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Abstract: In view of the requirements on control precision of autonomous underwater vehicles
(AUVs) in different operations, the improvement of AUV motion control accuracy is the focus of
this paper. In regard to the unsatisfying robustness of traditional control methods, an interactive
network based on Least Square Support Vector Regression (LSSVR) is therefore put forward. The
network completed the identification of the strong nonlinear AUV dynamic characteristics based
on the LSSVR theory and by virtue of the interactions between the offline and online modules, it
achieved offline design and online optimization of the AUV control law. In addition to contrastive
numerical simulations and sea trials with the classic S-plane method in AUV velocity and heading
control, the LSSVR network was also tested in path following and long-range cruise. The precision
and robustness and of the proposed network were verified by the high-accuracy control results of the
aforesaid simulations and trials. The network can be of practical use in AUV control especially under
unfamiliar water conditions with access to a limited number of control samples or little information
of the operation site.

Keywords: autonomous underwater vehicle; motion control; LSSVR; interactive network; controller
design and optimization

1. Introduction

Autonomous underwater vehicles are mostly powered by lithium batteries, and when
equipped with apparatuses and devices, they can conduct continuous cruise and au-
tonomous operations within a wide area. The advancements of numerical calculation [1],
computer simulation [2], data mining [3,4], system identification [5], machine learning [6],
intelligent control [7] and artificial intelligence technology [8] have brought significant
breakthroughs to the domain of underwater vehicles. AUVs are becoming increasingly
important in operations where equipment and divers have difficulties to complete, for
example, dam detection [9], detection of wrecked ships or aircraft [10], undersea pipeline
service [11], exploitation of submarine resources [12,13], submarine cable maintenance [14]
and submarine three-dimensional terrain mapping [15], etc. For these reasons, AUVs have
witnessed flourishing development in both military and civil fields [16,17]. However, the
relatively small size, light weight, small inertia and vulnerability to external influence are
all challenges to the maneuverability and motion control of AUVs. Maneuverability of high
accuracy is the prime goal of AUV movement analysis and controller design.

With regard to the complex system featured with coupling effect and non-linearity [18],
the AUV control accuracy needs to be specially considered in the controller design. In order
to meet the motion control requirements in different operations, research and studies on
control methods have been conducted over the past decades [19]. Ahn Jong Kap et al. [20]
designed a nonlinear proportional–differential controller which was more adaptive and ro-
bust than existing linear controllers. The proportional part was responsible for the trimming
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angle control of the outer loop, while the proportional–differential part was responsible
for the control of the inner loop. The genetic algorithm was adopted to regulate the gain
parameters of each controller. The results of simulation experiments showed the satisfying
performance on target depth tracking of the proposed proportional-differential controller.
Bingul Zafer et al. [21] developed a new control architecture independent of model control
rules to realize stable and precise trajectory tracking ability of AUVs in complicated water
conditions. The intelligent-PID and PD feed-forward controller was combined for the
purpose of good tracking accuracy. The contrastive simulation experiments with different
interference were carried out with the PID controller. The results proved that the combi-
nation of intelligent-PID and PD feed-forward controller was able to improve the abilities
of trajectory tracking and resistance to external interference. Zhilenkov Anton et al. [22]
put forward an AUV fuzzy controller to solve parameter uncertainty. The step control,
harmonic control and control under different external interference were studied. The fuzzy
controller was compared with the PD controller in terms of control performance. The
simulation results presented superior control accuracy of the fuzzy controller over the PD
controller. Duan et al. [23] worked on a linear velocity observer and developed a tracking
controller based on fuzzy observer in order to deal with the tracking of the desired trajectory
of under-actuated AUVs. The results of simulation experiments proved that the linear ve-
locity observer was applicable to the estimation of actual linear velocity and the underwater
vehicle could well track the desired trajectory. Guerrero Jesus et al. [24] designed a general
super-torsion algorithm controller with a time-delay estimator to cope with the tracking
control of underwater vehicles subjected to external interference. The stability analysis
and simulation experiments were carried out. The results verified the satisfying control
accuracy of the proposed method. An optimal control strategy to robust state feedback
of intelligent underwater vehicles was designed by Vadapalli Siddhartha et al. [25]. The
controller was constructed based on semi-definite programming (SDP). The robustness
of the proposed strategy was verified with considerations of uncertain hydrodynamic
parameters. Chen et al. [26] studied an adaptive timing back-stepping method for three-
dimension trajectory tracking control of under-actuated AUVs under undetermined model
and external interference. The back-stepping method was used to deduce the virtual veloc-
ity guidance law. The adaptive timing control algorithm without model parameters was
also derived. The effectiveness and superiority of the proposed method were verified in
simulation experiments. Wen et al. [27] brought forward an adaptive dynamic event-trigger
mechanism based on triggering errors to facilitate transmission. An auxiliary variable
was introduced to simplify the AUV system. The simulation experiments proved the
advantages of the proposed mechanism. An adaptive fuzzy nonlinear PID controller was
developed [28] to counter the uncertain external interference imposed on underwater vehi-
cles. Simulation experiments were conducted in contrast with the classic PID controller and
adaptive fuzzy PID controller, the results of which proved the superiority of the proposed
controller. Yan et al. [29] put forward a novel two-dimension trajectory tracking control
method based on robust nonlinear model predictive control and a central pattern generator.
The complete mathematical model of the underwater vehicle was established, and the
robust nonlinear model prediction controller was designed. The stability and effectiveness
of the controller was verified by Lyapunov theory and simulation experiments. A linear
controller based on adaptive neural network was constructed [30]. A new input–output
model of underwater vehicles was developed and a nonlinear saturated PID controller
was designed. The model uncertainty was compensated by the combination of multi-layer
neural network with adaptive robust control technology. The controller was analyzed by
Lyapunov stability theory. Simulation experiments proved the controller to be effective
in engineering practice. Munoz Filiberto et al. [31] focused on a method that improved
the accuracy of four-degree-of-freedom AUV trajectory tracking operations with consider-
ations of external interference. A dynamic neural network control system was designed
including an adaptive neural network controller based on non-parameter identification and
additional mass parameter estimation. The simulation experiments showed better control
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effect of the proposed dynamic neural network control system than the general feedback
controllers in trajectory tracking. Mazare Mahmood et al. [32] focused on the distributed
finite-time tracking of diversified multi-agent system with unknown external interference.
A disturbance observer based on adaptive neural network was developed to estimate the
external interference, and an adaptive dynamic sliding mode controller was put forward to
improve the tracking quality. The proposed controller was analyzed by Lyapunov theory.
The tracking errors converged in a finite time based on the time scale principle. Simulation
experiments and comparative analysis were carried out on a large number of AUVs, the
results of which had verified the effectiveness of the proposed controller. A saturated
adaptive robust neural network control method based on reinforcement learning for under-
actuated underwater vehicles was designed [33]. Since the method was independent from
the dynamic results of the system, the controller was freed from massive calculations, thus
the high computational efficiency. Lyapunov theory was used to analyze the stability of the
proposed closed-loop system whose effectiveness was then verified in contrastive simu-
lation experiments. Qin et al. [34] worked out a non-singular fast fuzzy terminal sliding
mode method for fleet control based on interference estimation. An improved sliding
mode surface was introduced in the controller. The fuzzy control rules were designed
based on the deduction of Lyapunov energy function to eliminate the chattering problem.
In order to improve the robustness and stability of the system, an interference estimator
was developed to counter the unpredictable external interference. The effectiveness and
feasibility of the method were proven in contrastive simulation experiments.

