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 In this paper, we present an adaptive optimal control algorithm for solving the tracking 
control problem of multiple autonomous surface vehicles under uncertain dynamics and 
unknown external disturbances. The proposed control algorithm uses an adaptive dynamic 
programming technique with optimal compensation terms. A disturbance observer is designed 
to handle the problem of unknown time-varying external disturbances. It is proven that all the 
signals in the closed-loop system are bounded. Simulation results are provided to illustrate the 
effectiveness of the proposed control algorithm.

1. Introduction

 In recent years, autonomous surface vehicle (ASV) research has attracted ever-increasing 
attention in exploring natural resources in the ocean space. An ASV has unique advantages, 
such as low energy cost and high intelligence, compared with traditional surface vehicles.(1) A 
solitary ASV may not suffice to deal with complex tasks in some situations.(2) Thus, the 
coordinated control of multiple ASVs has become a burgeoning research topic.(3–6) Zhang et al. 
investigated the event-triggered controller for maneuver control problems of multiple ASVs.(4) 
Considering environmental disturbances, limited communication resources, and input 
saturation, an adaptive controller is designed on the basis of a radial basis function neural 
network (NN). An event-triggered mechanism is adopted to decrease the frequency of 
information transmission and conserve communication resources. Wu et al. investigated the 
path-tracking control of an underactuated unmanned surface vehicle, considering model 
uncertainties and unknown disturbances by adopting a wireless network.(6) The research 
mentioned above is effective; however, these control algorithms do not consider the issue of 
optimal control.
 Optimal control is a foundational design principle that can improve the control performance 
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by minimizing the cost function.(7)  In the control area of ASVs, optimal control has been widely 
applied to achieve the control target with less energy consumption. Given the inherent nonlinear 
characteristics of ASV systems, achieving optimal control for ASVs is a complex problem.(8) To 
handle this problem, adaptive dynamic programming (ADP) techniques are adopted.(8,9) This 
framework employs a reinforcement learning (RL) system to dynamically approximate the 
Hamilton–Jacobi–Bellman (HJB) equation.(10,11) Gao et al. investigated ASVs’ optimal dynamic 
positioning problem.(12) The observer based on a fuzzy logic system (FLS) was given to handle 
the problem of unmeasured states of vessels. Wang et al. presented a data-driven RL-based 
controller for addressing the optimal control problem of a single ASV.(13) A model-free control 
method was formulated using a data-driven approach to achieve control optimality and 
prescribed tracking accuracy concurrently. Wang et al. presented an optimal control scheme for 
the RL-based optimal tracking control of a single ASV.(14) Unknown dead-zone input 
nonlinearities and unknown disturbances are considered and handled by using an NN-based 
identifier. These researchers can handle the optimal control problem of a single ASV; however, 
the optimal tracking control problem of multiple ASVs cannot be handled directly using these 
methods.
 When an ASV operates in a sea environment, the control effectiveness of an ASV can be 
affected by external disturbances such as wind and waves, potentially leading to a failure to 
achieve the control target.(15,16) Furthermore, the issue of disturbance from external environments 
is a crucial factor that requires attention, and it is important to adopt disturbance rejection 
techniques. Thus, adaptive controllers with disturbance observers (DOs) are designed to 
estimate and counteract external disturbances. In recent years, some DO-based controllers have 
been reported.(16–20) Hu et al. investigated the problem of robust leader-follower synchronization 
navigation for ASVs.(16) The problem of unknown external disturbances is solved by adopting 
DOs. Using the dynamic surface control technique, Von Ellenrieder investigated the trajectory 
tracking control problem of ASVs.(20) Time-varying disturbances were considered and estimated 
by a proposed DO. These results are powerful and inspire the authors.
 Motivated by the abovementioned studies, we addressed the optimal formation tracking 
control problem of multiple ASVs in this study. We adopted an ADP algorithm based on 
shipborne sensors’ feedback signal. First, an adaptive controller was designed using the 
backstepping technique, transforming the optimal tracking control problem into an equivalent 
optimal regulation problem. Subsequently, an optimal compensation term was formulated using 
the policy iteration method. The final controller is the sum of the adaptive controller and the 
optimal compensation term. It was proven that the proposed controller can guarantee that all 
signals in the closed-loop system remain bounded. Simulation results were provided to 
demonstrate the effectiveness of the proposed control algorithm.
 The main contribution of this work can be summarized as follows.
(1)  Unlike Refs. 4–6, 21, and 22  that focused on the tracking control problem of multiple ASVs 

without considering optimality, we considered optimality when designing the tracking 
controller. Since the tracking control problem of ASVs often needs to face the tasks related to 
ocean transportation or deep-sea exploration, it is necessary to consider the energy-saving 
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issue. The control method proposed in this paper exhibits an advantage regarding energy 
consumption.

(2)  Unlike Refs. 13 and 14, an advantage of this study is that we investigated the optimal tracking 
control problem of multiple ASVs. In contrast, in Refs. 13 and 14, only a single ASV’s 
optimal tracking control problem was explored. Therefore, the control task in this paper is 
more challenging than in the previous studies.

 The rest of this paper is organized as follows. The control problem is formulated in Sect. 2. 
The adaptive controller and optimal compensation term are introduced in Sects. 3.1 and 3.2, 
respectively. Stability analysis is provided in Sect. 3.3. Simulation results are presented in Sect. 
4. Finally, conclusions are given in Sect. 5.

