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Abstract 

Dynamic Positioning systems are crucial for modern marine vessels to maintain positions 
or track trajectories under environmental disturbances. Traditional model-based and neu-
ral network control schemes often suffer from heavy computational burdens, low-velocity 
nonlinearities, and chattering near decision boundaries during waypoint transitions, 
which can trigger actuator saturation. To address these challenges, this paper proposes an 
enhancing robust adaptive control algorithm. Specifically, a model-free control frame-
work is developed by employing an asynchronous deep Actor–Critic neural network with 
multi-layer perceptron for high-precision policy approximation in continuous spaces. To 
accelerate convergence, an online meta-driven radial basis function network is proposed 
for adaptive reward shaping, optimized by the Adam scheme. Furthermore, at the guid-
ance level, a hysteresis state machine and an adaptive damping reference model are de-
signed to decouple wave-induced high-frequency chattering and eliminate thrust satura-
tion. By applying dynamic surface control, the proposed scheme avoids complex thrust 
allocation calculations. The proposed method enhances system autonomy and ensures 
smooth transient behavior while maintaining compatibility with standard marine hard-
ware. 

Keywords: meta-driven reward shaping; adaptive damping reference model; hysteresis 
state machine; asynchronous Actor–Critic 
 

1. Introduction 
Dynamic Positioning (DP) systems represent a core technology in modern marine 

engineering [1]. These systems enable fully actuated vessels to maintain a predefined po-
sition or track desired trajectories. By actively generating control forces, they counteract 
environmental disturbances without relying on mooring lines [2]. In recent years, artificial 
intelligence has introduced new paradigms for autonomous control in marine engineer-
ing [3,4]. To address model uncertainties and unpredictable external disturbances, re-
searchers have utilized neural networks and Takagi Sugeno fuzzy systems [5,6]. However, 
these methods typically involve a large number of computational parameters. Advanced 
control schemes, such as event-triggered control [7] and time-delay compensation [8], 
have optimized resource utilization. Nevertheless, traditional model-based algorithms 
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still show limited adaptability when dealing with complex hydrodynamic interactions [9] 
and low-velocity nonlinear properties in dynamic marine environments [10]. 

To overcome these limitations, Reinforcement Learning (RL) has emerged as a prom-
ising model-free paradigm for dynamic positioning systems [11–13]. Unlike traditional 
methods [14] that suffer from the curse of dimensionality, we employ an asynchronous 
deep Actor–Critic neural network with Multi-Layer Perceptron (MLP) to achieve high-
precision policy approximation in continuous spaces. 

At the same time, to accelerate convergence, an online meta-driven Radial Basis 
Function Network is proposed for adaptive reward shaping [15,16], which dynamically 
refines reward signals based on real-time tracking performance [17]. To ensure stable pa-
rameter updates, the Adam optimization scheme is incorporated to scale gradient steps. 
However, the exploration of RL can still induce abrupt state jumps during large waypoint 
transitions, triggering actuator saturation [18,19]. 

Consequently, ensuring smooth transient behavior requires systematic trajectory 
planning at the guidance level [20]. This planning must work in tandem with the low-
level control loop. Particularly in multi-target positioning tasks [21], the smoothness of 
waypoint transitions determines the overall performance of the system. Conventional 
switching strategies based on acceptance circles often suffer from discrete chattering near 
decision boundaries. This chattering is primarily caused by wave-induced high-frequency 
motions. Although second-order critically damped reference models are widely used to 
filter reference trajectories, static parameter configurations present a trade-off. They fail to 
simultaneously suppress overshoot under large deviations and maintain response sensi-
tivity under small deviations [22]. Therefore, designing a mechanism to suppress transient 
shocks by dynamically adapting reference parameters remains a critical bottleneck. 

Motivated by these observations, this paper proposes a robust adaptive dynamic po-
sitioning control scheme based on an asynchronous and a hybrid reward fusion network. 
This scheme enhances the overall control performance of ship dynamic positioning from 
two aspects: optimization of the reinforcement learning algorithm and dynamic trajectory 
smoothing of the guidance layer. The major contributions of this article are twofold: 

(1) An asynchronous reinforcement learning framework is developed for model-free 
vessel dynamic positioning, incorporating a meta-driven radial basis function network-
based adaptive reward shaping strategy, is developed to dynamically optimize reward 
signals according to real-time tracking performance combined with Adam gradient up-
dating. 

(2) A hysteresis state machine and an adaptive damping reference model are estab-
lished to refine the guidance trajectory at the planning level. Time-varying damping reg-
ulation balances dynamic response and steady-state smoothness, which effectively sup-
presses wave-induced high-frequency chattering during waypoint switching. 

2. Issues Regarding the Formulation and Preliminaries 
2.1. Preliminaries 

Throughout this paper, 1diag{ ,..., }ny y  denotes the main diagonal matrix, with the 

diagonal elements being 1 ,..., ny y . For a given matrix ,X [ ] m n
i jx

×= ∈
 where 

m n×  rep-
resents the set of all m n×  matrices consisting of real numbers, m  and n  represent 

the numbers of rows and columns of the matrix, respectively. 
 ⋅ 

 indicates the matrices 

of the absolute operator of a scalar. 
 ⋅ 

 is the Euclidean norm of a vector and F
 ⋅ 

 

denotes the Frobenius norm. Specially, 
{ }2 T 2

,1 1
X tr X X m n

i jF i j
x

= =
= =    refers to the 
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square of the Frobenius norm of the matrix, which is the sum of the squares of all elements. 