The aforesaid control methods have met the requirement on control accuracy to a
certain extent and some have been applied in engineering practice. Some of these methods,
however, are subject to a complex structure [35]. Some require demanding regulation
of control parameters [36]. Many of them are highly dependent on the motion model,
while the others rely on experience-based trial in parameter regulation instead of adaptive
regulation [37]. These factors consume manpower and resources and bring about financial
burdens in field trials.

Compared with the above methods, the classic S-plane method is more mature and
effective in AUV control applications with higher control accuracy. By combining the
PD structure with fuzzy logic, the classic S-plane method excels with a simple structure
and few parameters requiring regulation, which has made it a commonly-used method
for underwater vehicle control [38]. According to the control results from sea trials, the
classic S-plane method provides an average overshoot of approximately 0.15 m/s in the
velocity control and approximately 6◦ in the heading control. Such performance is capable
of meeting the control requirements in general underwater operations, but falls short of
the expectations in tasks that have high requirements on control accuracy [37], especially
under unfamiliar water conditions.

In order to improve the control accuracy of AUVs in demanding operation tasks, a
LSSVR interactive network composed of two modules is designed to improve the accuracy
of AUV motion control by virtue of the outstanding ability of LSSVR in learning of small
samples [39–42].

This article is structured as follows. The second section describes the underwater
vehicle platform including the structure design, the propulsion system and the hardware
architecture. The third section provides an introduction of the classic S-plane method.
The fourth section focuses on the LSSVR interactive network. The fifth section explains
the identification of AUV dynamic model based on LSSVR. The sixth section realizes the
design and optimization of the controller based on the interactive network. The simulation
experiments and sea trials are carried out in the seventh and eighth sections to verify the
effectiveness of the proposed network.
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2. AUV Platform
2.1. AUV Outline

As shown in Figure 1, the platform gives top priority to AUV fundamental motion
control, followed by functions of path following and long-distance cruise [43,44], etc. The
platform is driven by the propeller–rudder system.

J. Mar. Sci. Eng. 2023, 11, x FOR PEER REVIEW 4 of 25 
 

 

experiments and sea trials are carried out in the seventh and eighth sections to verify the 
effectiveness of the proposed network. 

2. AUV Platform 
2.1. AUV Outline 

As shown in Figure 1, the platform gives top priority to AUV fundamental motion 
control, followed by functions of path following and long-distance cruise [43,44], etc. The 
platform is driven by the propeller–rudder system. 

The comprehensive platform weighs approximately 2.5 t, 5.2 m in length with a max-
imum diameter of 0.8 m. In a streamlined outline, it is made up of an inner shell and an 
outer shell. The control devices and batteries are placed in the inner shell, while the 
streamlined outer shell withstands the hydraulic resistance. Between the inner shell and 
outer shell, a number of ribs are designed for the placement of optical fiber compass, Dop-
pler speedometer, depth meter and other instruments. A cross-shaped stabilizer is de-
signed at the stern to improve the static stability of the AUV. 

 
Figure 1. Vertical view and lateral view of the AUV platform. 

