the previous step combined with the 
error information is converted into a reward parameter, which is combined with a data 
area with N steps. At the beginning of training, the actor network Q(Γ,a|θQ) (using hy-
per-parameter θQ) and critic network µ(Γ|θµ) (using hyperparameter theta θµ) are ini-
tialized, and the experience set ϰ is initialized. For the critic algorithm, the current round 
monitoring data and state and the next action (combined as vectors: Γ) are used as the 
input parameters of the target network, and then scalar values are output to calculate tar-
get values. The formula for target value was: 

yi=ri+γQ’ Γi+1,µ’(Γi+1|θµ’
)|θQ’

 (23)

The current network in the critic algorithm takes the latest state action history and 
current states Γ as input and outputs the new action to be taken. This paper uses a real-
time update feedback training program with multiple training rounds. In each execution 
cycle, each batch (in random order) of training data is used to update the weights of the 
neural network using gradient descent. The critic network is updated by minimizing the 
mean square error between the output of Q and the original reward data. When taking 
action in the current state, according to the output of µ, the policy network is updated by 
minimizing the output of Q. For the action-value function of critic network output, one 
part is used to calculate the mean square error: 

L=
1
N

yi-Q Γi,ai θQ 2

i

 (24)

Network used to update actor part at the same time: 

∇θµJ≈ VaQ Γ,a θQ |
Γ=Γi,α=µ(Γi)

i

∇θµµ(Γ|θµ)|Γi (25)

The key of the reward function is to make the network give correct feedback to the 
network according to the execution results after making decision actions. The merits of 
the reward function directly affect the training effect and convergence speeds. In rein-
forcement learning, there is no strict definition of the reward function. It only needs to be 
able to correctly evaluate the advantages and disadvantages of network output actions. 
There are two kinds of common reward functions. One is a sparse reward, which is often 
used in the game to score after completing the task. This kind of reward does not respond 
well to nondiscrete actions, so it is difficult to quantify the size of the reward. The other is 
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a formal reward, which is only given in the target state, and not anywhere else. This for-
mal reward is easier to promote neural network learning, even if the strategy does not 
find a solution to the problem, the reward function can also provide positive feedback. 

In this paper, the input value of the theoretical signal (including but not limited to 
position, velocity, acceleration, etc.) and the parameters of feedback adjustment (includ-
ing but not limited to tracking position, tracking velocity, tracking error, control rate, etc.) 
are combined. According to the actual situation, the correlation signal is multiplied by the 
adjustment coefficient and superimposed, and the results are provided for the reinforce-
ment learning network as the reward function value. 

In actor-network, the role of actor current network is responsible for the iterative up-
date of policy network parameter θ, according to the current state Γt selects the current 
action a and interacts with the environment to generate Γt+1. The actor target network is 
responsible for selecting the optimal next action at according to the next state Γt+1 sam-
pled in the experience playback pool. At the same time, m samples are sampled in the 
experience set ϰ to calculate the Q value of the current state, and soft update is used to 
update the network weight periodically. 

θQ’
←τθQ+(1 − τ)θQ’

θµ’
←τθµ+(1 − τ)θµ’  (26)

When the neural network is needed to output the action, the current state Γt is in-
putted into the actor target network to get the output after selecting the action with the 
largest reward, at corresponds to a variable within a predefined range. The formula is as 
follows: 

at=µ(Γt|θ
µ)+Nt (27)

To improve the foresight of action selection, the random noise Nt was added to en-
sure that the output action has certain randomness, which could be added or removed 
dynamically according to the need in practical application. 

The DDPG algorithm used in this paper has the following improvements compared 
with the traditional DDPG algorithm: 1. In the critic network, the output signal was 
changed from the single numerical to the combined control rate and error, so as to im-
prove the performance requirements of control rate for the early stage of the model; 2. In 
the last layer of the performer network, the output was mapped from the discrete action 
output with the highest probability selected from the experience pool to the numerical 
output with the highest probability selected. The control diagram is as Figure 1: 

 
Figure 1. DDPG network control structure chart. 
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Aiming at the two joint control model used in this experiment, two lightweight 
DDPG networks are used to jointly control the target, which respectively undertakes the 
error compensation output and control adjustment of the two joints. In the experiment, 
using the traditional network architecture will make the training model too complex, the 
convergence speed is significantly reduced, and there will be an overfitting phenomenon. 
Therefore, the network uses two layers of network with 32 and 64 neurons as actor-net-
work, two layers of critic-network with 32 neurons each are used to judge and correct the 
performer network. The control flow chart of DDPG–NNFTSMC is shown in Figure 2. 