{ }tr X
 is the sum of the main diagonal elements of X . The notation ( )⋅  acts as a gen-

eral placeholder for arbitrary variables or parameters. For any quantity denoted by ( )⋅ , 

( )⋅  stands for its estimated value, and the corresponding estimation error is defined as 

( ) ( ) ( )⋅ = ⋅ − ⋅ . 

The operator   denotes the Hadamard product, which performs element-by-ele-
ment multiplication between vectors or matrices of the same dimension. Given an n -di-

mensional vector 
n∈z  , along with its component-wise lower bound vector 

n∈a   and 

upper bound vector 
n∈b   satisfying i ia b<  for all 1,2,...,i n= , the smooth projection 

operator 
T

1 1 1Proj{ , , } [Proj{ , , }, ,Proj{ , , }]n n nz a b z a b= …z a b  is introduced to constrain each 

component of z  inside the compact interval [ , ]i ia b . This operator remains continuously 

differentiable and satisfies Proj{ , , }i i i iz a b z=  if ( , )i i iz a b∈ . 

2.2. Dynamic Model of Marine Vessels 

To achieve precise dynamic positioning (DP) and satisfy the high stability require-
ments of offshore operations, a 3-degree-of-freedom (DOF) marine vessel model is con-
sidered. According to seakeeping and maneuvering theory, the kinematic and dynamic 
equations are expressed as: 

( )ψ=η R μ
 

(1)

( )+ = + wMμ N μ μ τ τ  (2)

( ) ( )nβ= pτ T κ μ  (3)

where the vector [ ]T 3, ,x yψ= ∈η  describes the position coordinates and heading an-

gle relative to the earth-fixed frame, [ ]T 3, ,u v r= ∈μ  represents the linear and angular 
velocity vector within the body-fixed frame, and the rotational matrix is expressed as 

Equation (4). Note that ( ) ( )T 1ψ ψ−=R R
, 

1=R
. 

( )
( ) ( )
( ) ( )

cos sin 0
sin cos 0

0 0 1

ψ ψ
ψ ψ ψ

 
 = − 
  

R  (4)

In Equation (2), 
3 3×∈M   and ( )N μ μ

  represent the system inertia mass matrix 

and the nonlinear hydrodynamic terms, respectively, and ( )N μ μ
  includes Coriolis 

forces and centripetal forces as well as nonlinear damping forces. [ ]T, ,= u v rτ τ τ τ  rep-
resents the controlling force and torque provided by the driving device, and Equation (1) 

expresses detailed distribution models are given. [ ]T, ,=w wu wv wrτ τ τ τ  is a bounded dis-
turbance caused by the disturbances of the wind, wave, and current environment. 
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0 0
= 0

0

u

v G r

G r z r

m X
m Y mx Y
mx Y I N

− 
 − − 
 − − 



 

 

M

 

(5)

( )
( )

u v ru u

u v r v v v r

u v r v r v v v r

X X u u Y v r Y rr

X ur Y v Y r Y v v Y v r

X Y uv Y ur N v N r N v v N v r

 − − + +
 
 = − − − − −
 

− − − − − −  

 



  

N μ μ  (6)

zI  represents the moment of inertia along the body-fixed bz  axis. vY  , rY   and 

rN   characterize added mass and inertia moment. Around 
( ) , , ,u vu uX X YN μ μ  , etc., are 

all hydrodynamic force derivatives. 

In Equation (3), ( ) 3 qβ ×∈T
  denotes the thrust allocation configuration matrix, 

where the positive integer q  represents the total number of independent propeller 

thrusters equipped on the vessel; 
( ) ( ) ( ){ }1 1diag ,..., q q

q qn n nκ κ ×= ∈κ 
 is the unknown 

speed-dependent thrust coefficient matrix and each element ( )i inκ  is the time-varying 

thrust gain of the i  -th thruster related to propeller rotational speed in  ; 
T

1 1 ,..., q qp p p p =  pμ  is the actual pitch ratio input vector with [ ]1,1ip ∈ − 1,...,i q=

. β  is the bearing angle especially for the rotatable thruster [23]. 

Assumption 1. As the inertial mass matrix, M is positive definite and invertible. Due to the 
inherent port starboard symmetry and approximate fore aft symmetry of surface vessels, this as-
sumption is typically satisfied. 

Assumption 2. In Equation (2), wτ  represents a bounded disturbance, i.e., there exists a positive 

constant vector [ ]T, , 0= >w wu wv wrτ τ τ τ . Note that wτ  is an unknown vector solely for the 
purposes of analysis. 

Assumption 3. The gradient vectors are bounded on the compact sets iΩ , such that 
( )i it ξ≤G

 

for all 0t≥ , where 0iξ >  is positive constants. 

