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Abstract. This paper investigates the trajectory tracking problem of autonomous
underwa-ter vehicles (AUV).In order to solve the problems of underdrive,non-
completeness,strong cou-pling and modeling errors with random perturbations that
may be encountered by underwater autonomous vehicles,in real operations. The ideal
model, i.e.,the nominal model,is firstly es-tablished based on the non-completely
underdriven strongly coupled AUV dynamics,and the nominal model control rate is
designed based on the backstepping method and Lyapunov function.Deep
reinforcement learning techniques are then utilized to deal with modeling errors and
stochastic perturbations of the system model in real operations,and a compensation
method based on the Twin Delayed Deep Deterministic policy gradient(TD3) is
proposed.Finally,numerical simulation is carried out,and the simulation results show
that the control method proposedin this paper effectively reduces the effects of
modeling errors and random perturbations,on the accurate trajectory tracking of AUV.
Keywords: TD3,autonomous underwater vehicl,trajectory tracking,virtual control ra-

tio,compensating control

1. Introduction

The development of marine resources is increasingly becoming the focus of world
attention[1,2].Autonomous underwater vehicles (AUVs) have garnered significant attention
from scholars in fields such as nautical charting, energy exploration,military reconnaissance,
and marine environment detection, as they serve as an emerging tool for ocean exploration[3-
6].The study of trajectory tracking of AUVs is indispensable to the above fields and is one of
the hot issues in AUV control research in recent years[7].In the real trajectory tracking
engineering applications of AUVs,there are problems such as underdriving,non-completeness,
strong coupling, and modeling errors and random perturbations[8,9],which bring great
challenges to the research work,and many scholars have studied for this purpose.[10] explored
the trajectory tracking problem of robots, emphasizing the development of tracking controllers
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that achieve global asymptotic stabilization. Building on this foundation,[11] proposed an
adaptive controller for guiding a unicycle type mobile robot during trajectory tracking
considering disturbances under different loads.Considering the physical limitations of the
actuator,[12] Solving the input-constrained trajectory tracking problem for incompletely mobile
robots.However,all of the above literatures studied are trajectory tracking for general-purpose
mobile robots,which are difficult to be directly applied to AUVs.Consequently,[13,14]
proposed a Lyapunov-based MPC framework to improve AUV trajectory tracking
performance.[15] introduced a Liapunov-based backstepping control framework to mitigate the
control complexity associated with autonomous underwater vehicles (AUVs). To address the
uncertainties inherent in AUV dynamics,[16-18] used the sliding mode method,which can
effectively accomplish the tracking task under the inaccuracy of the system model parameters
with random perturbations,but the control rate is not smooth enough for practical application.

Deep reinforcement learning (DRL) has gained significant traction in intelligent robot
control[19-23].[24] developed a neural network-based reinforcement learning algorithm for
underactuated AUV trajectory tracking.[25,26] successfully implemented policy gradient-
based RL for underwater cable tracking,[27.28] demonstrated superior AUV path tracking
performance using DRL compared to traditional methods. Nevertheless, these approaches face
challenges, including high training costs and convergence difficulties.

In summary,this paper presents an advanced control strategy for AUV that integrates
nominal model control with the Twin Delayed Deep Deterministic policy gradient (TD3)
compensation mechanism.This hybrid approach is specifically designed to address the complex
and uncertain disturbances commonly encountered in practical AUV control engineering
applications,such as underactuation,incompleteness,strong coupling,modeling errors,and
random perturbations.The proposed control method substantially improves the trajectory
tracking performance of AUVs by effectively counteracting the adverse effects of
disturbances.In contrast to existing literature,the primary contributions of this paper are as
follows:

1)To address the challenges posed by modeling inaccuracies and stochastic disturbances in
AUV systems,this study employs the TD3 algorithm to enhance trajectory tracking control.The
proposed approach effectively compensates for the adverse effects of both systematic modeling
errors and random environmental perturbations,thereby significantly improving the precision
and robustness of AUV trajectory tracking.By leveraging the TD3 algorithm's dual-critic
architecture and delayed policy updates, the control system achieves superior performance in
handling uncertainties and maintaining stability under dynamic underwater conditions.This
advancement provides a reliable solution for precise AUV navigation in complex marine
environments.