 
Figure 2. DDPG–NNFTSMC control flow chart. 

4. Experimental Results and Discussion 
4.1. Simulation Comparison with Control Algorithms 

To verify the effectiveness of DDPG–NNFTSMC proposed in this paper, the dynamic 
model of two joint manipulator was introduced into this section. The simulation analysis 
was carried out by using MATLAB/Simulink, and the sampling rate was set to 10−3 s, the 
sensor was used to measure the corresponding position accuracy, response speed, and the 
path tracking control of each joint. Considering the characteristics of the control system, 
the external disturbance and uncertain friction were modeled. The control effect was com-
pared with TSMC, NTSMC, and RBF–SMC. Figure 3 is the pseudo-code of the proposed 
algorithm. 

The second-order manipulator model designed according to [5,35] was shown in 
Equation (1), where: 

M q =
ρ1+2ρ3cos(q2)+2ρ4sin(q2) ρ2+ρ3 cos q2 +ρ4sin(q2)
ρ2+ρ3cos(q2)+ρ4sin(q2) ρ2

 (28)

C q,q̇ =
( − 2ρ3sin(q2)+2ρ4cos(q2))q̇2 ( − ρ3sin(q2)+ρ4cos(q2))q̇2

(ρ3sin(q2)-ρ4cos(q̇2))q̇
1

0  (29)

G q =
ρ3Ϛ2cos(q1+q

2
)+ρ4Ϛ2sin(q1+q

2
)+(ρ1−ρ2+Ϛ1)Ϛ2cos(q1)

ρ3Ϛ2cos(q1+q
2
)+ρ4Ϛ2sin(q1+q

2
)  (30)

The friction force was: 

F q̇ =2sgn(q̇) (31)

The external interference is as follows: 

τd=[10sin(q̇) 10sin(q̇)]T (32)

The uncertainty parameters are as follows: 

휌 =[ρ1 ρ2 ρ3 ρ4]T (33)
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The physical parameters of the two joints manipulator are shown in Table 2. Table 3 
was the control parameter selection for the control strategies. 

 
Figure 3. Pseudo-code of the proposed algorithm. 

Table 2. Physical parameters of two joint manipulator. 

m1 l1 lc1 I1 me lce Ie δe Ϛ1 Ϛ2 
1 kg 1 m 0.5 m 1/12 kg 3 kg 1 m 0.4 kg 0 −7/12 9.81 

Table 3. The control parameter selection for the control strategies. 

Control Strategy Control Parameters Parameter Value 
TSMC α,β,γ,δ,φ  (0.75, 0.9, 1.2, −0.1, 160) 

NTSMC α,β,γ,δ,φ,ε,µ  (0.75, 0.9, 1.1, 0.1, 160, 22/11,25/11) 

RBF–SMC 
p1,p2,p3,p4,p5

M,φ,ε,µ  (2.9, 0.76, 0.87, 3.04, 0.87, 1, 0.1, 5, 10) 

DDPG–NNTFSMC 
ρ1,ρ2,ρ3,ρ4,α,β

,γ,δ,η,φ,Λ,ε  (휌 , 휌 , 휌 , 휌 ,10, 10, 25/11,21/11,160,2,0.1) 

This paper compared Equation (1) with TSMC and NTSMC proposed in [5,26], RBF–
SMC [5,19], NNFTSMC and DDPG–NNFTSMC proposed in this paper. In order to further 
compare the effects of each control strategy, Equation (28) was led to calculate the average 
position error Es and the average speed error Ev according to [9], where n was the sim-
ulation step size, and the results are shown in Tables 4 and 5. 