2. Problem Formulation

 To achieve the tracking control problem of multiple ASVs, a body-fixed frame B and an 
earth-fixed frame E are adopted,(23,24) as shown in Fig. 1.
 Considering the optimal leader-follower formation control problem of multiple ASVs, the 3 
degrees of freedom (3-DOF) system with uncertain dynamics can be described as(22,23)

 
( )
( ) ( ) ( ),

1,2,...,

i i i i

i i i i i i i i i i i i

R

M C D d
i m

η ψ ν

ν ν ν ν ν η ν τ

=

= − − + ∆ + +

=





, (1)

where [ , , ]i i i ix yη ψ= , with xi and yi indicating the position of an ASV in the earth-fixed frame, 

Fig. 1. (Color online) Reference frames.
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ψi is the heading angle in the earth-fixed frame, [ , , ]i i i iu v rν = denotes the velocity of an ASV in 
the body-fixed frame, 1 2 3[ , , ]i i i iτ τ τ τ=  denotes the control input, and 1 2 3[ , , ]i i i id d d d= denotes 
the unknown time-varying external disturbance. Assume that the time derivative of unknown 
external disturbance di is bounded, i.e., i imd d≤ , where dim is bounded. ( ) 3 1Ä ,i iη ν ×∈  denotes 
the uncertain dynamics. ( ) 3 3

i iR ψ ×∈  is the rotation matrix from the earth-fixed frame to the 
body-fixed frame, which is given as

 ( )
( ) ( )
( ) ( )

cos sin 0
sin cos 0

0 0 1

i i

i i i iR
ψ ψ

ψ ψ ψ
 −
 =  
  

. (2)

3 3
iM ×∈  is the inertia matrix, including the hydrodynamially added inertia, ( ) 3 3

i iD ν ×∈  is 
the damping matrix, and ( ) 3 3

i iC ν ×∈  is a matrix of the centripetal and Coriolis terms. Readers 
can check related references to find the details of these three matrices and the parameters inside.
(12)

 From Eq. (1), we can obtain the following equation:

 ( ) ( ) ( )1,
1,2,...,

i i

i i i i i i i i if R M d
i m

η υ

υ η υ ψ τ−

=

= + +
=



 , (3)

where

 ( )i i i iRυ ψ ν=  (4)

and

 ( ) ( ) ( ) ( ) ( )( ) ( )1, ,i i i i i i i i i i i i i i i i if R M C v v D v v R vη υ ψ η υ ψ−= − − + ∆ +  . (5)

 Since ( ),i iη υ∆  is unknown, we cannot directly obtain ( ),i i if η υ . Therefore, an FLS is 
adopted to obtain ( )ˆ ,i i if η υ , an approximation of ( ),i i if η υ .

3. Controller Design

3.1 Design process for the adaptive controller

 The proposed adaptive controller is designed on the basis of the backstepping technique. 
First, the change of coordinates is given as

 1i i idz η η= − , (6)
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 2i i iz υ α= − , (7)

where ηid = ηd + Ri(ψi)pi; [ ], ,d d d dx yη ψ=  is the reference signal of the leader. αi is the virtual 
controller for design purpose. , ,0i ix iyp p p =  


; pix and piy denote the relative position between 

the ith ASV and the leader in the XE and YE directions, respectively. We define a
iα  as the 

adaptive virtual control and *
iα  as the optimal compensation term, where the actual control is 

composed of these two terms, i.e., *a
i i iα α α= + .

 From Eq. (16), we can obtain the time derivative of zi1 as

 1
*

2 .
i i id

a
i i i id

z

z

η η

α α η

= −

= + + −

 




 (8)

 To obtain the control objective, consider the following Lyapunov candidate:

 1 1 1
1
2i i iV z z=  . (9)

 We can obtain the time derivative of Vi1 as

 ( )*
1 1 2

a
i i i i i idV z z α α η= + + −



 . (10)

 The adaptive controller a
iα  can be designed as 

 1 1
a
i i i idr zα η= − +  , (11)

where ri1 = diag(ri11, ri12, ri13) is the positive design parameter vector. Thus, we can obtain 

 *
1 1 1 1 1 2 1i i i i i i i iV r z z z z z α= − + +

   . (12)

The time derivative of zi2 can be expressed as 

 ( ) ( ) ( )1
2 ,i i i i i i i i i iz f R M dη υ ψ τ α−= + + −  . (13)

 To handle the unknown dynamic of fi(ηi, υi), an FLS is adopted; one has

 ( ) ( )*, ,i i i i i i i if η υ θ ϕ η υ ε= + . (14)

εi denotes the minimum approximation error, i.e., ||εi|| ≤ εdm, where 3 3
imε

×∈  is a constant 
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matrix. We can obtain the approximation of fi(ηi, υi) as

 ( ) ( )ˆ ˆ, ,i i i i i i if η υ θ ϕ η υ= . (15)

 To handle the problem of external unknown disturbance, a DO is given; we define the 
auxiliary vector qi as 

 i i i iq d K υ= − , (16)

where [ ]1 2 3, , ,i i i iq q q q= , and 3 3
iK ×∈  is a positive definite design matrix. The time derivative 

of qi can be described as

 ( ) ( ) ( )( )1,i i i i i i i i i i i i iq d K f R M q Kη υ ψ τ ν−= − + + +

 . (17)

 Since di is unknown, qi is also unknown. We can obtain the approximation of qi using the 
following equation:

 ( ) ( ) ( )( )1ˆ̂ ,ˆ
i i i i i i i i i i i iq K f R M q Kη υ ψ τ υ−= − + + + . (18)

 Thus, we can obtain the estimation of di as 

 ˆ ˆi i i id q K υ= + . (19)

 We can obtain ˆ
i i i id d d q= − =

 ; the time derivative of iq  can be described as

 ( ) ( ) ( )1,i i i i i i i i i i i i iq d K K R M qθ ϕ η υ ψ ψ−= − − 

  . (20)

 We design the following Lyapunov function as

 2 1 2 2
1 1 1
2 2 2i i i i i i i iV V z z q qθ θ= + + + 

 

   . (21)

 Using the fact * ˆ
i i iθ θ θ= − , we can obtain the following equation:

 ( ) ( ) ( )( )
( ) ( )( )

2 1 2 2

1
1 2

1

ˆ,

, .

i i i i i i i ii

i i i i i i i i i i i i i

i i i i i i i i i i i i

V V z z q

V z f R M d

q d K K R M q

qθ θ

η υ ψ τ α θ θ

θ ϕ η υ ψ

−

−

= + + +

+ + + − −

+ − −

=

  

 















 

  

 



 (22)
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 According to Young’s inequality, we can obtain

 

2 21 1
2 2i i i imq d q d≤ + 




 (23)

and

 ( ) 

2 2 2 21 1,
2 2i i i i i i i i im iq K q Kθ ϕ η υ ϕ θ≤ + 


   

 . (24)

 We define ( ) ( ) ( )2 ,i i i i i i ih Z f fη υ α− , where [ ]2 ,i i iZ η α= ; one has

 
( ) ( ) ( ) ( ) ( )( )

( )( ) 
1 *

2 1 2 2

1 2 2 2 2 2

ˆ

.1 1 1ˆ
2 2

a
i i i i i i i i i i i i i i i i i i i

i i i i i i i im i im i

V V z h Z R M d

K R M q d K

θ ϕ α θ ϕ α ε ψ τ τ α

θ θ ψ ϕ θ

−

−

≤ + + + + + + + −

− − − + +









 



  




 (25)

 We can design the adaptive controller and adaptive law as

 ( ) ( )( )1 2 2 2
ˆ ˆa

i i i i i i i i i i i i i i iM R z z r z q Kτ ψ θ ϕ α α υ= − − − − + − −

  (26)

and

 ( ) 2
2

ˆ̂̂̂
i i i i i i izθ ϕ α θ θ θ= − −

 

 , (27)

where ri2 = diag(ri21, ri22, ri23) is the positive design parameter vector. According to Young’s 
inequality, we can obtain the following equations:

 2
2 2 2

1 1
2 2i i i i imz z zε ε≤ +  , (28)

 2 * 21 1ˆ
2 2i i i iθ θ θ θ≤ − +

 



 

 , (29)

and

 2 4 * 41 1
1

ˆ̂
0 2i i i i iθ θ θ θ θ≤ − +

  



  

 . (30)
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 Thus, we can obtain 

 



2 4 2 2 2
2

1 1 2

* 2 * 4 2 2

*
3 3 3 3

1 *
3 3

1 1 1( )
10 2 2

1( ( ) ( ) ( ) 1)
2

1 1 1 1
2 2 2 2

0
( ) ,

0 ( )

i i i i i im i

i i i i i i i i i i i

i i im im

i i i
i i i

V Z K

K R M R M M R q

d

I
Z F Z

R M

γ θ ϕ θ

ψ ψ ψ

θ θ ε

α
ψ τ

− −

× ×
−

×

≤ − − − −

− − −

+ + + +

   
 + +           

  ‖ ‖ ‖ ‖ ‖ ‖

‖‖

‖ ‖ ‖ ‖








 (31)

where ( ) ( )3 3 20 ,i i i iF Z h z× =  
, 1 2,i i ir rγ  =  

  , 1 2,i i iZ z z =  
  .

 ( )
( )

3 3 3 3 *
1

3 3

0

0i i i i i
i i i

I
Z Z F Z U

R Mψ
× ×

−
×

  
 = +      



 , (32)

where * * *,i i iU α τ =  
  . From Eqs. (31) and (32), it can be seen that when the controller *

iU  
stabilizes the system [Eq. (32)], iZ  (and 1iz ) becomes negative.(25–27) Therefore, 2iV  becomes less 
than zero, which shows that all the error signals in the closed-loop system are uniformly 
ultimately bounded (UUB). In the following section, *

iτ  will be designed to stabilize the system 
[Eq. (32)] optimally.