Lemma 1. In practical engineering, the thrust generated by a propulsor is always limited. There-
fore, for a given vessel, the force coefficient of the propulsor is a constant that must satisfy the 

condition 
( )0 i i i inκ κ κ< ≤ ≤

, where 1,...,i q= . Both iκ
 and iκ  are not explicitly known 

and are introduced exclusively for the purpose of stability proof. 

Lemma 2. For any ∈ΩΘ  and its optimal target 
* ∈ ΩΘ , the projection operator satisfies the 

following inequality [24]: 

* T * T( ) proj( , ) ( )− ≤ −Θ Θ ΘY Θ Θ Y  (7)
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2.3. Meta-Driven Reward Shaping Mechanism and Adam Meta Gradient Optimization 

To address the slow convergence of reinforcement learning caused by sparse tracking 
rewards, a baseline tracking penalty reward is defined as: 

2 2
0 1 2 3 4 rl| |e e er c x y c c cψ= − + − − −eμ u  (8)

where 1 2 3 4, , , 0c c c c >  are fixed weight hyperparameters for position error, heading error, 
velocity error and control effort penalty. 

Meanwhile, an auxiliary Reward Shaping Network is introduced. The corrective 
feedback reward is queried directly from the activated grid indices: 

rfn rfn ( )tr f s=  (9)

where rfn ( )f ⋅  denotes the forward mapping of the RFN. 

Utilizing a dynamic blending mechanism, the final reward fr  is formulated as: 

f 0 rfn 0 s( ) ( ) sr r t r r cϑ= + ⋅ − − ⋅  (10)

where max( ) [0, ]tϑ ϑ∈  is a warm-up coefficient scaling factor, and s  indicates safety fil-

ter activation, and 0sc >  is the safety penalty constant for suppressing saturation risk. 
The parameters of the Meta-Reward Shaping network are updated using a meta-per-

formance index computed over a sliding horizon of length Δ. And a rolling buffers for 
tracking errors and control effort are defined as: 

{ }
{ }

i
( ) 2 2

e e
j=i- +1

i( )
e j=i- +1

2i( )

j=i- +1

pos = x ( j) +y ( j)

psi = | ( j)|

1ctrl = u( j)

i
buf

i
buf

i
rms

ψ
Δ

Δ

Δ


Δ

 (11)

where 
( )i
bufpos

 and 
( )i
bufpsi

 are a sliding window storage of a horizontal position Euclid-

ean error and absolute heading tracking error over recent Δ  time steps. 
( )i
rmsctrl   is the 

root-mean-square value of control input u  within the sliding window horizon. 
Through a weighted combination, the expression of the meta-performance index 

( )
meta
iJ  can be further obtained as follows: 

( )( ) ( ) ( ) ( )
meta pos ,ctrl ,psii i i i

J rmsbuf bufJ R=  (12)

Finally, the parameter set is updated via the following gradient scheme: 

( )*

( 1) ( ) ( )

( ) ( ) ( ) ( )

iii i

T
i i i i i i

ii ii ii

t x x E

Gθθ θ α+

= − +

= −

G Φ Θ Θ Φ
 (13)

where iα  denotes the positive meta-learning rate. ( )i xΦ  is the bounded vector, and 
iE  represents the bounded reconstruction/Bellman residual error. 

For any parameter, tθ  is updated using the Adam optimizer rules, which prevent 
gradient explosion: 
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1 1 1

2
2 1 2

1 2

1

(1 )
(1 )

ˆ ˆ,
1 1

ˆ
ˆ

t t t

t t t

t t
t t

t
t t t

t

m m g
v v g

m vm v

m
v

β β
β β

β β

θ θ ρ
ε

−

−

−

= + −
= + −

= =
− −

= −
+

 (14)

where ,...,t tm v  denote an intermediate calculation quantity in Adam [25,26]. 

3. Robust Adaptive Neural Cooperative Controller 
This section is established by introducing an Actor–Critic-based reinforcement learn-

ing strategy to construct an adaptive control scheme for vessel dynamic positioning (DP) 
systems [27]. By iteratively learning and optimizing control policies, the proposed con-
troller is capable of adapting to complex and time-varying ocean disturbances. Subject to 
Assumptions 1 and 2, we devise a robust neural adaptive control framework grounded 
on dynamic surface control theory for the DP dynamics formulated in Equations (1) and 
(2). The overall structural sketch and detailed module flowchart of the developed DP con-
trol architecture are visualized in Figure 1, which expresses the complete structure and 
logical flow of the entire control system [28–30]. 

 

Figure 1. Overall schematic framework of the proposed reinforcement learning-based adaptive con-
trol system. 

3.1. Actor-Critic State-Value and Policy Generation 

Define the closed-loop system tracking error state vector of the vessel as 
T T 6[ ] [ , , , , ], ,t e e e e e ex y u v rψ= = ∈e es η μ  , where the position eη  and velocity errors eμ  

are defined from Equations (27) and (32), respectively. The critic network approximates 

the state value function ( )tV s  to evaluate the performance of the current policy [31–33]. 