2)To address the inherent challenges of underactuation,system incompleteness,and strong
coupling in AUV dynamics,this study proposes a hierarchical control strategy based on virtual
control rates. The designed approach systematically decouples the position and velocity control
loops,thereby significantly reducing the computational complexity of the control model while
maintaining system stability.By implementing this hierarchical control architecture,the
proposed method effectively resolves the difficulties associated with the nonlinear and coupled
nature of AUV systems,enabling more efficient and precise motion control.This innovative
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strategy not only simplifies the controller design but also enhances the overall system
performance in practical underwater applications.

2. System Modeling and Problem Formulation

AUV are usually regarded as rigid bodies with six degrees of freedom in three-dimensional
space,and this motion has strong coupling properties.To simplify this coupling property,
researchers usually decompose the 3D motion of an AUV into two 3-degree-of-freedom
motions in the horizontal and vertical planes.Research has usually focused on the horizontal

plane motion of underdriven AU Vs, and the specific form of motion is shown in Figure 1.

Ye A

O¢ XE
Figure 1. Horizontal coordinate system of AUV
Where XgOgYg is the reference coordinate system and XgOgYg is the body coordinate
system,The dynamics of AUV motion in the horizontal plane is modeled as follows:
{ n=Jmv 0
Mv+ C(v)v+DW)v=1t+d

where 1 = [x,y,1]Tis the position information,v = [u,v,7]T is the position information,](n)
is the rotation operator,M = diag(Mx, M,, Mw) is the inertia matrix,C(v) is the Coriolis force
matrix, D(v) = diag(X,, Y,, N;.) + diag(Dy|u|, D,|v|, D,|r) is the water damping term
matrix, T = [F,, F,, E.]T is the control input and d = [d,, d,,d,]T is the environmental

disturbance force,included among these:

cosyY -—siny 0
J(m) = [sin Y cosy Ol (2)
0 0 1
0 0 -Mpu
cv=lo o Mu (3)

Myv —Myu 0

For the above parameter matrices there are || J(n) I<J],] > 0 and J(1) nonsingular,M >
0 and |l M |Ibounded.

In practical scenarios, the exact dynamics of AUVs are often not precisely
known.Consequently, the parameter matrix in the AUV dynamics model(1) can be decomposed
into two components:

M=M+ M
D(v) = D(v) + 8D(v) 4)
C(v) = C(v) +8C(v)

Remark 1:The developed AUV dynamics model comprehensively captures the intricate
physical characteristics inherent to autonomous underwater vehicles, including underactuation,
system incompleteness, and strong nonlinear coupling. Furthermore, the model incorporates a
robust framework that explicitly accounts for both systematic modeling inaccuracies and
stochastic environmental perturbations encountered during actual AUV operations. This
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comprehensive modeling approach not only preserves the essential dynamic properties of the
AUV system but also provides a realistic representation of the challenges faced in practical
underwater environments, thereby establishing a reliable foundation for subsequent controller
design and performance evaluation.

3. Controller Design
Suppose the desired trajectory is n; = [xg, Ya, Pg4]”, the real trajectory is 1, the tracking error
is defined as #(t) = n,(t) —n(t), and the control objective is:

limi(t) = 0 (%)

3.1. Nominal model controller design and stability proof

In order to reduce the control complexity,for the above AUV dynamics model,uncertainty
disturbances such as modeling errors and random disturbances are ignored, thus defining the
nominal model:

{ ~ A=lme ©
MY + C(®)9+ D)9 =1

Considering the strong coupling characteristics of its model,the virtual control rate is
designed for (6),and the virtual control rate is used as the tracking target of (7) to realize the
speed and position hierarchical control of AUV and reduce the control complexity.Define the

virtual control quantity as:

% =171 @ig — 17 @ (kifi + ko fy Ade) %)
Define the nominal control error as:
A=A —ny(® (®)
CEER(OERAG! €)
The resulting design control volume is:
t =M(0.— 9+ 9)+C@® 0+ D@ 9 (10)

Theorem 1:Using the virtual control quantity ¥. designed in (8) and the real control quantity
T designed in (9) acting on the position system (6) and the velocity system (7),respectively,the

nominal model trajectory tracking error masymptotically converges to 0,i.e. %im A =
0.lim ¥(t) = 0.