3.2 Design process for optimal compensation term

 Consider the following system

 ( ) *
i i i i iZ F Z G U= + , (33)

where ( ) ( )3 3 20 ,i i i iF Z h Z× =  
 and ( )( )1

3 3diag ,i i i iG I R M ψ−
×= . The cost function is described 

as

 ( ) ( )( )*
0i i i it

J r Z t U t dt
∞

= ∫ , (34)

where ( ) ( )* * *,i i i i i i i ir Z U Q Z U R U= +  , ( )i iQ Z ∈ is a positive semidefinite penalty function 
and 0i iR R= ≥  penalizes and controls input. We define a Hamiltonian function as

 ( ) ( ) ( )( ) ( )( )' ' ', ,i i i i i i i i i i i iH Z U r Z U J Z F Z G U= + ∇ +
 , (35)

where '
iU  is associated admissible control and ( )i iJ Z∇  is the gradient of ( )i iJ Z  about Zi. The 

optimal controller ( )*
i iU Z  can be obtained by applying the condition ( )' ', / 0i i i iH Z U U∂ ∂ = ; one 

has
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 ( ) ( )* 1 *1
2i i i i i iU Z R G J Z−= − ∇ , (36)

where ( )*
i iJ Z∇  denotes the gradient of ( )*

i iJ Z  about Zi. The HJB equation can be described as 

 ( ) ( )( ) ( ) ( )( ) ( )( )* * 1 *1 0
4i i i i i i i i i i iQ Z J Z F Z J Z G R J Z−+ ∇ − ∇ ∇ =

 
 (37)

with ( )* 0 0iJ = .
 To obtain the approximation of the optimal cost function, an FLS is designed as

 ( ) ( )* *
i i ib ib i ibJ Z Zθ ϕ ε= + , (38)

where *
ibθ  is the ideal parameter, ( )ib iZϕ  is the fuzzy basis function, and ibε  is the fuzzy 

minimum approximation error. The gradient of the optimal cost function is

 ( ) ( )* */i i i i ib i ib ibJ Z Z Zϕ θ ε∂ ∂ = ∇ +∇ , (39)

where ( )i iZϕ∇   and ibε∇  are the gradients of ( )ib iZϕ  and ibε , respectively. The optimal 
controller and the Hamiltonian function can be expressed as

 ( ) ( )( )* 1 *1
2i i i ib i ib ibU Z R Zϕ θ ε−= − ∇ +∇ , (40)

 
( ) ( ) ( )( ) ( )

( )( ) ( )

* *

* 1 * .

,

1
4

i i ib i i ib ib i i i iHJB

ib ib i i i i ib i ib

H Z Q Z Z H Z

Z G R G Z

θ θ ϕ ε

θ ϕ ϕ θ−

= + ∇ +

− ∇ ∇

 

   
. (41)

 We can obtain the following equation:

 ( ) ( )( ) ( )* 1
HJB

1
4i ib i i i i ib i i i ibF Z G U G R Gε ε ε ε−= ∇ + + ∇ ∇   . (42)

 We can obtain the approximation of the cost function by an FLS, which is described as

  ( ) ( )ˆ
i ib ib ii Z ZJ θ ϕ=  , (43)

where îbθ  is the approximation of *
ibθ . The estimation of the optimal controller can be rewritten as
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  ( ) ( )
* 11

2
ˆ

i i i i ib i ibU Z R G Zϕ θ−= − ∇  . (44)

 We can obtain the approximate Hamiltonian function as

 
( ) ( ) ( )( )  ( )

( )( ) ( )1

ˆ̂ˆ̂

ˆ̂ ,

, |

1
4

i i ib i i ib ib i i i i

ib ib i i i i i i ib

H Z Q Z Z F Z

Z G R G Z

θ θ ϕ

θ ϕ ϕ θ−

= + ∇ Θ

− ∇ ∇

 

   
 (45)

where  ( ) ( ) ( ) ( )1 1 1 2 2 2| | , | ,..., ˆ|ˆ̂̂ˆ̂̂
i i i i i i i i i in in inF Z f z f z f zθ θ θ θ =  


, 

( ) ( ) ( )1 1 1 1 1 1 1 1 1|ˆ̂ ˆ̂̂| |ˆ
i i i i i i i i d if z f x f xθ θ θ= − , ( ) ( ) ( )ˆ̂̂ | |ˆ̂| ˆ

ij ij ij ij ij ij ij ijd ijf z f x f xθ θ θ= − ,

 j = 2, 3, ..., n. We choose the parameter updating law of îbθ  as

 

( )( )  ( ) ( )( ) ( )

( ) ( )( )  ( )

( )( ) ( )

1

1 .

ˆ̂

ˆ

1
2

1
4

ˆ̂

ib ib i i i i ib i i i i ib i ib

i i ib ib i i i i

ib ib i i i i ib i ib

Z F Z Z G R G Z

Q Z Z F Z

Z G R G Z

ϕ θ ϕ ϕ θ

θ ϕ

θ ϕ ϕ θ

θ −

−

 
 
∇= − − ∇ ∇

× + ∇ Θ
− ∇ ∇ 







∣

∣

    

 

   

 (46)

 We define * ˆ
i i iθ θ θ= −  as the estimation error of the optimal cost function parameter. We can 

obtain 

 
( ) ( )( ) ( ) ( )( ) ( )

( )( ) ( )

1 *

1
HJB

ˆˆ

.

1,
2
1
4

i i ib ib ib i i i i ib i ib ib ib i i i

ib ib i i i i ib i ib i

H Z Z G R G Z Z F Z

Z G R G Z

θ θ ϕ ϕ θ θ ϕ

θ ϕ ϕ θ ε

−

−

= ∇ ∇ − ∇

− ∇ ∇ −

  

 

      

   
 (47)

 The error dynamics of Eq. (45) can be written as

 

( ) ( )  ( )

( )

( ) ( ) 

( )

.
1

1

.