Given the state vector ts , the forward pass propagation is defined as: 

1 1m ax(0, )c c t ch s b= +Θ  (15)

2 2t c c cV h b= +Θ  (16)
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where 1 1,c cbΘ  and 2 2,c cbΘ  are the weights and biases of the hidden layer and the out-
put layer, respectively. 

To prevent parameter drift and control signal windup, a projection operator is ap-

plied to the parameter update laws of the actor networks { , }μ σΠ ∈ . For the parameter 

element at index [ , ]i c , the update law is defined as: 

{ }( )
,max ,max[ , ] Proj , ,ci c πα θ θΠ Π ΠΠΘ = ∇ −  (17)

where πα  denotes the learning rate, 
( )c
Π∇  is the policy gradient, and ,m axθ Π  represents 

the predefined parameter boundary to enforce stability. 

The actor network parameterized by Θ  generates the mean tμ  and standard de-

viation tσ  of the action distribution. Sharing the feature extractor representation ah , 
the forward pass is modeled as: 

1 1m ax(0, )a a t ah s b= +Θ  (18)

m ax, tanh( )a tz h b U zμ μ μ μμ= + =Θ  (19)

, ln(1 )za tz h b e σ
σ σ σ σ= + = +Θ  (20)

where maxU  scales the maximum control authority. The mean action tμ  is bounded by 

a hyperbolic tangent function, and the standard deviation tσ  is constrained to be posi-

tive using Soft plus activation. ah  is a hidden layer feature output activated by a ReLU 

function max(0, )⋅ . 1 1,a abΘ , ,bμ μΘ  and ,bσ σΘ  are a weight matrix and bias vector of 

a Actor hidden layer MLP, a output layer weights/biases for action mean tμ  and a action 

standard deviation tσ , respectively. 
To ensure smooth control output and reduce high-frequency mechanical wear [34], 

exploration actions sampled from the Gaussian distribution are filtered: 

1

1( )
1 ( 1)

11

, ~ (0, )
, 1

(1 ) , 1

t t t

tii
t ii

a a tt

u I
u ii

u
u u ii

μ σ ξ ξ

α α−

= +
=

=  + − >

 
 (21)

where ξ  is the zero-mean Gaussian noise vector, and aα  is the exponential smoothing 
factor. 

In the next step, the Critic target value tR  and the generalized advantage estimate 
tA  are calculated as: 

final prev ,t t t tR r V A R Vγ= + = −  (22)

To account for physical latency in real-world environments, the state vector history 

with an observation delay of wΔ   is utilized, denoted as 
T[ ( ), , ( )]t w e es x i w r i w−Δ = −Δ … −Δ . Consequently, the target value of the previous state, 

prevV  is reconstructed as: 

2 1 1 2
prev

max(0, ) , 1
, otherwise
c c t w c c

t

s b b t t
V

V
−Δ + + −

=


Θ Θ 
 (23)

The policy log-likelihood, policy entropy, and the loss functions for the Critic and 
Actor are formulated as: 
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2

2
1 ( )log 2ln ln(2 )
2

t t
t

t

u μπ σ π
σ

 −= − + + 
 

 (24)

21 ln(2 )
2

tH eπ π σ=   (25)

21 , (log )
2

c t a t aL A L A Hππ β= = − +  (26)

where aβ  is the entropy coefficient. Let 1 2{ , }c c c=Θ Θ Θ  and 1{ , , }a a μ σ=Θ Θ Θ Θ  de-
note the parameters of the critic and actor networks, respectively. 

Remark 1. Due to the localized approximation property of tile coding, the optimal (ideal) parame-

ter tables are defined as prevV  . The parameter estimation errors are defined as: 
 *= −i i iΘ Θ Θ  . 

Owing to the application of saturation clipping, the parameter estimation errors are inherently 

bounded within a compact set, yielding 


,maxi i≤ ΘΘ
. 

3.2. Control Design 

Define the geodetic frame position and heading tracking error vector between actual 

vessel state [ , , ]Tx yψ=η  and desired reference trajectory [ , , ]Td d d dx y ψ=η  as: 

= −e dη η η  (27)

Taking the time derivative of Equation (9), one has obtained as: 

( )ψ= − e dη R μ η  (28)

Utilizing the position error dynamics in Equation (10), the immediate control 
3∈μα  can be directly selected as 

( )( )1 ψ−= − + μ η e dα R K η η , (29)

where ηK  denotes a positive definite diagonal matrix. Nevertheless, analytically obtain-

ing the derivative of μα  is computationally prohibitive due to its high complexity. To 
circumvent the “explosion of complexity” issue, the dynamic surface control technique 
[14,27] is employed by introducing a first-order low-pass filter with a time constant matrix 

{ }diag , ,u v rt t t=μt . 