2.2. Propulsion System 
As shown in Figure 2, a propeller and rudders for horizontal and vertical directions 

control are designed at the stern of the AUV. The propeller in front of the blades is ex-
pected to reduce the thrust damping effect. The stabilizing fins improve the static stability 
of the AUV. The horizontal rudder functions in heading control, while the vertical rudder 
realizes depth and pitch control. 

 
Figure 2. Propeller, horizontal and vertical rudders. 

2.3. Hardware Architecture 
Systems of motion control, planning and navigation jointly constitute the hardware 

architecture. The PC 104 bus is responsible for the communications among these systems 
[45]. AUVs of different series have been tested based on this hardware architecture whose 

Figure 1. Vertical view and lateral view of the AUV platform.

The comprehensive platform weighs approximately 2.5 t, 5.2 m in length with a
maximum diameter of 0.8 m. In a streamlined outline, it is made up of an inner shell
and an outer shell. The control devices and batteries are placed in the inner shell, while
the streamlined outer shell withstands the hydraulic resistance. Between the inner shell
and outer shell, a number of ribs are designed for the placement of optical fiber compass,
Doppler speedometer, depth meter and other instruments. A cross-shaped stabilizer is
designed at the stern to improve the static stability of the AUV.

2.2. Propulsion System

As shown in Figure 2, a propeller and rudders for horizontal and vertical directions
control are designed at the stern of the AUV. The propeller in front of the blades is expected
to reduce the thrust damping effect. The stabilizing fins improve the static stability of the
AUV. The horizontal rudder functions in heading control, while the vertical rudder realizes
depth and pitch control.
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2.3. Hardware Architecture

Systems of motion control, planning and navigation jointly constitute the hardware
architecture. The PC 104 bus is responsible for the communications among these sys-
tems [45]. AUVs of different series have been tested based on this hardware architecture
whose effectiveness has been verified in field trials. The navigation system is supported
by high-precision data acquired from the inertial navigation system and GPS [46]. Based
on the data from the sensors, the motion control system completes calculations and sends
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control instructions. Moreover, the hardware architecture functions together with optical
fiber compass and Doppler velometer which collect data of attitude angle and speed. The
depth data are acquired by the depthometer and the data are then digitized by the A/D
card. The analog voltage commands are sent through the D/A card to drive the thruster.

3. S-Plane Controller

The S-plane controller is inspired by the fuzzy control theory and PD control structure.
It is an effective control method in engineering by virtue of few parameters and simple
structure [37].

The S-plane controller function [38] based on the mathematical model is{
O = 2.0

1+exp(−kee−k .
e

.
e)
− 1

Tc= TmaxO
(1)

where O is the normalized output of control. exp () means the exponential function. e is the nor-
malized deviation and

.
e is its variation rate. e = (ud − u yd − y zd−z φd − φ θd − θ ψd −ψ)

T,
.
e = (au v w p q r)T . ke and k .

e are respectively the control parameters of e and
.
e. Tc is

the expected thrusting force (or torque) calculated by the control algorithm. Tmax is the
maximum thrusting force (or torque) that the AUV can provide [38].

4. LSSVR Network
4.1. LSSVR

In view of linear regression problems, a sample set is provided as in Equation (2),
where TV is the given sample set, xi ∈ Rn, yi ∈ YV = R and i = 1, . . . , l.

TV = {(x1, y1), (x2, y2), . . . , (xl , yl)} ∈ (Rn ×YV)
l (2)

The decision function to be fitted is defined in Equation (3), where w is the weight
vector in Rn and b is the threshold.

y = d(x) = (w·x) + b (3)

Based on the principle of empirical risk minimization, insensitive loss function
|d(xi)− yi| ≤ ε is selected. Additionally, in line with the maximum margin, penalty
parameter P and slack vectors ς = (ς1, . . . , ςl)

T, ς∗ = (ς∗1, . . . , ς∗l )
T are introduced into the

original optimization problem in Equations (4)–(6).

min
w,b

1
2
‖w‖2 (4)

s.t. (w·xi) + b− yi ≤ ε, i = 1, . . . , l (5)

yi − (w·xi)− b ≤ ε, i = 1, . . . , l (6)

At this point, the convex quadratic programming is equivalent to that in
Equations (7)–(11).

min
w,b,ς,ς∗

1
2
‖w‖2 + P

l

∑
i=1

(ςi + ς∗i ) (7)

s.t. (w·xi) + b− yi ≤ ε + ςi, i = 1, . . . , l (8)

yi − (w·xi)− b ≤ ε + ς∗i , i = 1, . . . , l (9)
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ςi ≥ 0, i = 1, . . . , l (10)

ς∗i ≥ 0, i = 1, . . . , l (11)

In practice, the sample sets are typically nonlinear, so the sample inputs need to be
mapped to a high-dimensional feature space [47] where the linear regression is completed.
First, the nonlinear mapping is introduced in Equation (12). H means the Hilbert inner
product space. In order to mitigate the computational burden, the quadratic programming
is transformed into linear equations with the use of the LSSVR theory.

Φ :
{

Rn → H
x → x = Φ(x)

(12)

With the mapping x = Φ(x), LSSVR aims at the decision function such as
y = (w′·x) + b where w′ is the weight vector in H. Therefore, the original optimiza-
tion problem has become the convex quadratic programming in Equations (13) and (14).

min
w′ ,b,ς

1
2
‖w′‖2

+
1
2

P
l

∑
i=1

ς2
i (13)

s.t. yi − ((w′T·Φ(xi)) + b) = ςi, i = 1, . . . , l (14)

Lagrange multiplier ai is introduced to build the Lagrange function in Equation (15).