1

( ) ( ) ( ) ( ) ( )

1 ( ) ( )
2

ˆ( ) ( ) ( )

1 ( ) ( )
4
1
2

ib ib i i ib i i i ib i i i i ib i ib

ib i i i i ib i

ib ib i i ib ib i i i

ib ib i i i i ib i ib

ib

Z Z Z F Z Z G R G Z

Z G R G Z

Z Z Z F Z

Z G R G Z

θ ϕ ϕ ϕ ϕ θ

ϕ ε

θ ϕ θ ϕ

θ ϕ ϕ θ

θ ϕ

−

−

−


= − ∇ − ∇ + ∇ ∇


+ ∇ ∇ 


× ∇ + ∇


+ ∇ ∇

+ ∇



 



 



      

 

    

   

 ( ) 1
HJB( ) ( ) ,ib i i i i ib i iZ G R G Zε ε− ∇ + 

 

 (48)
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where ( ) ( ) ( )ˆˆ |i i i i i i iF Z F Z F Z θ= − .

3.3 Stability analysis

 Theorem 1: For multiple marine vessel systems [Eq. (1)], the adaptive parameter is determined 
by Eq. (27), the adaptive controller is defined by Eq. (26), the optimal compensation term is 
provided by Eq. (44), and the updated law for the cost function is specified by Eq. (46). By 
selecting the design parameters appropriately, the entire control scheme ensures the boundedness 
of all signals in the closed-loop system, and the system outputs can optimally track the reference 
signal.
 Proof: Consider the following Lyapunov function:

 1 1 2 2
1 1 1 1 1
2 2 2 2 2i i i i i i i ib ib i iV z z z z q qθ θ θ θ= + + + +   

 

     . (49)

 We can obtain 

 1 1 2 2
1
2i i i i i i i ib ib i iV z z z z q qθθ θ θ= + + + + 

   

 





     . (50)

 From Eqs. (46) and (48), we can obtain 

 

( )( )
( )( ) ( ) ( )( ) ( )

( )( ) ( )

( )( ) ( )( ) ( )

( )( ) ( )

1

1

1

1
2

ˆ

1
4
1
2

ib ib ib ib i i

ib ib i i i ib ib i i i i ib i ib

ib ib i i i i ib i

ib ib i i ib ib i i i

ib ib i i i i ib i ib

ib

Z Z

Z F Z Z G R G Z

Z G R G Z

Z Z Z F Z

Z G R G Z

θ θ θ ϕ

θ ϕ θ ϕ ϕ θ

θ ϕ ε

θ ϕ θ ϕ

θ ϕ ϕ θ

θ

−

−

−

= − ∇

+ ∇ − ∇ ∇

− ∇ ∇ 
× ∇ + ∇

+ ∇ ∇

+



   

  



  

 



  

      

  

    

   

( )( ) ( ) ( )( ) ( )( )
( )( ) ( )

1 *

11 .
4

ib i i i i ib i ib i i i i i

ib i i i i ib i

Z G R G Z Z F Z G U

Z G R G Z

ϕ ε ε

ε ε

−

−

∇ ∇ + ∇ +

+ ∇ ∇ 

   

 

 (51)

 Assu me that  ( )( ) ( )1
5ib i i ib i iZ R Zϕ ϕ π−∇ ∇ ≤

  ,  ( ) *
i i i i iF Z U c Z+ ≤ ,  ( )i i ibmZε ε∇ ≤ , 

( )ib i imZϕ ϕ∇ ≤ , where 2i , ci, εibm, and φim are positive constants. We can obtain

 2 4 2 4 2 2
1 2 3 4 5 6 7 8i i i i i i i i i i ib i ib i i iV Z Z qθ θ θ θ≤ − + − + − + − +   

      


 , (52)
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where

 4 4 4
1

11 1
4 2i i i i ibmc cγ ε= − − , (53)

 2 2
2 2i i ibmc ε=

, (54)

 4
3

1 7
10 2i imε= − , (55)

 2 * 4
4

1 12
4 2i im ib imS θ ε= + − , (56)

 2 4 4 12 4
5 5

1 99 77
4 32 16i i im i i imG Rπ ϕ ϕ−= − − , (57)

 2 4 12 2 2 4 12
6

3 1
8 8i im i i ibm im i iG R G Rϕ ε ϕ− −= + , (58)

 ( ) ( )1 2 2
7

1 12
2 2i i i i i i i im iK R M K Aψ ψ ϕ−= − − − , (59)

 

8 14 4 4 12 4
8

2 * 2 * 4

3 3 1

1 .

32 32 2
1 1

2 2 2

i i i ibm i i ibm im

im i i

G R G R

d

ε ε ε

θ θ

− −= + +

+ + +



   

 (60)

 If the following equations hold:
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 We can get 3 0iV < . Thus, it can be concluded that all the signals in the closed-loop system are 
bounded.

4. Simulation

 In the simulation part, a multiple-ASV system consisting of three ASVs is adopted, named 
ASV1, ASV2, and ASV3. The details of the simulation model can be found in Ref. 28. The initial 
positions of the three ASVs are x1(0) = 0, y1(0) = 0.7, ψ1(0) = 0, x2(0) = −0.5, y2(0) = −0.5, 
ψ2(0) = 0, and x3(0) = 0.5, y3(0) = −0.5, ψ3(0) = 0, respectively. The desired tracking signal of the 
leader is chosen as ( ) ( )0 10sin 0.02 ,10(1 cos 0.02 ,0.02t t tη =  −  