( ) ( ), 0 0− = =
μ μ μ μ μ μα β t β α β  (30)

The filtered output vector μβ   serves as the command signal for the velocity μ . 
Meanwhile, define the error vector as: 

= −μ μ μq α β , (31)

and the velocity tracking vector as: 
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= −e μμ μ β . (32)

the derivative of μq  can be derived by Equations (13) and (14): 

( ) -1, , ,rψ

= −

= −

 


μ μ μ

μ e e μ μ

q α β

Ω η η t q
 (33)

where ( ) ( ) ( ) ( ) T
= , ,u v r⋅ Ω ⋅ Ω ⋅ Ω ⋅  μΩ

 contains bounded continuous function elements. 
Subsequently, combining Equations (28) and (33) yields the derivative of the position 
tracking error: 

( )( )ψ= − + − e μ μ e dη R α q μ η  (34)

where the primary control variable 
T

= , ,up vp rpα α α  μpα
 in the proposed design is cho-

sen as Equation (38) for the desired thrusts term 
( ) ( )nβ pT κ μ

. 
Propeller thrust servo systems are highly susceptible to significant uncertainties aris-

ing from intricate system structures and varying operating environments. These uncer-
tainties, such as parameter perturbations, external environmental loads, and load varia-
tions [25], directly lead to fluctuations in the thrust coefficient, thereby threatening pro-
pulsion system stability [28,35]. To mitigate these issues, this study introduces a robust 
adaptive control scheme capable of online parameter self-tuning to accommodate varia-

tions in vessel states and propeller dynamics [29]. Specifically, the parameter ( )1/ i inκ
 

is estimated via 

kλ  [30,35]. Based on Equations (17) and (18), the control input vector is 

synthesized as 
T

1,..., qp p =  p
, which parameters are updated by the adaptive law in 

Equation (19). Consequently, the proposed method guarantees superior stability and effi-
ciency under dynamic environments. 

( )sgn ×= p pp μ μ  (35)

 { } ( )†
1diag ,..., qλ λ= ⋅p μpμ T α  (36)

( )( )†
, ,

, , , ,

ˆ ˆ 0 , 1,...,k k k j i k e jp k k k
i u v r j u v r

T T i k k qλ χ α χ σ λ λ
= =

 
= − + − = 

 
 

 (37)

( )ψ= − + + −μp μ e μt eμα K μ β R η  (38)

where 
T

1, ,..., qχ χ =  μ kK χ
  and 

T
1,..., qσ σ =  kσ   are the positive parameters, espe-

cially 
  ( )( )0k kλ λ−kσ   could protect the estimation  kλ   from the drifting divergence. 

†T  denotes the pseudo inverse of T . According to the adaptive law equation (Equation 
(37)), the gain correlation coefficient is added to compensate for the influence of model 
uncertainty and interference [31]. 

  



J. Mar. Sci. Eng. 2026, 14, 1420 10 of 19 
 

https://doi.org/10.3390/jmse14151420 

3.3. Error-Threshold Adaptive Reference Model 

In route optimization for marine vessels, direct connections between discrete way-
points typically generate piece-wise straight-line paths with sharp corners. This non-
smooth geometric profile poses significant challenges for trajectory generation, as the sud-
den changes in path tangents violate the vessel’s dynamic feasibility constraints and often 
lead to numerical convergence difficulties in optimization algorithms [36]. To suppress 
discrete chattering near waypoint transitions, the multi-waypoint sequence is defined as: 

{ }3
wp[ , , ] | 1,2, ,k k k T

k d d dx y k Nψ= = ∈ = …w   (39)

Let wp wp( ) {1,2, , }I t N∈ …  be the active waypoint index. The transition distance to the 
target is calculated as: 

( ) ( )wp wp
2 2( ) ( )

wp ( ) ( ) ( )I t I t
d dd t x x t y y t= − + −  (40)

To prevent frequent switching triggered by environmental disturbances, a discrete 

freeze counter f ( )C t ∈  is introduced. The active waypoint updates only when the ac-

ceptance threshold is met wp reach( )d t d<  and the freeze period has expired f ( ) 0C t = , as 
governed by: 

wp wp reach f wp wp
wp

wp

( ) 1,if ( ) and ( ) 0 and ( )
( Δ )

( ),otherwise
 I t d t d C t I t N

I t t
I t

+ < = <
+ =



 
 (41)

( )
f wp wp

f
f

,if ( Δ ) ( )
( Δ )

max 0, ( ) 1 ,otherwise
N I t t I t

C t t
C t

+ ≠
+ = −

 (42)

where the lock duration is fT , yielding f fround( /Δ )N T t= . This mechanism decouples 
waypoint transitions from high-frequency wave-induced disturbances, stabilizing the 
guidance system. 

To smooth step control commands during waypoint transitions, a second-order non-

linear reference model is designed. Let dη  be the reference state vector, satisfying: 

( )wp
2

( )2 ( ) ( ) ( ) I tt t t=− − −d dη Z η w Ω Ωμβ  (43)

The natural frequency , , ,( ) diag( , , )n x n y nt ψω ω ω=Ω   and damping ratio 
( ) diag( , , )x yt ψζ ζ ζ=Z   adapt dynamically to the global tracking error 

2 2
p ( ) ( ) ( )d de t x x y y= − + −  as follows: 

( )0
, , p( ) 1 tanh ( )n i n it e tω ωω ω α γ= ⋅ − ⋅ ⋅    (44)

( )0
p( ) 1 tanh ( )i it e tζ ζζ ζ α γ= ⋅ + ⋅ ⋅    (45)

where positive tuning parameters (0,1)ωα ∈  and 0ζα >  scale the adaptation bounds, 

while , 0ω ζγ γ >  determine the sensitivity to tracking errors. 

