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Abstract—This article addresses a problem of seabed terrain
following control (STFC) for an underwater vehicle-manipulator
system (UVMS). The motivation is to perform a visual search
of marine products closely to seabed in unknown environment.
In terms of this issue, we propose a novel and robust STFC
framework for our UVMS to maintain an appropriate height to
seabed. A nonlinear model predictive control (NMPC) method
is formulated to solve the STFC problem. To relieve online
computational burden and system noisy influence, Ohtsuka’s con-
tinuation/generalized minimal residual (C/GMRES) algorithm
incorporated with a tracking differentiator (TD) is investigated.
In order to improve the following accuracy, the system state
prediction part of the NMPC and a long short-term memory
(LSTM) network are elaborated to predict future seabed terrain
using a depth gauge and an altimeter, respectively. Finally, the
three different physical scenarios for STFC problem are estab-
lished using ROS to demonstrate the robustness and efficiency
of the proposed algorithm.

Index Terms—Seabed terrain following control (STFC) for
underwater vehicle-manipulator system (UVMS), seabed terrain
prediction, underwater vehicle control, UVMS.

I. INTRODUCTION

THANKS to the technology breakthroughs of autonomous
underwater vehicles (AUVs) in recent years, some
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underwater tasks, such as surveying seabed, inspecting oil,
and gas pipeline laid on the seabed by AUVs, have gained
more and more people’s attention and interesting [1]–[7]. It
is noteworthy that autonomous underwater manipulation by
an underwater vehicle-manipulator system (UVMS) also has
been showing a promising momentum. In real sea environ-
ment, seabed terrain following is crucial and an indispensable
part in many applications about seabed terrain mapping, sur-
vey missions with visual system at low altitude and so on.
When performing underwater surveys or pick-and-place tasks
using UVMS, it is required to navigate as close to the bot-
tom as possible in order to acquire high-resolution images
and keep a constant safe distance simultaneously to implement
collision avoidance [8], [9]. Moreover, due to the strong atten-
uation that affects electromagnetic radiations in deep water,
terrain-based navigation is a well-suited method for AUVs
or UVMSs [10]. Therefore, researchers initiate the zeal of
studying seabed terrain following control (STFC) problem.

The STFC strategies have been addressed in many research
works using different underwater sensing devices, such as
scanning and multibeam sonars, Doppler velocity log (DVL)
measurements, altimeters, and so forth [10]. Broadly speak-
ing, STFC can be divided into two categories: 1) using a
prior generated map of the seabed terrain and 2) predicting the
seabed terrain with sensors while moving without a prior map.
The first kind of method provides localization for underwater
vehicles with respect to a prior known map and a series of
local seabed terrain information. Kim and Ura [11] proposed
a near-bottom survey method by waypoints predefined based
on supervised learning in a horizontal plane using bottom-
finding sonar. Galceran et al. [12] put forward a coverage path
planning method for inspection of three-dimensional (3-D)
underwater structure with a priori bathymetric map of ocean
floor. The method has been demonstrated in inspection tasks
in two different scenarios. Song et al. [13] presented a novel
underwater terrain matching method for terrain-aided naviga-
tion, which requires a digital underwater terrain map and real-
time depth measurements from a multibeam sonar, which can
improve the matching accuracy. Chowdhary [14] addressed the
problem of seabed terrain-aided following method with the
help of a prior sparse bathymetric map of the area where the
AUV is scheduled to survey. Meanwhile, the AUV localized
its position using a multibeam DVL. Yu et al. [15] presented
a guidance-error-based robust fuzzy adaptive control method
for seabed terrain following using a flight-style AUV with sat-
urated actuator dynamics. According to the above-mentioned
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analysis, the seabed terrain following usually needs a priori
map or constructs a map in advance. Underwater precious
localization is not a straightforward task. Moreover, seabed
terrain map matching may generate accumulative error owing
to ocean current.

In recent years, some people mainly focus on STFC using
real-time sampling sensor data to predict the seabed terrain.
Melo and Matos [16], [17] formulated a real-time slope of
seabed terrain estimation method using extended Kalman fil-
ter (EKF) with altimeter data in unknown environment. The
proposed solution was validated by simulation and real mis-
sion in the Douro river, in Portugal. In [18], a slope of seabed
terrain estimated algorithm was presented by using least square
method and EKF in order to improve the ability of AUV to track
the seabed terrain with altimeter. Steenson et al. [19] presented
a model predictive control (MPC) strategy for AUV with low
speed depth control to follow lough floor, which was demon-
strated in lake experiments to obtain high quality video survey
of a lake bed. Resorting to a H2 controller, a bottom-following
method was implemented by exploiting the sensor geometry
to efficiently build the seabed profile ahead of the vehicle [20].
Taking a seabed terrain following mission as desired path or
trajectory tracking problem, some nonlinear control methods
for AUV, such as adaptive fuzzy method [21], sliding-model
control (SMC) [22], backstepping with a line-of-sight guid-
ance law [23], and nonlinear MPC (NMPC) [24], [25] were
exploited to implement tracking problem and achieved good
performance in numerical simulations or indoor pool experi-
ments. Most of the above literatures mainly focus on either
seabed terrain prediction or STFC. Hence, we pay more atten-
tion to combination of seabed terrain following and prediction
for real-time STFC without a prior map.