Lg(w′, b, ςi, ai) =
1
2
‖w′‖2

+
1
2

P
l

∑
i=1

ς2
i −

l

∑
i=1

ai[ςi + w′T·Φ(xi) + b− yi] (15)

With w′ and ςi in the equilibrium conditions as in Equation (16) eliminated, Equation
(17) is obtained. 

∂Lg/∂w′ = 0⇒ w′ =
l

∑
i=1

aiΦ(xi)

∂Lg/∂b = 0 ⇒
l

∑
i=1

ai = 0

∂Lg/∂ςi = 0⇒ ai = Pςi

∂Lg/∂ai = 0⇒ yi −w′T·Φ(xi)− b− ςi = 0

(16)

[
0 e1T

e1 N + P−1I

]
·
[

b
α

]
=

[
0
y

]
(17)

In Equation (17), y = (y1, . . . , yl)
T, e1 = (1, . . . , 1)T, α = (a1, . . . , al)

T,
Nij = (Φ(xi)·Φ(xj))

T. When the matrix equation is solved, the decision function is obtained
as in Equation (18). Since the mapping is demonstrated with inner product (Φ(xi)·Φ(x)),
kernel function [48] K(x, x′) = (Φ(x)·Φ(x′)) should be selected to demonstrate the desired
decision function.

y = d(x) =
l

∑
i=1

ai(Φ(xi)·Φ(x)) + b (18)

4.2. LSSVR Interactive Network

Based on the excellent ability of support vector machine in learning of small samples
and LSSVR simplification of quadratic programming, an AUV motion control method
based on LSSVR interactive network is put forward for the purpose of offline design and
online optimization of the control law. The network is designed as follows in Figure 3.
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The interactive network is composed of the offline module and the online module.
Each module includes an LSSVR identification unit and an LSSVR control unit.

The working principle of the LSSVR network is explained as follows. First, the offline
identification unit identifies AUV’s dynamic characteristics. If the identification accuracy is
met, the offline identification unit serves as the motion model which trains the offline control
unit and realizes offline design of the control law. When the offline control unit produces
satisfying control effect (with evaluation function), the offline control unit transfers the
control law to the online control unit that carries out online control of the AUV. In the real
context, the online identification unit identifies the AUV’s dynamic characteristics and
then transmits the identification results to the offline identification unit. The control law is
optimized online based on the offline module, which aims to improve the AUV’s online
control accuracy.

It is noteworthy that in case of sensor malfunction or short-time failure in data acqui-
sition in online control process, the online identification unit can function as a predictor
AUV motion states in several points later and keep sending commands to the controlled
objects to ensure the AUV’s online control accuracy.

Concerning velocity control in the horizontal surface, the inputs and outputs of each
unit in the interactive network are defined as in Table 1.

Table 1. Inputs and outputs of LSSVR modules for velocity control.

Unit Inputs Outputs

offline identification
thrust velocity

velocity

offline control
desired velocity

thrustprediction from identification unit

online identification
thrust velocity

velocity

online control
desired velocity

thrustvelocity from sensors

5. LSSVR Dynamics Model Identification
5.1. LSSVR Batch Learning

With the focus on motion control in horizontal surface, the research object’s dynamic
characteristics in surge direction and yaw dimension are identified [49–52]. The identifica-
tion is carried out on the nonlinear relations between thrust voltage and velocity in surge
direction {Fu, u}, as well as helm angle and heading angle {δr, ψ}.

Each identification sample set contains 350 pieces of data, 300 for learning and 50 for
evaluation. A total of 300 pieces of {Fu, u} and {δr, ψ} are shown in Figure 4.
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For the purpose of the evaluation of identification, root-mean-square-error (RMSE) in
Equation (19) is used as the evaluation function. l is the sample size, yi the ith output and
ŷi the prediction of the ith output.

min

√√√√ 1
l

l

∑
i=1

(yi − ŷi)
2 (19)

The evaluation of identification results is a process of searching the optimal parameter
combination, namely P and σ, in optimization problem solving. The grid search [50] and
cross verification method are adopted to complete the optimization.

(a) The range and search step of P and σ are determined. Since exponential increase has
been proved to be effective in the formation of parameter set, the range and search
step of P and σ are P ∈ [2−9, 29] and StepP = 1.0, σ ∈ [2−5, 25] and Stepσ = 0.4.

(b) A pair of (P, σ) is chosen for cross verification of the sample set. The sample set is
equally divided into Ds groups, one of which is reserved in advance and the rest are
used for model training. When the decision function is obtained, the reserved group
is used to evaluate the learning accuracy of the decision function. Such a process is
repeated Ds times to make sure all groups are evaluated.

(c) Step (b) is repeated until all pairs of (P, σ) are covered. The pair that produces the
minimum value of the evaluation function is the optimal parameter combination.

(d) If the learning accuracy is not satisfying, a new grid plane should be designed center-
ing (P, σ). Parameter pairs with similar values should be selected for further learning
in order to achieve better learning effects.

The evaluation of the identification accuracy is provided in Figures 5 and 6. With the
optimal pair (P1 = 173.8 and σ1 = 1.65), the identification RMSE of the 50 groups {Fu, u}
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is 0.005. With the optimal pair (P2 = 88.5 and σ2 = 1.26), the identification RMSE of the
50 groups {δr, ψ} is 0.012.
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The deviations from the evaluation samples have verified the competitive learning
and generalization ability of the LSSVR identification module which is fully capable of
serving as the AUV motion model to predict the AUV’s movement state and achieve
controller design.