Remark 2. The adaptive law exhibits the following behaviors depending on the tracking error. 

When a large transition error occurs p 0e  , the damping ratio increases to eliminate overshoot. 
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Simultaneously, the natural frequency , ( )n i tω   decreases, slowing down the transition rate of 
dη  and preventing control input saturation in the actor network. As the tracking error pe  con-

verges to 0, the parameters smoothly return to their nominal values, recovering system sensitivity 
and tracking bandwidth. 

3.4. Stability Analysis 

Theorem 1. Consider a closed-loop system composed of vessel dynamics, a robust neural control 
law, an Actor–Critic NN, and adaptive laws. Assume that the initial conditions are satisfied: 

( ) ( ) ( ) ( ) ( ) ( )  ( ) ( )i
TT T

i
T0 0 0 0 0 0 0 0 0+ + + ≤e e e e e eη η μ μ q Θq Θ

, and there exist adjustable 

parameters 
, , , ,η μ μ k k c aK K t λ χ ,ϒ ,ϒ

. The stability of the closed-loop system, which comprises 
the vessel dynamics in Equations (1) and (2), the control strategies in Equations (29) and (38), and 
the adaptation law in Equation (19), is rigorously guaranteed. Specifically, the introduced RL-
integrated adaptive NN control scheme ensures that the following properties hold under arbitrary 
initial states: 

(1) Semi-global Uniform Ultimate Boundedness: All state trajectories within the closed-loop 
control system are bounded in a semi-global and uniformly ultimate manner. 

(2) Strictly Regulated Tracking and Learning Errors: The tracking position and velocity error 

eη , eμ , and the parameter estimation errors  iΘ  of the reinforcement learning process are con-
strained within a narrow vicinity of the origin. 

(3) Optimal Control Approximation: The optimal policy of the RL framework is derived by 
estimating the ideal but unknown neural weights. An online estimator is developed for both the 
actor and critic weights, enabling parallel recursive updates of the neural networks. 

To verify these properties, a candidate Lyapunov function is constructed below 
based on the physical characteristics of vessel DP operations and the controller design: 

( ) 2
T T T

1

1 1 1 1
2 2 2 2 RL

q
k k

k k

n
V V

κ λ
χ=

= + + + +e e e e e eη η μ Mμ q q


 (46)

The time derivative of Equation (25) is as: 

( )T T T

1

ˆq
k k k

k
RL

k

V V
nκ λ λ

χ=

= + + + +e e e e e eη η μ Mμ q q


 


   (47)

Similarly with the former, we further have: 

( )( ) ( ) 2 2T T T T 1
4F F

ψ ψ= − ≤ − + + +e e e d η e e e e e eη η η R μ η K η η η R μ η q   (48)

According to Equations (4) and (14) and Young’s inequality: 

( )T T T 1−=  + −  − e e e ω e e μμ Mμ μ τ τ N μ μ μ q t M  (49)

where ( ) − ωN μ μ τ  is treated with an actor parameter. According to Equation (28): 

( )

( )

T T 1

T ?

2T T ?1
4

e k

e k F

− = − − − 
 = − + − ⋅ 

 ≤ − − + ⋅ + 
 

e e e a e μ

e μ a μp

aμ

t

μ e e p

μ Mμ μ τ ε q t M

μ K

μ

μ ε Tκ λ T α

K I μ μ μ Tκ λ T α ε







 (50)
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Besides, we also have: 
2 2

T T 1

, ,

3
2 2
i i

i u v r

K q
b

Ω−

=

≤ − + +μ μ μ μ μq q q t q
 

 (51)

Through the designed adaptive control law in Equation (19) is further obtained by: 

( ) ( ) ( )( )†
, ,

1 1 , , , ,

ˆ
ˆ ˆ 0

q q
k k k

k k j i k e jp k k k
k k i u v r j u v rk

n
T T i

κ λ λ
κ λ α σ λ λ

χ= = = =

 
= ⋅ − − 

 
   

 
  

 (52)

The first term cancels out one of ( ) †
k⋅  μp eTκ λ T α μ

, and the second term is determined 
by Young’s inequality: 

( ) ( ) ( ) ( ){ }† 2

1 1

ˆ 1 ˆ ˆ 0
2

q q
k k k

k k k k k k
k kk

n
n

κ λ λ
κ σ λ λ λ

χ= =

 ⋅ + ≤ − − −  μp eTκ λ T α μ


   (53)

Finally, for each network { , , }i r a c∈ , define a positive-definite Lyapunov function 

candidate as: 

2*1( ) ( )
2

i i iV t t= −θ θ
. Taking the time derivative of ( )iV t  and applying 

Lemma 2 yields: 

( )
 ( )  

.
* *

2

{ , , }

( ) ( ) ( ) proj ,

2 2

T T
ii i i i i i i i

T T Ti iT
i i i ii i i i i i i

i r a c

AV t

E E

ρ

ρ ρρ
∈

≡ − ≡ − −

′ ′ ′≤− + ≤− −   

θ θ θ θ θ θ G

θ Φ θ Φ θ ΦΦ θ


 (54)

where 0iρ′>   is a positive scaling constant related to the Adam step bounding.