. The relative position 
parameters are chosen as 1 2 / 2xp = , p1y = 0, p2x = −0.5, p2y = −0.5, p3x = −0.5, and p3y = 0.5. 
The design parameters are chosen as ri1 =diag(10, 10, 10), ri2 =diag(10, 10, 10), and 
Ki = diag(5, 5, 5). The time-varying external disturbance is adopted as di1 = 5(0.5cos(0.25t) + 
0.5sin(0.15t)), di2 = 5(−0.5cos(0.15t) − 0.5sin(0.25t)), di3 = 5(0.5cos(0.25t) + 0.5sin(0.15t)). The 
fuzzy parameters in the FLSs are settled randomly in (0, 1), and the fuzzy membership functions 
of the FLSs are designed as

 
2

1
1

( )( ) exp
2

lF
x lxµ

 +
= − 

  
, (65)

and

 
2 2

1 2
1 2

( ) ( )( , ) exp exp
2 2

lF
x l x lx xµ

   + +
= − × −   

      
, (66)

where l = −2, −1, 0, 1, 2. x1 and x2 denote the inputs of FLSs. 
 The simulation results are given in Figs. 2–4. The tracking trajectory and system states of 
ASVs are given in Figs. 2(a) and 2(b), respectively. Control inputs of the ASVs are shown in Fig. 
3. The estimation of the disturbances of the ASVs is shown in Fig. 4. From the simulation results, 
it can be concluded that the proposed optimal algorithm can handle the control task and that the 
proposed DO can handle the estimation task of an unknown external disturbance.
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5. Conclusions

 In this paper, we provided an adaptive fuzzy optimal controller for the tracking control 
problem of multiple ASVs with uncertain dynamics. FLSs have been employed to handle the 
uncertain dynamics of the ASVs. We utilized the ADP algorithm, incorporating a technique 
based on optimal compensation terms, to ensure the optimal achievement of the control 
objective. Additionally, a DO has been proposed to address unknown disturbances. The 

Fig. 2. (Color online) (a) Tracking trajectory and (b) system states of ASVs.

Fig. 3. Control outputs of (a) ASV1 , (b) ASV2, and (c) ASV3.

Fig. 4. External disturbances and their estimations of (a) ASV1, (b) ASV2, and (c) ASV3.

(a) (b)

(a) (b) (c)

(a) (b) (c)
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proposed controller has been proven to guarantee that all signals in the closed-loop system are 
bounded. Simulation results have been provided to illustrate the effectiveness of the proposed 
algorithm. The future work of this paper is to solve the control problem of multiple ASVs with 
unmeasured states and investigate the output-feedback control algorithm by adopting the state 
observer technique.

Acknowledgments

 This work was partly supported by the National Natural Science Foundation of China under 
Grant Nos. 51939001, 52301418, 61751202, and 61976033 and by the Liaoning Revitalization 
Talents Program under Grant No. XLYC1908018. This work was also supported by the China 
Scholarship Council (Fund No. 202206570022).

References

 1 Z. Peng, J. Wang, D. Wang, and Q. L. Han: IEEE Trans. Ind. Inf. 17 (2021) 732. https://doi.org/10.1109/
TII.2020.3004343

 2 Y. Yang, Y. Xiao, and T. Li: IEEE Commun. Surv. Tutorials 23 (2021) 815.
 3 Z. Peng, L. Liu, and J. Wang: IEEE Trans. Cybern. 51 (2021) 4611. https://doi.org/10.1109/TCYB.2020.3009992
 4 D. Zhang, Y. Yang, K. Liu, and T. Li: IEEE Trans. Intell. Veh. https://doi.org/10.1109/TIV.2024.3410381
 5 S. Wang, D. Dai, Z. Peng, and Y. Tuo: Ocean Eng. 295 (2024) 116930. https://doi.org/10.1016/j.

oceaneng.2024.116930
 6 W. Wu, Z. Peng, D. Wang, L. Liu, and Q. L. Han: IEEE Trans. Cybern. 52 (2022) 10937. https://doi.org/10.1109/

TCYB.2021.3074396 
 7 X. Sui, D. Liu, H. Xu, C. Zhao, and S. Ma: Int. J. Sens. Netw. 43 (2023) 158. https://doi.org/10.1504/

IJSNET.2023.134907
 8 R. E. Bellman: Dynamic Programming (Princeton Univ. Press, USA, 1957).
 9 F. Wang, H. Zhang, and D. Liu: IEEE Comput. Intell. Mag. 4 (2009) 39. https://doi.org/10.1109/

MCI.2009.932261
 10 P. J. Werbos: Approximate dynamic programming for realtime control and neural modelling. Handbook of 

Intelligent Control: Neural, Fuzzy and Adaptive Approaches (Van Nostrand, 1992) p. 493
 11 H. Chen, H. Zhang, Y. Yang, and L. He: Int. J. Sens. Netw. 44 (2024) 182. https://doi.org/10.1504/

IJSNET.2024.137333
 12 X. Gao, Y. Long, T. Li, X. Hu, C. L. P. Chen, and F. Sun: IEEE Trans. Fuzzy Syst. (2023). https://doi.

org/10.1109/TFUZZ.2023.3257200 
 13 N. Wang, Y. Gao, and X. Zhang: IEEE Trans. Neural NetworksLearn. Syst. 32 (2021) 5456. https://doi.

org/10.1109/TNNLS.2021.3056444
 14 N. Wang, Y. Gao, H. Zhao, and C. K. Ahn: IEEE Trans. Neural Networks Learn. Syst. 32 (2021) 3034. https://

doi.org/10.1109/TNNLS.2020.3009214
 15 W.H. Chen, J. Yang, L. Guo, and S. Li: IEEE Trans. Ind. Electron. 63 (2016) 1083. https://doi.org/10.1109/