5.2. LSSVR Online Learning

The LSSVR online identification unit completes the identification of AUV’s dynamic
characteristics by online learning. New data keep coming into the sample set during
online learning, so the identification model can be optimized by online adjustment of the
model parameters.

With the help of window function, a sample interval that circles over time is conceived.
The sample size l in the interval remains unchanged in accordance with the “first-in first-
out” principle. The incoming of a piece of new data rules out the data at the very front.
Although data in the interval keep updating, the dimension of the matrix remains due to
the fixed sample size, which avoids the curse of dimensionality [53].

The sample set {x(t), y(t)} changes with time where x(t) = [xt, xt+1, . . . , xt+l−1],
xt ∈ Rn, y(t) = [yt, yt+1, . . . , yt+l−1]

T, yt ∈ R. The kernel function matrix N, Lagrange
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multiplier matrix α and threshold value b are all related to t. With AVR = N + P−1I,
Equation (17) now is changed into Equation (20).[

0 e1T

e1 AVR(t)

]
·
[

b(t)
α(t)

]
=

[
0

y(t)

]
(20)

Therefore, Equation (21) is obtained where AVR(t)
−1 is the key to the decision function.

At the moment of t, Nt and AVR(t) are matrices of l× l, as shown in Equations (22) and (23). b(t) = e1TAVR(t)
−1y(t)

e1TAVR(t)
−1e1

α(t) = AVR(t)
−1[y(t)− e1b(t)]

(21)

Nt =

 K(xi, xt) · · · K(xi+l−1, xt)
...

. . .
...

K(xi, xt+l−1) · · · K(xi+l−1, xt+l−1)

 (22)

AVR(t) =

 K(xi, xt) + 1/P · · · K(xi+l−1, xt)
...

. . .
...

K(xi, xt+l−1) · · · K(xi+l−1, xt+l−1) + 1/P


=

[
fVR(t) FVR(t)

T

FVR(t) WVR(t)

] (23)

fVR(t), FVR(t), WVR(t) are expressed in Equation (24).

fVR(t) = K(xi, xt) + 1/P
FVR(t) = [K(xi+1, xt) + 1/P, . . . , K(xi+l−1, xt)]

T

WVR(t) =

 K(xi+1, xt+1) + 1/P · · · K(xi+l , xt+1)
...

. . .
...

K(xi+1, xt+l) · · · K(xi+l , xt+l) + 1/P

 (24)

When a new element comes in at moment t + 1 and the element at the very front is
ruled out, Equations (25) and (26) are obtained. Equations (23) and (26) are accordingly
changed into Equations (27) and (28).

Nt+1 =

K(xi+1, xt+1) · · · K(xi+l , xt+1)
...

. . .
...

K(xi+1, xt+l) · · · K(xi+l , xt+l)

 (25)

AVR(t + 1) =

 K(xi+1, xt+1) + 1/P · · · K(xi+l , xt+1)
...

. . .
...

K(xi+1, xt+l) · · · K(xi+l , xt+l) + 1/P


=

[
WVR(t) VVR(t + 1)

VVR(t + 1)T vs(t + 1)

] (26)

AVR(t)
−1 =

[
fVR(t) FVR(t)

T

FVR(t) WVR(t)

]−1

=

[
0 0
0 WVR(t)

−1

]
+ µ2(t)µ2(t)

Tγ2(t)
(27)

AVR(t + 1)−1 =

[
WVR(t) VVR(t + 1)

VVR(t + 1)T vs(t + 1)

]−1

=

[
WVR(t)

−1 0
0 0

]
+ µ3(t + 1)µ3(t + 1)Tγ3(t + 1)

(28)
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µ2(t) = (−1, FVR(t)
TWVR(t)

−1)
T

γ2(t) = 1
fVR(t)−FVR(t)

TWVR(t)
−1FVR(t)

µ3(t + 1) = (VVR(t + 1)TWVR(t),−1)
T

γ3(t + 1) = 1
vs(t+1)−VVR(t+1)TWVR(t)

−1VVR(t)

(29)

Elements in Equations (27) and (28) are defined in Equation (29). fVR(t) and FVR(t)
are element and vector of the kernel function as the result of the elimination of the front
element, while vs(t + 1) and VVR(t + 1) are that as the result of the incoming of the new
element. When rewritten, Equation (27) is replaced with Equation (30).

AVR(t)
−1 =

[
0 0
0 WVR(t)

−1

]
+

 1
γ2(t)

−AVR(t)
TWVR(t)

−1

γ2(t)
−WVR(t)

−1FVR(t)
γ2(t)

WVR(t)
−1FVR(t)FVR(t)

TWVR(t)
−1

γ2(t)

 (30)

With a given AVR(t)
−1, AVR(t + 1)−1 can be deduced based on Equation (28) by way

of mathematical derivation.
In this way, online learning is sustained based on the previous calculation results,

which enables the LSSVR online identification unit to identify the AUV’s dynamic charac-
teristics synchronously.