Assuming the activation functions ( )i xΦ  satisfy the Persistence of Excitation condition 

such that the average of 
T

i i iβ≥ΦΦ I  with 0iβ > . 
To sum up, the final form is obtained by combining Equation (48) from Equation (54): 

( )

( ) ( ) ( )

{ }( ) { }

2
T T 1 2

, ,

2
2 2

1 1

T T 1
min min

2

{ , , }

2

{ , , }

5 1
4 4 2

3 1 1ˆ ˆ 0
2 2

2

2 2

5
1

4

i

i
i u v r

q q

a k

i i
i

i r a c

i
i

i r a c
k k k k k k

k k

K
V t q

b

b n nE

t

μ

μ

ε κ σ λ λ

ρ

κ σ λ

λ

ρ

λ

βΩ−

=

= =

−

∈

∈

≤ − − − − − − −

+ + + − −

≤ − − − −

′
−

−

′
+

  
       

  

 
 
 



  

η e e μ e e

η e e μ e e

K I η η K I μ μ

K η η K μ μ

θ



‖‖
 

 

( )

2
2

, ,

2

1

1
4 2

1
2

i

i
i u v r

q

k k k
k

K
q

b

nκ σ λ

Ω

=

=

− −

− +

 
  
 



  

 

 

 (55) 

{ } { }

{ , , }

1 min 2 min

2
1

3 4
, , 2

51, ,
4

1 ,
4 2

i i i

i r a ci u v r

a a

K
a t a

bμ
ρ β

λ λ

∈

Ω−

=

′

≤ − ≤ −

 
≤ − − ≤  

 


η μK K

 
 

(56)

Based on the above analysis, the Lyapunov parameter has been selected as: 



J. Mar. Sci. Eng. 2026, 14, 1420 13 of 19 
 

https://doi.org/10.3390/jmse14151420 

{ }

( ) ( ) 2

{

1 2 3 4

2
2

1 , , }

m

2

in , , ,

3 1 ˆ ˆ 0
2 2

q

a k k k k
i

i
i rk a c

a a a a a

Eb nε κ σ λ λ ρ
= ∈

+
′

=

 = + −  + 
 (57)

By adjusting the following parameter matrix, all tracking errors of the closed-loop 
control system are converged to a compact set. Further, by adjusting the parameter 

1, , ,γ−
η μ μK K t

, the following conditions can be obtained. Integrating two sides of Equation 

(55), one can get ( ) ( )( ) ( )/ 2 0 / 2 exp 2V t a V a at≤ + − − 
. The ( )V t  can converge into 

/ 2a  with t → ∞ . Therefore, all the state variables in the closed-loop control system 
are SGUUB. 

4. Numerical Simulation 
In this section, two representative case studies are compared to illustrate the effec-

tiveness and merits of the control scheme, i.e., the comparative experiment with the result 
in [2]; to verify the DP adaptive control method based on integral RL, MATLAB 2025b is 
used as the simulation platform to conduct experiments on the marine environment 
model. The DP system model used in the experiment includes a thruster, servo system, 
control system and external disturbance model. And the environmental disturbances are 
as: The wind is at level 6, the number of wave frequency segments is 10, and the wave 
velocity is 10×1852/3600. 

With the desired position and heading are chosen as [ ]T0m,0m,140deg=dη , and 

the initial states are in order ( ) [ ]T0 100m,100m,156deg=η   and 

( ) [ ]T0 0m/s,0m/s,0deg /s=μ . 
Comparative simulation outcomes are presented in Figures 2–6. As observed in Fig-

ure 2, the vessel trajectory generated by the developed scheme possesses a narrower error 
bound and smoother curve, enabling the vessel position to converge steadily within the 
target attitude region. As the simulation proceeds, the system achieves favorable control 
accuracy. The presented algorithm achieves superior performance regarding control qual-
ity and positioning precision. The trajectory of the comparative algorithm deviates signif-
icantly to the left, resulting in a much longer path. In contrast, the trajectory of the pro-
posed algorithm is highly close to that of the algorithm without trajectory optimization, 
with only minor deviations in the initial phase. Both yield paths are substantially shorter 
than the comparative algorithm and align closely with the straight line from the start to 
the end, validating the efficiency of the proposed scheme. 

With the assistance of the embedded trajectory optimization mechanism, the vessel 
trajectory of the proposed algorithm exhibits a far narrower error range and smoother 
curve profile. During the initial phase prone to position overshoot and drift for the other 
methods, the proposed strategy suppresses sudden lateral deviations to a negligible level, 
which attain fast convergence while avoiding remarkable trajectory deformation. As the 
tracking process evolves, the vessel gradually settles within the desired tight positioning 
region, achieving better positioning and tracking accuracy compared with the contrast 
approach. 
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Figure 2. Position tracking performance comparison among different algorithms. 

 

Figure 3. Comparison of the vessel position vector variables. 
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Figure 4. Comparison of the vessel control inputs ( ), ,u v rτ τ τ
. 