TIE.2015.2478397 
 16 X. Hu, X. Wei, Y. Kao, and J. Han: IEEE Trans. Intell. Transp. Syst. 23 (2022) 5470. https://doi.org/10.1109/

TITS.2021.3054177 
 17 Q. Shi, X. Li, Q. Dong, J. Yang, and X. Guo: Ocean Eng. 255 (2022) 111414. https://doi.org/10.1016/j.

oceaneng.2022.111414
 18 N. Gu, D. Wang, Z. Peng, J. Wang, and Q. L. Han: Control Eng. Pract. 123 (2022) 105158. https://doi.

org/10.1016/j.conengprac.2022.105158
 19 K. D. Do: Ocean Eng. 37 (2010) 1111. https://doi.org/10.1016/j.oceaneng.2010.04.007
 20 K. D. von Ellenrieder: Automatica 105 (2019) 433. https://doi.org/10.1016/j.automatica.2019.04.018  
 21 W. Wu, Z. Peng, D. Wang, L. Liu, and Q. L. Han: IEEE Trans. Cybernetics 52 (2022) 10937 https://doi.

org/10.1109/TCYB.2021.3074396

https://doi.org/10.1109/TII.2020.3004343
https://doi.org/10.1109/TII.2020.3004343
https://doi.org/10.1109/TCYB.2020.3009992
https://doi.org/10.1109/TIV.2024.3410381
https://doi.org/10.1016/j.oceaneng.2024.116930
https://doi.org/10.1016/j.oceaneng.2024.116930
https://doi.org/10.1109/TCYB.2021.3074396
https://doi.org/10.1109/TCYB.2021.3074396
https://doi.org/10.1504/IJSNET.2023.134907
https://doi.org/10.1504/IJSNET.2023.134907
https://doi.org/10.1109/MCI.2009.932261
https://doi.org/10.1109/MCI.2009.932261
https://doi.org/10.1504/IJSNET.2024.137333
https://doi.org/10.1504/IJSNET.2024.137333
https://doi.org/10.1109/TFUZZ.2023.3257200
https://doi.org/10.1109/TFUZZ.2023.3257200
https://doi.org/10.1109/TNNLS.2021.3056444
https://doi.org/10.1109/TNNLS.2021.3056444
https://doi.org/10.1109/TNNLS.2020.3009214
https://doi.org/10.1109/TNNLS.2020.3009214
https://doi.org/10.1109/TIE.2015.2478397
https://doi.org/10.1109/TIE.2015.2478397
https://doi.org/10.1109/TITS.2021.3054177
https://doi.org/10.1109/TITS.2021.3054177
https://doi.org/10.1016/j.oceaneng.2022.111414
https://doi.org/10.1016/j.oceaneng.2022.111414
https://doi.org/10.1016/j.conengprac.2022.105158
https://doi.org/10.1016/j.conengprac.2022.105158
https://doi.org/10.1016/j.oceaneng.2010.04.007
https://doi.org/10.1016/j.automatica.2019.04.018
https://doi.org/10.1109/TCYB.2021.3074396
https://doi.org/10.1109/TCYB.2021.3074396


4680 Sensors and Materials, Vol. 36, No. 11 (2024)

 22 Z. Peng, D. Wang, Z. Chen, X. Hu, and W. Lan: IEEE Trans. Control Syst. Technol. 21 (2013) 513. https://doi.
org/10.1109/TCST.2011.2181513  

 23 Z. Li, J. Sun, and S. Oh: Automatica 45 (2009) 1649. https://doi.org/10.1016/j.automatica.2009.03.010
 24 X. Gao, T. Li, M. Li, and C. L. P. Chen: IEEE Trans. Intell. Veh. https://doi.org/10.1109/TIV.2024.3400374
 25 H. Zargarzadeh, T. Dierks, and S. Jagannathan: Int. J. Adapt. Control Signal Process. 28 (2013) 305. https://doi.

org/10.1002/acs.2432 
 26 H. Zargarzadeh, T. Dierks, and S. Jagannathan: IEEE Trans. Neural Networks Learn. Syst. 26 (2015) 2535. 

https://doi.org/10.1109/TNNLS.2015.2441712
 27 K. Sun, Y. Li, and S. Tong: IEEE Trans. Syst. Man Cybern.: Syst. 47 (2017) 33. https://doi.org/10.1109/

TSMC.2016.2586193
 28 R. Skjetne, Ø. Smogeli, and T. I. Fossen: IFAC Proc. Volumes 37 (2004) 203. https://doi.org/10.1016/S1474-

6670(17)31732-9

About the Authors

 Liang-En Yuan received his B.E. degree in materials science and engineering 
from Dalian Maritime University, Dalian, China, in 2017, where he is currently 
pursuing a Ph.D. degree with the Navigation College, Dalian Maritime 
University. From 2023 to 2024, he was a visiting student with the School of 
Computing, University of Portsmouth, Portsmouth, UK. His current research 
interests include fuzzy logic systems and marine vehicle control. 