6. Controller Design and Optimization

After the learning process, LSSVR identification unit acts as the AUV motion model
and becomes involved in the offline design and online optimization of LSSVR control units
by predicting AUV motion states in the coming control beats. Error e and rate of error
change

.
e are the inputs and U = ∑ aiK(x, xi) is the output of LSSVR control units, with

K(x, xi) = exp(− ‖x−xi‖2

2σ2 ). The sketch plot of LSSVR control unit is provided in Figure 7.
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6.1. Controller Offline Design

The offline optimization process is shown in Figure 8. In each control beat, LSSVR
offline identification unit produces output in correspondence to the inputs of LSSVR control
unit in regard to each (P, σ).e and

.
e between the said output and the desired value are

the input to LSSVR control unit. They act on LSSVR identification unit in the following
control beat. This process continues until LSSVR identification unit reaches stability with
the output. With e(t), the sequence formed with the control beats, the evaluation function∫ t

0 t|e(t)|dt is calculated based on the pair (P, σ). Particle swarm optimization (PSO) is
adopted for the global optimization [54] of the control law. The pair (P, σ) showing the
optimal optimization result determines the optimal control law.
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6.2. Controller Online Optimization

LSSVR offline module is the premise of online optimization of the control unit. In
AUV motion control practice, the AUV is subject to the control law offline designed. In the
meantime, the LSSVR online identification unit learns the actual dynamic characteristics of
the AUV based on the “window function” and transmits the online identification results
to the offline identification unit in real time. At a start beat of k, the offline identification
unit makes predictions on the AUV movement state ŷ(k + 1), ŷ(k + 2) and ŷ(k + 3) (the
consecutive three beats after out of the consideration of calculation workload). In view of
the evaluation function

∫ t
0 |e(t)|dt, gradient descent is chosen for online optimization of the

control law. The optimized control law is then transmitted to the LSSVR online control unit.
The online optimization process is shown in Figure 9.
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In gradient descent search, the new search direction in each iteration is determined by
the negative gradient [55]. The value of the objective function decreases with the increasing
iteration times. It proceeds as the steps below.

(a) For the objective function min
P,σ

J =
∫ t

0 |e(t)|dt, the initial value of (P, σ) is set to be

ck = (Pk, σk), together with step λs and permissible error Θer > 0, Ωer > 0.
(b) The negative gradient gm = −∇J(ck) and its unit vector gI are calculated.
(c) If ‖gm‖ ≤ Θer, the iteration terminates; otherwise, it continues.
(d) Make ck+1 = ck + λsgI .
(e) If J(ck+1)− J(ck) ≤ Ωer, the optimized (P, σ) is output; otherwise, the above steps are

repeated until the conditions are satisfied.
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7. Numerical Simulations and Analysis

To verify the effectiveness of the proposed network in AUV motion control, contrast
numerical simulations were carried out on the control of AUV heading and velocity in
surge direction in the horizontal plane.

The contrastive simulation experiments were carried out between the classic S-plane
method and the LSSVR interactive network in AUV velocity control. The interference of
currents was taken into consideration in order to test the network’s robustness to external
disturbance. Figure 10 shows the velocity control results with water current of 0.25 m/s
and flow direction of 15◦. In the two simulations, the desired velocity was 1.5 m/s and
3.0 m/s, respectively.
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(a) Control result of velocity (1.5 m/s); (b) control result of velocity (3.0 m/s).

As shown in Figure 10a with the desired velocity of 1.5 m/s, the classic S-plane method
showed a maximum overshoot of approximately 0.20 m/s, with a significant oscillation
from the 25–45 control beats. In contrast, the LSSVR network enabled the system to reach
the stability state with barely overshoot or oscillation.

As shown in Figure 10b with the desired velocity of 3.0 m/s, the system based on
the classic S-plane method witnessed frequent oscillations and a maximum overshoot of
approximately 0.15 m/s from the 30–60 control beats. In addition, it took the system based
on the S-plane method approximately 70 control beats to reach the stability state, while the
system based on the LSSVR network reached the stability state within a shorter time of no
more than 40 control beats.

The contrastive simulation experiments were also carried out between the two meth-
ods in AUV heading control. The external disturbance with a water current of 0.30 m/s
and a flow direction of 25◦ was set in the simulations. Figure 11 shows the heading control
results with the desired heading angles of 45◦ and 60◦, respectively.

As shown in Figure 11a with the desired heading angle of 45◦, the two control methods
reached the stability state within almost the same time. The classic S-plane method showed
a maximum overshoot of approximately 2.5◦, while the LSSVR network enabled the system
to reach the stability state with no overshoot.

With the desired heading angle of 60◦ as shown in Figure 11b, the system based on
the S-plane method suffered a maximum overshoot of over 5◦ and reached stability at
approximately the 60th control beat. It took over 60 control beats to reach the stability
state. In contrast, the LSSVR network showed no overshoot or fluctuation and reached the
stability state within a much shorter time of 30 control beats.

Despite a limited number of the control samples, the LSSVR network presented
better performance than the classic S-plane method with the existence of water currents of
different conditions. The simulation experiment results verified the higher control accuracy
of the LSSVR network, especially under different water conditions.
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8. Sea Trials and Analysis

The sea trials were carried out in a lough extending to the open seas with an average
depth of 10 m, and the water current conditions are provided as shown in Figure 12.
The trial site was subject to occasionally rapid surge. Since the control accuracy is the
precondition for the other performances and due to the limited budget and trial duration,
contrastive trials between the S-plane controller and the LSSVR network were carried out
only in the velocity control and heading control. Then, the LSSVR network was tested in a
path following and long-range cruise.
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8.1. Contrast Trials on Velocity Control

In the velocity control trials based on the classic S-plane method and LSSVR network,
the AUV was stationary at the water surface. With regard to the requirements on AUV
engineering practice, the desired velocity was set to be 1.5 m/s in the horizontal plane. The
control results based on the two different methods are shown in Figures 13a and 14a, and
the detailed data on the same scale unit ranging from 300 to 400 control beats during the
control process are in Figures 13b and 14b, respectively.