 

Figure 5. Convergence Analysis of RFN Reward and Value and Advantage Functions. 
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Figure 6. Adam Momentum vs. Raw Gradient Norm. 

As illustrated by the specific state parameters ( ), ,x y ψ  in Figure 3, rapid conver-
gence to the target area is achieved by both methods. Nevertheless, the scheme in [2] suf-
fers from pronounced oscillations in velocity and attitude tracking errors, exhibits signif-
icant fluctuations in attitude and velocity errors, whereas the proposed algorithm main-
tains smoother variations, achieving precise targeting of the desired attitude. In the late 
convergence phase when errors are close to the target tolerance band, persistent slight 
fluctuations can still be detected on the curve of the comparative algorithm, indicating 
slow stabilization of vessel planar states. However, after rapid error reduction, the curve 
of the proposed algorithm closely adheres to the zero-error reference with negligible re-
sidual oscillations. The whole transient process of the proposed scheme contains nearly 
no obvious overshoot, delivering superior transient smoothness and higher steady-state 
positioning accuracy in horizontal plane control. 

The temporal evolution of the control forces and moments is presented in Figure 4. 
In the surge loop, the proposed algorithm demands a higher thrust in the initial phase 
compared to the comparative algorithm, which is necessary to drive rapid error elimina-
tion. In the sway loop, the proposed controller maintains a high force output early on with 
minor fluctuations, whereas the comparative algorithm backs off earlier but exhibits 
longer settling times. The yaw moments of both algorithms show a similar maximum de-
flection during the turning phase. As the vessel approaches the target, all control actions 
of the proposed scheme smoothly settle to near-zero levels. This demonstrates that the 
algorithm achieves high precision without causing actuator saturation or excessive high-
frequency control chattering. Figure 5 displays the training indicators of the reinforcement 
learning process, comprising the system rewards, the Value function, and the Advantage 
function. The training curve with the Reward Function Network consistently maintains a 
high reward level throughout the run. Conversely, the scheme without RFN experiences 
a severe performance drop in the initial training phase before gradually recovering, illus-
trating the critical role of RFN in preventing reward-vanishing issues. Correspondingly, 
both the Value and Advantage functions experience early drops due to transient tracking 
errors but subsequently converge smoothly to a stable, near-zero steady state. These syn-
chronized trends demonstrate that the proposed meta-reward shaping strategy stabilizes 
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the Actor–Critic networks, leading to faster value estimation and consistent policy im-
provement. 

Figure 6 illustrates the profiles of the Raw Gradient Norm corresponding to the left 
axis, and black dashed line and the Adam Momentum corresponding to the right axis, 
and red dashed line. In the initial phase, the raw gradient norm spikes sharply, followed 
by an oscillatory decay, eventually stabilizing near 0 after 100 s. Conversely, the Adam 
momentum remains very low initially and stabilizes within the range of 0 to 0.02 with 
high-frequency, small-amplitude oscillations after 100 s. This demonstrates that the Adam 
optimizer effectively smooths out drastic gradient fluctuations in the early stage and 
maintains policy parameter stability via adaptive adjustments in the later stage. During 
the simulation process of reinforcement learning, the agent continuously interacts with 
the environment and updates randomly by sampling from the Replay Buffer. This intro-
duces continuous random noise. As long as the network is still undergoing fine-tuning 
and parameter updates, the momentum mean will continue to fluctuate at a high fre-
quency within this small range, and will not settle down to 0 like the gradient does. 

In summary, the reinforcement learning training process and control performance 
verify the efficacy and superiority of the proposed framework. During the offline training 
phase, the integration of the reward function network successfully mitigates the issue of 
vanishing rewards inherent in early-stage exploration, preventing drastic declines in per-
formance. This is complemented by the Adam optimization mechanism, which effectively 
dampens gradient steps to ensure the numerical stability and parameter convergence of 
the Actor–Critic networks. During the online execution phase, the agent successfully bal-
ances control precision and energy efficiency. By adapting to system dynamics and trajec-
tory constraints, the proposed controller achieves faster error convergence and higher 
path efficiency compared to conventional methods. It generates smooth, non-oscillatory 
control inputs that prevent actuator saturation, demonstrating strong robustness and 
adaptability for high-performance motion control. 

5. Conclusions 
In this paper, an enhancing robust adaptive dynamic positioning control algorithm 

has been successfully developed for marine vessels. By integrating a tile-coded adaptive 
reinforcement learning algorithm with an adaptive damping reference model, the pro-
posed framework effectively addresses the challenges of model uncertainties, environ-
mental disturbances, and actuator saturation. The asynchronous deep Actor–Critic net-
work with multi-layer perceptron achieves precise policy approximation in continuous 
spaces, while the online meta-driven radial basis function network accelerates conver-
gence through dynamic reward shaping. Crucially, the introduction of a hysteresis state 
machine and an adaptive reference model successfully decouples high-frequency wave 
chattering and eliminates transient thrust saturation during large waypoint transitions. 
This integrated scheme provides a promising, hardware-compatible solution for high-per-
formance and smooth autonomous marine control. 
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