Proof:Consider the Liapunov function for V;(t) = % IROIZ, Vo (t) = % I9(t)]|?.Derivation

with respect to time yields:

ACEIGICER O (GOMCERNG)
V(0 = (900 = 9e(0) (90 — ¥c(0))

= () = 9 (M (2 = C(®7 ~ D)) ~ ¥e(V)
= (V(0) = %) (Ve(®) = 9O + V(D) = V(D) = —(U() = ¥c(D)* < 0

Since the above equation shows that %im ¥(t) = 0, for any small A(T) > 0 satisfies t; >

T when there is 9(t;) — ¥.(t;) < AM(T),s0 let t > T, rewrite V;(t) as:
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ACERICHUGOICXCERNEENG))
t
= - (nd(o —k; -k, j Adt + (1) - ﬁd(t)>

t
< —kq[IflI* + MDA + NIk ﬁ(t)J At dt|
0

t
< —Kkq[IAl? + IADITA@N + ||k2||||ﬁ(t)j Al
0

Taking |l k¢ |l sufficiently large and Il k, I, | A(T) |l sufficiently small,we can derive
Vi(t) <0 ,so the nominal control error of the nominal model controller converges
asymptotically.This proves the theorem.

Remark 2: The proposed controller demonstrates robust stability, enabling the system to
effectively execute tracking tasks while inherently compensating for modeling inaccuracies and
environmental disturbances. This stability characteristic not only ensures reliable performance
under ideal conditions but also addresses the fundamental control challenges associated with
AUV dynamics, including underactuation, system incompleteness, and strong nonlinear
coupling. The controller's inherent robustness effectively mitigates the impact of these complex
dynamic characteristics, thereby providing a comprehensive solution to the persistent control
difficulties in AUV operations. This achievement represents a significant advancement in
underwater vehicle control, as it simultaneously resolves multiple technical challenges while
maintaining system stability and tracking precision.

3.2. TD3 Compensator Design

To alleviate the influence of modeling errors and noise interference on the controller's
performance, the design of a control compensator is incorporated when the controller is applied
to the actual AUV model. TD3, a model-less reinforcement learning algorithm, requires only
output data to train the intelligent body to adapt to a complex environment. Consequently, TD3
can be utilized to train the reinforcement learning intelligence as the AUV trajectory tracking
control compensator,thereby mitigating the impact of modeling error and noise interference on
the actual control effect.

Define the s(k) and s(k+ 1) are the state values of the AUVs at moments k and k+1,
a(k) is the input value of the TD3 compensator to the AUV system,r(k) is the reward value
of the AUV system at moment k under the action ofa(k) ,and define the difference between the
two adjacent moments to be the algorithmic sampling time T.Where s =
{xd,yd, P4, x,y,,u,v,r} and a =6t andr =1’ Qfj + a"Ra .Define the action value
function Q(s(k),a(k)) = X7, y'r(l) with determining the action strategy a(k) =
u(s).Critic network(CN) is used to estimate Q(s,a) asQ(s, a, w),Action network(AN) is used
to estimate p(s) asu(sg, 8y),the specific algorithm flow is as follows:

(1) Arbitrarily select sequences from the empirical playback(s(k),a(k),r(k),s(k+1)),define
the estimated output as @ (k + 1) = t'(Sk41,6x) + noise ,where noise is AN
exploration noise.