As shown in Figure 13a, the velocity control results based on classic S-plane method
showed drastically frequent fluctuations and permissible overshoots. When put in a
scale unit of 0.15 on the velocity axis, such deviations were more noticeable as shown in
Figure 13b.

In Figure 14a, the system based on LSSVR interactive network presented better control
results despite the frequent fluctuations as a result of the impact from the water currents
during the sea trial. The system reached the stability state with a shorter time than that
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based on the classic S-plane method. Additionally, with the same scale unit in the de-
tailed graph as shown in Figure 14b, the fluctuations and deviations were much milder
than that caused by the classic S-plane method during the control period ranging from
300 to 400 beats.
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8.2. Contrast Trials on Heading Control

In the heading control based on the classic S-plane method and LSSVR network, the
AUV started with an initial heading angle of 120◦ and a desired heading angle of 90◦. The
trial results based on the two different methods are shown in Figures 15a and 16a, respec-
tively, and the detailed data in the same scale unit are in Figures 15b and 16b, respectively.

As shown in Figure 15a, the heading control results based on classic S-plane method
were subject to frequent and noticeable ups and downs around the desired value. Especially
in the detailed results ranging from 300 to 400 control beats as shown in Figure 15b, the
deviations were drastic with the maximum bias as high as 6◦ on the axis in a scale unit of
2 degrees.

In Figure 16a, in contrast, the system based on the LSSVR network was much more
stable with subtle fluctuations. The smooth control curve well fitted the desired value.
During the period ranging from 300 to 400 beats in Figure 16b, the curve almost stuck to
the desired value with deviations of no more than 1◦.
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8.3. Analysis on Contrastive Trials

According to the control results of the sea trials with the classic S-plane method
and the LSSVR network, evaluation indicators are introduced for comparison of the two
control methods. The indicators include the maximum overshoot, standard deviation and
arithmetic mean value. As shown in Table 2, the indicators and analysis focus on the control
results ranging from the 300 to 400th control beats during the control period.

Table 2. Evaluation indicators of control results based on two different methods.

Velocity Control (1.5 m/s) Heading Control (90◦)

Classic
S-Plane

LSSVR
Network

Classic
S-Plane

LSSVR
Network

maximum overshoot 0.150 m/s 0.057 m/s 6.097◦ 1.675◦

standard deviation 0.087 m/s 0.023 m/s 1.233◦ 0.223◦

arithmetic mean value 1.499 m/s 1.499 m/s 91.954◦ 90.186◦

In the velocity control, the system based on the LSSVR network performed better with
a smaller maximum overshoot and standard deviation. Moreover, the superiority and
effectiveness of the LSSVR network can be seen in the heading control. Because of the water
currents, the system based on the classic S-plane method suffered from violent fluctuations
and showed a maximum overshoot of 6.097◦. In contrast, the LSSVR network withstood
the external disturbance, stabilizing the system with a standard deviation of 0.223◦ and
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an arithmetic mean value of 90.186◦, which were considered of high accuracy in complex
engineering contexts.

Based on the trial results, as a widely used method for AUV control, the classic S-plane
method proved again its effectiveness with satisfactory performance in the sea trials, fully
competent in ordinary underwater operations. The LSSVR network, however, exceeded
the classic S-plane method in respect to the response time, convergence time and control
accuracy due to its ability in precise identification of the dynamic characteristics, as well
as offline design and online optimization of the control law of the research object. In this
regard, the LSSVR network can be of practical use in underwater tasks, as it has high
expectations on control precision.

8.4. Path Following

The path following was carried out near the water surface to verify the potential
application of the LSSVR network in underwater pipeline search, scanning operations or
multi-vehicle navigation. As shown in Figure 17, the desired path was designed inten-
tionally to be non-orthogonal with the longitude or latitude, with five turning points to
examine the effectiveness and robustness of the LSSVR network. The four line segments,
namely AB–BC–CD–DE, were approximately 490 m, 160 m, 350 m and 100 m, respectively,
with a desired control depth of 0.5 m under the surface. In general, the 5-time length of
the AUV length is considered as the acceptable range for path following. Considering the
influence of water currents and verification of the control accuracy of the network, the
entry of the acceptable range with a radius of 9 m was recognized as the AUV’s success of
reaching each turning point in practical engineering operations.
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plane view.

The desired route was approximately 1105 m. With a cruise velocity of 1 m/s, the
AUV was expected to complete the following in about 2210 control beats. In view of the
deviations between the actual position and the desired position in longitude, latitude and
depth, Figure 18 showed the AUV’s following information on each segment route (namely
routes AB, BC, CD and DE) together with their detailed data during the corresponding
cruise time.