E=
1
n

(‖ei‖)2
n

k=1

   (i=1,2,3…) (34)
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Table 4. The control parameter selection for the control strategies. 

Error Control Strategy Es1 Es2 
TSMC 0.6083 0.3986 

NTSMC 0.6449 0.4288 
RBF–SMC 0.4459 0.1151 

DDPG–NNTFSMC 0.0690 0.0757 

Table 5. The average speed errors under control input signals of the control strategy. 

Error Control Strategy Ev1 Ev2 
TSMC 3.1022 2.0766 

NTSMC 3.9493 2.6833 
RBF–SMC 3.5170 0.9385 

DDPG–NNTFSMC 0.5416 0.4756 

Figures 4–7 correspond to the tracking performance of four controllers, including 
tracking position and tracking error of each joint, tracking speed and speed error. Figure 
8 showed the control inputted signals of each controller compared with this paper, includ-
ing the traditional TSMC, NTSMC, and RBF–SMC, NNFTSMC, and DDPG–NNFTSMC 
designed in this paper. 

 
Figure 4. Trajectory tracking positions. 
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Figure 5. Trajectory tracking speeds. 

 
Figure 6. Position tracking errors. 
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Figure 7. Speed tracking errors. 

4.2. Results and Discussion 
From Tables 4 and 5 and Figures 4–7, it could be seen that the position error and 

velocity error of traditional TSMC, NTSMC, and RBF–SMC changed with the application 
of uncertain interference and friction. Compared with the three strategies, DDPG–
NNFTSMC was much smaller in position error, velocity error, average position error and 
average velocity error, the corresponding tracking position and speed almost fitted the 
theoretical value. In addition, the proposed sliding surface function s was designed based 
on the control function in Equation (12), which played an important role in providing fast 
convergence and robustness to uncertainties and disturbances. Compared with other con-
trol strategies, the control strategy proposed in this paper provided the best path tracking 
performance and the fastest convergence speed. 

In Figure 8a,b compared with the traditional TSMC and NTSMC which converged 
on finite time, but for nonlinear and nonsingular systems, there were still system chatter-
ing and errors, so we must choose between chattering elimination and path tracking ac-
curacy. Therefore, the robustness of the system was reduced, and the tracking error was 
increased. As shown in Figure 8c, although the control input 1 of RBF–SMC had the char-
acteristics of fast convergence speed and elimination of chattering phenomenon, the track-
ing error was greatly increased; control input 2 provided a continuous control signal with 
partial chattering behavior, but the tracking error also decreases, as shown in Figures 4–
7. The NNFTSMC designed in this paper provided continuous control signals for the ma-
nipulator, and led DDPG network into the controller, the tracking accuracy was guaran-
teed, and the chattering phenomenon of Figure 8d was eliminated, and the convergence 
time of the control system signal was effectively reduced without losing its effectiveness, 
which is shown in Figure 8e. These adaptive feedbacks were estimated according to the 
change of system disturbance and uncertain disturbance terms. Once the error variables 
converge to the sliding surface, they would be close to a constant value. From the simula-
tion results, the controller was superior to the traditional TSMC, NTSMC, and RBF–SMC 
in tracking accuracy, convergence speed, and chattering elimination. 
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Figure 8. Control input signals of each controllers. 

5. Conclusions 
In this paper, a DDPG–NNFTSMC control strategy was proposed to solve the prob-

lem of chattering and chattering caused by traditional sliding mode control, which is suc-
cessfully applied to manipulator systems with uncertain dynamic characteristics. Based 
on NNFTSMC, the sliding surface was proposed, and the error function can converge on 
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the sliding surface quickly. Then the Lyapunov stability condition was used to prove that 
the NNFTSMC has good stability and finite time convergence. Compared with the tradi-
tional TSMC, NTSMC, and RBF–SMC, the DDPG–NNFTSMC has the following ad-
vantages: (1) DDPG network is used to train and update the control parameters in real 
time to estimate the model uncertainties (including unknown disturbance, dynamic 
model uncertainty, and approximation error), which effectively eliminates the chattering 
phenomenon of the system and ensures the robustness of the system under various un-
certain disturbances; (2) the chattering elimination greatly improves the tracking accu-
racy, reduces the tracking average error, and enhances the ability of antidisturbance and 
uncertainty of the system. Therefore, it can be concluded that DDPG–NNFTSMC pro-
posed in this paper has excellent control performance, and theoretically has good appli-
cation prospects for industrial manipulators with uncertain dynamic models and general 
second-order nonlinear systems. Next, based on the research of scholars [12,31], we will 
try to apply DDPG–NNFTSMC to other different scenarios and combine it with deep re-
inforcement learning to further improve the control performance [32,36,37]. 