(2) Let the outputs of the target CN 1 and the target CN 2 be Q;(s,a,w,) and
Q, (s, a, w,),respectively,and similarly let the outputs of the CN 1 and the CN 2 be
Q.(s,a,w;) andQ,(s, a, w,),respectively,and the output of the target AN be u'(s, 6)
The TD error is thus defined as,where i is the number of iterative learning:
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Bui = 1K)+ yming g or 2{Qj(stk+D, &k +1), (i)} - Oy (s(K),8'0K), w (i)

8o =r(K)+yminjg or o{Qf(s(k-+D, &k +2), wj(D) )} - Q2 (s(K), 4(K), W, ()

(11)

(3) This results in parameter updates for CN 1 with CN 2 and AN,where w; is the
parameter corresponding to the smaller 0fQ;,0,:

Q1 (5K 1Sk, Ok) Wai)
Wiii1 =W+ a8y j — s

Q2 (s ua(ws ) ) ( )
o , ,0K), W i

Wit =Wai+owdai 28k a:\, k 2,i

o; o; 511(5;,90{UQ(Skvu(Skvek)yWi)J

(4) The target CN and target AN parameters are updated through a soft update mechanism,
which can be mathematically expressed as follows:
Wiia  =&Wi+(1-&wi;
Woiyg =&Wpj+({1-E)Wa (13)
0.1 =80 +(1-€)6;
(5) Increment i by 1 and return to step (1) until a predetermined number of iterations is
reached or a specified stopping condition is satisfied. The specific flow of the
aforementioned TD3 algorithm is illustrated in Figure 2.
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Figure 2. TD3 Compensation Control Algorithm Flowchart

Remark 3: Leveraging the inherent convergence properties of the TD3 algorithm,the
compensator developed in this study is theoretically guaranteed to achieve enhanced control
performance through systematic iterative refinement.In practical operational scenarios, the
compensator engages in continuous cycles of data acquisition,processing,and parameter
optimization.The TD3 algorithm's dual-network architecture, coupled with its delayed
policy update mechanism and target policy smoothing regularization,ensures robust learning
from accumulated operational data while effectively mitigating overestimation bias in value
function approximation.

4. Simulation experiment and result analysis

Numerical simulations were conducted utilizing MATLAB,and the parameters of the nominal
model are set to be M, = 216.6,M,, = 593.2,M,, = 28.7 ,X,, =269 ,Y, =358 ,N, =
35 , N.=35 , D,=1003 , D,=5038 , D,=769 , d=
[200 sin( t),600 cos(t),10 sin(t) + 10cos(t)]T .Set n(0) =1[0,0,0]7 , wv(0)=
[0,0,0]7 ,n4(t) = [20 cos(0.1t),20 sin(0.1t),0.1t]7 .Set the controller parameters ask; =
diag([1,1,1]) , k; = diag([0.01,0.01,0.01]) ;Critic network parameter learning rate @, =
0.001,Action network parameter learning rate ag=0.005.
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Figure 3. AUV trajectory tracking Figure 4. AUV trajectory tracking error
component plot plot

This study proposes an anti-jamming control method for AUV trajectory tracking,combining
backstepping control based on a nominal model with DRL. The method tackles the complex
characteristics of AUV, including underactuation, nonholonomic constraints, strong coupling,
as well as the modeling errors and random perturbations that are prevalent in practical control
applications. The proposed control method's effectiveness is rigorously validated through
theoretical analysis and extensive simulations. Results indicate that the method significantly
reduces the impact of modeling errors and random perturbations on the precise trajectory
tracking of AUV, thereby enhancing their performance in complex underwater environments.
This approach is shown to have substantial practical application value for improving the
robustness and accuracy of AUV trajectory tracking.

Table 1. Comparison of mean square error in each direction.

Controller Type X y v
L 0.0053 0.0049 0.0006
LRL 0.0024 0.0014 0.0002

5. Conclusions

Taking the trajectory tracking problem of AUV as the research background, this paper proposes
an anti-jamming control method based on the backstepping control of nominal model and the
DRL,taking into account the problems of underdriving,non-integrity,strong coupling as well as
the modeling error and random perturbation encountered in the practical control engineering
application of AUV.After theoretical demonstration and simulation experiments,it can be seen
that the anti-jamming control method designed in this paper can effectively reduce the influence
of modeling error and random perturbation on the accurate trajectory tracking of AUV under
the consideration of the complex physical characteristics of underdrive,non-integrity and strong
coupling of AUVs,which is of high practical application value.
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