Despite the varying turbulence and surge, the effectiveness of the LSSVR network was
verified by the trial results. The interactions between the online module and the offline
module achieved the real-time optimization of the control law, enabling the AUV precise
identification of the operation site and robustness against the external interference. It can
be calculated based on Figure 18 and Table 3 that the LSSVR network managed to maintain
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the deviations in longitude and latitude within 0.7 m, with small depth deviations of no
more than 0.05 m during the AUV’s route along each direct segment route. Such control
precision was of practical use in engineering practices that have high requirements on
control accuracy.
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Figure 18. Following deviations and local data. (a) Trajectory deviations from 1 to 980 control beats;
(b) detailed trajectory deviations from 400 to 500 control beats; (c) trajectory deviations from 981 to
1300 control beats; (d) detailed trajectory deviations from 1070 to 1170 control beats; (e) trajectory
deviations from 1301 to 2010 control beats; (f) detailed trajectory deviations from 1550 to 1650 control
beats; (g) trajectory deviations from 2011 to 2200 control beats; (h) detailed trajectory deviations from
2060 to 2160 control beats.
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Table 3. Analysis of path following based on LSSVR method.

Position
Maximum Deviation Arithmetic Mean Value

Longitude (m) Latitude (m) Depth (m) Longitude (m) Latitude (m) Depth (m)

A–B (400–500 beat) 0.653 0.642 0.056 0.013 0.457 0.026
B–C (1070–1170 beat) 0.354 0.651 0.044 −0.268 0.131 0.022
C–D (1550–1650 beat) 0.499 0.465 0.041 0.141 0.145 0.020
D–E (2060–2160 beat) 0.596 0.637 0.046 0.261 0.163 0.019

The heading control responses in the trial were shown in Figure 19. In Figure 19a,
four steps were designed along the route at four turning points. As can be seen from
the detailed heading data in Figure 19b, it took the AUV approximately 40 s to realize
the heading change during the 800–1200 control beats. During the aforesaid period, the
maximum overshoot was 2.7◦ with an arithmetic mean value of 0.38◦. The practicability of
the LSSVR network was also verified by the AUV’s entrance into the acceptable range of
the five waypoints. As shown in Figure 20, the AUV approached the turning waypoints
with adequate redundancy to the boundary of the 9 m acceptable circle. The path following
results provided strong evidence that the LSSVR interactive network can be of practical
application in formation navigation operations or search tasks.
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Figure 19. Heading control responses and deviations. (a) Heading control data; (b) deviations
between the desired and actual heading angles.
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Figure 20. AUV reaching of the waypoints. (a) Magnified view of reaching Point A; (b) magnified
view of reaching Point B; (c) magnified view of reaching Point C; (d) magnified view of reaching
Point D; (e) magnified view of reaching Point E.

8.5. Long-Range Cruise

The 12.5 km long route consisted of two pocket-shaped polygons (first half in blue
and second half in red) as shown in Figure 21. The AUV completed the cruise in 3.5 h at an
average speed of 1.0 m/s. During the trial, both the hardware and software structures of
the AUV served well with no physical damage or failure. At the sharp turns in particular,
the LSSVR network enabled the AUV to respond immediately to the control instructions.
The cruise proved the stability and reliability of the LSSVR network in long-time and
long-range operations.
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9. Conclusions

A new motion control method based on LSSVR network structure is proposed in this
study. The existing methods have generally met the requirements of engineering operations
on the control accuracy, but some are still limited in practical use as the result of complicated
structure or demanding parameter regulations. Moreover, many of the present methods are
not able to satisfy the high expectations of tasks that have demanding requirements on the
control accuracy. For this reason, an interactive structure composed of online module and
offline module is designed based on the strong and efficient leaning ability of LSSVR. The
reciprocal network structure aims to improve the control accuracy with the offline module
responsible for the identification of the AUV’s kinematic characteristics and design of the
control law, while the online module for real-time optimization of the control law based on
the newly-learned knowledge on the working context.

In order to verify the effectiveness of the LSSVR network, contrastive simulation
experiments under different conditions were conducted with the classic S-plane method, a
widely used approach in AUV engineering. As the experiments results showed, the LSSVR
interactive network achieved better performance in the velocity control and heading control
with shorter time reaching the stability state and barely overshoots.

Following the simulation experiments, sea trials were carried out to further examine
the LSSVR network. Since motion control is the foundation for all functions, contrastive
trials with the classic S-plane method on velocity control and heading control were first
conducted. The LSSVR network excelled in the classic S-plane method, with a maximum
overshoot of 0.057 m/s and a standard deviation of 0.023 m/s in the velocity control, as
well as a maximum overshoot of 1.675◦ and a standard deviation of 0.223◦ in the heading
control. Then, on the basis of motion control accuracy, the path following trial proceeded to
verify the effectiveness of the LSSVR network in underwater operations including pipeline
detection, multi-vehicle formation navigation or pectinate search. The LSSVR network
enabled the AUV to follow the desired route with deviations of no more than 0.7 m in
longitude and latitude as well as precision in depth following, with a deviation of no
more than 0.06 m. Additionally, the AUV approached the turning points on the route by
entering the 9 m acceptable range. Finally, a 3.5 h long-range cruise proved the stability
and reliability of the LSSVR interactive network under changing water currents, especially
when little knowledge on the operation site is available.

The research object in this study is driven by the propeller–rudder system, but the-
oretically the research findings are also of reference meaning to thruster-driven AUVs.
Subsequent studies will concentrate on the effectiveness of the LSSVR interactive network
on AUVs of different propulsion systems and dimensions. In addition, future studies will
also focus on simplicity of the proposed network to improve its practicability.
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