Author Contributions: Conceptualization, Z.X. and W.H.; methodology, Z.X. and W.H.; software, 
Z.X. and Z.L.; validation, Z.X. and L.H.; W.H.; results analysis, Z.X. and P.L.; investigation, Z.X. and 
L.H. and Z.L.; data curation, Z.X. and P.L.; writing—original draft preparation, Z.X. and W.H.; writ-
ing—review and editing, Z.X. and W.H.; visualization, W.H.; supervision, Z.X. and W.H.; project 
administration, Z.X. and W.H.; funding acquisition, W.H. All authors have read and agreed to the 
published version of the manuscript. 

Funding: This research was funded by the Guangzhou Science and Technology Planning Project, 
grant number 202002030279. 

Acknowledgments: This work was supported by the Basic Science Research Program through the 
Guangzhou Science and Technology Planning Project (202002030279). 

Conflicts of Interest: All authors announce that they have no conflict of interest in relation to the 
publication of this article. 

References 
1. Lopez, B.T.; Slotine, J.-J.E. Adaptive Nonlinear Control with Contraction Metrics. IEEE Control. Syst. Lett. 2021, 5, 205–210, 

doi:10.1109/lcsys.2020.3000190. 
2. Yu, X.; Zhang, S.; Fu, Q.; Xue, C.; Sun, W. Fuzzy Logic Control of an Uncertain Manipulator with Full-State Constraints and 

Disturbance Observer. IEEE Access 2020, 8, 24284–24295, doi:10.1109/access.2020.2968925. 
3. Zhang, Z.; Yan, Z. An Adaptive Fuzzy Recurrent Neural Network for Solving the Nonrepetitive Motion Problem of Redundant 

Robot Manipulators. IEEE Trans. Fuzzy Syst. 2019, 28, 684–691, doi:10.1109/tfuzz.2019.2914618. 
4. Wang, Y.; Karimi, H.R.; Shen, H.; Fang, Z.; Liu, M. Notice of Violation of IEEE Publication Principles: Fuzzy-Model-Based Slid-

ing Mode Control of Nonlinear Descriptor Systems. IEEE Trans. Cybern. 2019, 49, 3409–3419, doi:10.1109/tcyb.2018.2842920. 
5. Liu, J. Sliding Mode Control and MATLAB Simulation. The Bastic Theory and Design Method, 3rd ed.; Tsing-Hua University Press: 

Beijing, China, 2015. 
6. Bucolo, M.; Buscarino, A.; Famoso, C.; Fortuna, L.; Frasca, M. Control of imperfect dynamical systems. Nonlinear Dyn. 2019, 98, 

2989–2999, doi:10.1007/s11071-019-05077-4. 
7. Ahmed, S.; Wang, H.; Tian, Y. Adaptive High-Order Terminal Sliding Mode Control Based on Time Delay Estimation for the 

Robotic Manipulators with Backlash Hysteresis. IEEE Trans. Syst. Man Cybern. Syst. 2021, 51, 1128–1137, 
doi:10.1109/tsmc.2019.2895588. 

8. Wang, Y.; Xia, Y.; Shen, H.; Zhou, P. SMC Design for Robust Stabilization of Nonlinear Markovian Jump Singular Systems. IEEE 
Trans. Autom. Control. 2017, 63, 219–224, doi:10.1109/tac.2017.2720970. 

9. Vo, A.T.; Kang, H.-J. An Adaptive Neural Non-Singular Fast-Terminal Sliding-Mode Control for Industrial Robotic Manipula-
tors. Appl. Sci. 2018, 8, 2562, doi:10.3390/app8122562. 