  (liangen.yuan@outlook.com)

 Yang Xiao received his B.S. and M.S. degrees in computational mathematics 
from Jilin University, Changchun, China, in 1989 and 1991, and his M.S. and 
Ph.D. degrees in computer science and engineering from Wright State 
University, Dayton, OH, USA, in 2000 and 2001, respectively. He is a Full 
Professor at the Department of Computer Science, The University of Alabama, 
Tuscaloosa, AL, USA. Dr. Xiao directed 20+ doctoral dissertations and 
supervised 20+ M.S. theses/projects. He has published over 600 papers [300+ 
SCI-indexed journal papers (including 70+ IEEE/ACM Transactions) and 
300+ conference papers or book chapters]. His research interests include 
cyber-physical systems, the Internet of Things, security, wireless networks, 
smart grids, and telemedicine. Prof. Xiao was a Voting Member of the IEEE 
802.11 Working Group from 2001 to 2004, involving the IEEE 802.11 (Wi-Fi) 
standardization work. He is a Fellow of IEEE, IET, AAIA, AIIA, and ACIS. 
Dr. Xiao served as a Guest Editor 37 times for different international journals, 
including the IEEE Journal on Selected Areas in Communications (JSAC) in 
2022–2023, IEEE TRANSACTIONS ON NETWORK SCIENCE AND 
ENGINEERING (TNSE) in 2021, IEEE TRANSACTIONS ON GREEN 
COMMUNICATIONS AND NETWORKING in 2021, IEEE Network in 
2007, IEEE WIRELESS COMMUNICATIONS in 2006 and 2021, IEEE 
Communications Standards Magazine in 2021, and Mobile Networks and 
Applications (MONET) (ACM/Springer) in 2008. He also serves as the Editor-
in-Chief of the Cyber-Physical Systems Journal, the International Journal of 
Sensor Networks (IJSNet), and the International Journal of Security and 

https://doi.org/10.1109/TCST.2011.2181513
https://doi.org/10.1109/TCST.2011.2181513
https://doi.org/10.1016/j.automatica.2009.03.010
https://doi.org/10.1109/TIV.2024.3400374
https://doi.org/10.1002/acs.2432
https://doi.org/10.1002/acs.2432
https://doi.org/10.1109/TNNLS.2015.2441712
https://doi.org/10.1109/TSMC.2016.2586193
https://doi.org/10.1109/TSMC.2016.2586193
https://doi.org/10.1016/S1474-6670(17)31732-9
https://doi.org/10.1016/S1474-6670(17)31732-9
mailto:liangen.yuan@outlook.com


Sensors and Materials, Vol. 36, No. 11 (2024) 4681

Networks (IJSN). Dr. Xiao has been serving as an Editorial Board Member or 
an Associate Editor for 20 international journals, including the IEEE TNSE 
since 2022, IEEE TRANSACTIONS ON CYBERNETICS since 2020, IEEE 
TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS: SYSTEMS 
from 2014 to 2015, IEEE TRANSACTIONS ON VEHICULAR 
TECHNOLOGY from 2007 to 2009, and IEEE COMMUNICATIONS 
SURVEYS AND TUTORIALS from 2007 to 2014. He serves/served as a 
Member of the Technical Program Committee for more than 300 conferences. 
He received the IEEE TNSE Excellent Editor Award in 2022 and 2023. 
(yangxiao@ieee.org)

 Tieshan Li received his B.S. degree in ocean fisheries engineering from the 
Ocean University of China, Qingdao, China, in 1992 and his Ph.D. degree in 
vehicle operation engineering from Dalian Maritime University (DMU), 
Dalian, China, in 2005. He was a lecturer with DMU from 2005 to 2006, an 
associate professor from 2006 to 2011, and has been a Ph.D. supervisor since 
2009 and a full professor since 2011. From 2007 to 2010, he was a postdoctoral 
scholar at the School of Naval Architecture, Ocean and Civil Engineering, 
Shanghai Jiao Tong University, Shanghai, China. From 2008 to 2009 and 2014 
to 2015, he visited the City University of Hong Kong, Hong Kong, as a senior 
research associate. Since 2013, he has been a visiting scholar with the 
University of Macau, Macau, China, many times. His current research 
interests include intelligent learning and control for nonlinear and multiagent 
systems, and their applications to marine vehicle control. (tieshanli@126.com)

 Dalin Zhou received his B.S. degree in automation from the University of 
Science and Technology of China, Hefei, China 2012, and his Ph.D. degree in 
computing from the University of Portsmouth, Portsmouth, U.K., in 2019. He 
is an associate professor in Intelligent Sensing and Rehabilitation with the 
School of Computing, University of Portsmouth, UK. His research interests 
include wearable sensing and analysis, assistive robotics, rehabilitation 
intelligence, human behavior analysis, human–machine interaction, and 
intelligent engineering informatics. His research contributed to the fusion of 
multimodal sensing technology, electromyography, ultrasound, intelligent 
systems, and machine learning algorithms for human–machine interactions in 
rehabilitation and industry. He has published over 60 peer-reviewed papers 
and editorial volumes in his research area. He has led research projects funded 
by Innovate UK, the EU Commission, the European Regional Development 
Fund, the Daiwa Anglo-Japanese Foundation, and the Japan Society for the 
Promotion of Science as the principal investigator and co-investigator. He has 
been a guest editor of special issues in journals such as the International 
Journal of Humanoid Robotics, Applied Sciences, Sensors and Materials, and 
Sensors. (dalin.zhou@port.ac.uk)

mailto:yangxiao@ieee.org
mailto:tieshanli@126.com
mailto:dalin.zhou@port.ac.uk