10. Fallaha, C.; Saad, M.; Ghommam, J.; Kali, Y. Sliding Mode Control with Model-Based Switching Functions applied on a 7-DOF 
Exoskeleton Arm. IEEE/ASME Trans. Mechatron. 2020, 26, 1, doi:10.1109/tmech.2020.3040371. 

11. Rahmani, M.; Ghanbari, A.; Ettefagh, M.M. Hybrid neural network fraction integral terminal sliding mode control of an Inch-
worm robot manipulator. Mech. Syst. Signal Process. 2016, 80, 117–136, doi:10.1016/j.ymssp.2016.04.004. 

12. Yoerger, D.R.; Slotine, J.-J.E. Adaptive sliding control of an experimental underwater vehicle. Proc. 1991 IEEE Int. Conf. Robot. 
Autom. 1991, 3, 2746–2751, doi:10.1109/ROBOT.1991.132047. 



Appl. Sci. 2021, 11, 4685 15 of 15 
 

13. Wang, J.; Zhai, A.; Xu, F.; Zhang, H.; Lu, G. Dual feedforward neural networks based synchronized sliding mode controller for 
cooperative manipulator system under variable load and uncertainties. Proc. Inst. Mech. Eng. Part C J. Mech. Eng. Sci. 2020, 234, 
3859–3872, doi:10.1177/0954406220916484. 

14. Chen, M.; Ge, S.S. Adaptive Neural Output Feedback Control of Uncertain Nonlinear Systems with Unknown Hysteresis Using 
Disturbance Observer. IEEE Trans. Ind. Electron. 2015, 62, 7706–7716, doi:10.1109/tie.2015.2455053. 

15. Wang, H.; Shi, P.; Li, H.; Zhou, Q. Adaptive Neural Tracking Control for a Class of Nonlinear Systems with Dynamic Uncer-
tainties. IEEE Trans. Cybern. 2017, 47, 3075–3087, doi:10.1109/tcyb.2016.2607166. 

16. Zhao, X.; Yang, H.; Xia, W.; Wang, X. Adaptive Fuzzy Hierarchical Sliding-Mode Control for a Class of MIMO Nonlinear Time-
Delay Systems with Input Saturation. IEEE Trans. Fuzzy Syst. 2016, 25, 1062–1077, doi:10.1109/tfuzz.2016.2594273. 

17. Yang, Y.; Yan, Y. Attitude regulation for unmanned quadrotors using adaptive fuzzy gain-scheduling sliding mode control. 
Aerosp. Sci. Technol. 2016, 54, 208–217, doi:10.1016/j.ast.2016.04.005. 

18. X, Tao.; J, Yi.; Z, Pu.; T, Xiong. Robust Adaptive Tracking Control for Hypersonic Vehicle Based on Interval Type-2 Fuzzy Logic 
System and Small-Gain Approach. IEEE Trans. Cybern. 2021, 51, 2504–2517, doi:10.1109/TCYB.2019.2927309. 

19. Yang, H.-J.; Tan, M. Sliding Mode Control for Flexible-link Manipulators Based on Adaptive Neural Networks. Int. J. Autom. 
Comput. 2018, 15, 239–248, doi:10.1007/s11633-018-1122-2. 

20. Han, S.; Wang, H.; Tian, Y.; Christov, N. Time-delay estimation based computed torque control with robust adaptive RBF neural 
network compensator for a rehabilitation exoskeleton. ISA Trans. 2020, 97, 171–181, doi:10.1016/j.isatra.2019.07.030. 

21. Kamal, S.; Moreno, J.A.; Chalanga, A.; Bandyopadhyay, B.; Fridman, L.M. Continuous terminal sliding-mode controller. Auto-
matica 2016, 69, 308–314, doi:10.1016/j.automatica.2016.02.001. 

22. Le, Q.D.; Kang, H.-J. Finite-Time Fault-Tolerant Control for a Robot Manipulator Based on Synchronous Terminal Sliding Mode 
Control. Appl. Sci. 2020, 10, 2998, doi:10.3390/app10092998. 

23. Doan, Q.V.; Vo, A.T.; Le, T.D.; Kang, H.-J.; Nguyen, N.H.A. A Novel Fast Terminal Sliding Mode Tracking Control Methodology 
for Robot Manipulators. Appl. Sci. 2020, 10, 3010, doi:10.3390/app10093010. 

24. Pan, H.; Zhang, G.; Ouyang, H.; Mei, L. A Novel Global Fast Terminal Sliding Mode Control Scheme for Second-Order Systems. 
IEEE Access 2020, 8, 22758–22769, doi:10.1109/access.2020.2969665. 

25. Su, Y.; Zheng, C. A new nonsingular integral terminal sliding mode control for robot manipulators. Int. J. Syst. Sci. 2020, 51, 
1418–1428, doi:10.1080/00207721.2020.1764658. 

26. Zhai, J.; Xu, G. A Novel Non-Singular Terminal Sliding Mode Trajectory Tracking Control for Robotic Manipulators. IEEE Trans. 
Circuits Syst. II Express Briefs 2021, 68, 391–395, doi:10.1109/tcsii.2020.2999937. 

27. Mobayen, S.; Mostafavi, S.; Fekih, A. Non-singular fast terminal sliding mode control with disturbance observer for underactu-
ated robotic manipulators. IEEE Access 2020, 8, 1, doi:10.1109/access.2020.3034712. 

28. Truong, T.N.; Vo, A.T.; Kang, H.-J. A Backstepping Global Fast Terminal Sliding Mode Control for Trajectory Tracking Control 
of Industrial Robotic Manipulators. IEEE Access 2021, 9, 31921–31931, doi:10.1109/access.2021.3060115. 

29. Hu, Y.; Wang, W.; Liu, H.; Liu, L. Reinforcement Learning Tracking Control for Robotic Manipulator with Kernel-Based Dy-
namic Model. IEEE Trans. Neural Netw. Learn. Syst. 2019, 31, 3570–3578, doi:10.1109/tnnls.2019.2945019. 

30. Wen, G.; Chen, C.L.P.; Li, B. Optimized Formation Control Using Simplified Reinforcement Learning for a Class of Multiagent 
Systems with Unknown Dynamics. IEEE Trans. Ind. Electron. 2019, 67, 7879–7888, doi:10.1109/tie.2019.2946545. 

31. Spong, M.W.; Vidyasagar, M. Robot Dynamics and Control; John Willey & Sons: New York, NY, USA, 1989. 
32. Wang, Y.; Li, S.; Wang, D.; Ju, F.; Chen, B.; Wu, H. Adaptive Time-Delay Control for Cable-Driven Manipulators with Enhanced 

Nonsingular Fast Terminal Sliding Mode. IEEE Trans. Ind. Electron. 2021, 68, 2356–2367.doi:10.1109/TIE.2020.2975473. 
33. Deng, B.; Shao, K.; Zhao, H. Adaptive Second Order Recursive Terminal Sliding Mode Control for a Four-Wheel Independent 

Steer-by-Wire System. IEEE Access 2020, 8, 75936–75945, doi:10.1109/access.2020.2989326. 
34. Mendoza-Avila, J.; Efimov, D.; Ushirobira, R.; Moreno, J.A. Numerical design of Lyapunov functions for a class of homogeneous 

discontinuous systems. Int. J. Robust Nonlinear Control 2021, doi:10.1002/rnc.5478. 
35. Liu, J. Sliding Mode Control and MATLAB Simulation. The Design Method of Advanced Control System, 3rd ed.; Tsing-Hua University 

Press: Beijing, China, 2015. 
36. Kumar, A.; Sharma, R. Linguistic Lyapunov reinforcement learning control for robotic manipulators. Neurocomputing 2018, 272, 

84–95, doi:10.1016/j.neucom.2017.06.064. 
37. Lin, Y.; Huang, J.; Zimmer, M.; Guan, Y.; Rojas, J.; Weng, P. Invariant Transform Experience Replay: Data Augmentation for 

Deep Reinforcement Learning. IEEE Robot. Autom. Lett. 2020, 5, 6615–6622, doi:10.1109/lra.2020.3013937. 