The objective of this article is to develop a real-time seabed
terrain following strategy for a UVMS in unknown environ-
ment. To this end, we reformulate STFC problem as UVMS
trajectory predicting and following. In regard of STFC in
unknown environment, we propose an NMPC framework for
the STFC problem based on continuation/generalized mini-
mal residual (C/GMRES). It is well known that NMPC has
ability of handling constraints explicitly. Resorting to reced-
ing horizon control principle, NMPC can effectively deal
with disturbances from model mismatch and environment
uncertainties [26], [27]. The main drawback of NMPC is com-
putational burden, so we take advantage of the C/GMRES
optimization method to improve computational efficiency. In
practice, in order to avoid system noise caused by difference
operations, a tracking differentiator (TD) is incorporated into
C/GMRES.

As regards seabed terrain predicting, it is a key factor for
the following accuracy. It is noticeable that one of the salient
features of the NMPC is predicting the future system state
depending on the current system state and control inputs.
Additionally, the depth gauge data sequences can reflect the
variation trend of UVMS in the process of seabed terrain fol-
lowing. Therefore, we propose a method using history of depth
gauge data to predict future trajectory of UVMS resorting to
long short-term memory (LSTM) network. Finally, combin-
ing LSTM with NMPC, a novel LSTM-NMPC framework for

Fig. 1. Overview of the HD-UVMS.

predicting unknown seabed terrain is formulated. In order to
improve practical performance of C/GMRES, a TD is intro-
duced to handle system noise and direct derivative operation
of system states.

In order to verify the efficiency of the proposed STFC
method with prediction, three different scenarios are estab-
lished in ROS-based physical environment and simulation
results show that the framework of STFC is robust and valid.
On the whole, the study is intended to propose some new
perspectives on the STFC problem in unknown environment.

According to our proposed prediction-based seabed terrain
following framework in unknown environment, the corre-
sponding main contributions are summarized as follows.

1) A prediction-based STFC framework is proposed with-
out a prior map.

2) To overcome difficulties of STFC problem in unknown
environment without a prior map, we propose an LSTM-
NMPC algorithm to predict future seabed terrain using
a depth gauge and an altimeter, which exhibits good
prediction performance.

3) Considering practical engineering application, the
improved C/GMRES (I-C/GMRES) algorithm is formu-
lated to guarantee the following accuracy.

The rest of this article is organized as follows. Section II
describes the overview of UVMS and STFC problem.
Section III lays out a framework for STFC problem using the
proposed LSTM-NMPC algorithm to predict seabed terrain.
Meanwhile, the NMPC is formulated to follow the pre-
dicted seabed terrain using C/GMRES optimization method.
Ros-based physical simulation scenarios are established and
three different simulations demonstrate the robustness of the
proposed algorithm in Section IV. Section V provides some
conclusive remarks and future work.

II. PROBLEM FORMULATION

A. Overview of Proposed UVMS

The motivation of the proposed UVMS is that it has
good maneuverability to grasp marine products on seabed. As
shown in Fig. 1, the UVMS named HD-UVMS is actuated
by two symmetrically arranged long fin propulsors and four
thrusters. In real sea environment, thrusters mainly generate
large propulsive force for cruise and approaching to marine
products. The long fin propulsors can enhance the stability
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Fig. 2. STFC problem illustration.

of HD-UVMS while grasping using the 4-DOF underwater
manipulator [28]. Binocular cameras are used to implement
detection and position of marine products. The down-facing
altimeter can continuously measure distance to seabed bottom,
and the front-facing altimeter is mainly exploited to implement
obstacle avoidance. The maximum range of two altimeters are
fine-tuned to 10 m. The velocity of HD-UVMS can be up to
0.3 and 0.7 m/s driven by long fin propulsors and thrusters,
respectively. The total payload in water of HD-UVMS is 4 kg.
The load capacity of underwater manipulator in water is 1 kg.
In addition, the depth of HD-UVMS in sea can be calculated
by the depth gauge.

B. STFC Problem Statement

The aim of STFC is to drive HD-UVMS follow seabed ter-
rain and keep a constant safe height in unknown environment,
as shown in Fig. 2.

According to the sensor configuration of HD-UVMS, it
can only measure the relative height from itself to one point
of seabed bottom using the down-facing altimeter. However,
the future variation trend of seabed terrain is unknown, and
lacking of seabed terrain information increases difficulties for
following problem. From perspective of high efficient cruise
and seek of target on seabed for UVMS, constant surge veloc-
ity is more appealing. It is interesting for HD-UVMS keeps
constant surge velocity to conduct seabed terrain following.
It is noted that, depending on the obtained seabed terrain,
AUVs can adjust its pitch to be in parallel with the slope
of seabed terrain. However, compared with AUVs, UVMSs
hardly adjust pitch orientation because of high metacenter.
UVMSs can change its surge velocity and heave velocity to
track seabed terrain.

In conclusion, to precisely follow seabed terrain with con-
stant surge velocity, HD-UVMS trajectory needs to be dynam-
ically generated while moving forward, i.e., the trajectory
predicting and following control are inherently coupled. STFC
problem for HD-UVMS contains the following two aspects.

III. SEABED TERRAIN FOLLOWING CONTROL

FRAMEWORK WITH PREDICTION

This section describes a framework for STFC problem,
as depicted in Fig. 3. The proposed STFC method adopts

NMPC to formulate the control input and desired output. The
I-C/GMRES (combining TD method and C/GMRES method)
is mainly deployed to solve a receding horizon optimization
of NMPC and obtain optimal control u∗

0, which also handles
thruster input saturation. The optimal control can be used to
drive HD-UVMS by thruster allocation. The prediction module
of NMPC can predict future system state according to current
state and control input. The LSTM network can use depth
gauge data sequences to predict variation trend of HD-UVMS.
The state transition are deployed to convert the HD-UVMS
state into seabed terrain information. The seabed terrain pro-
file module represents the actual seabed terrain coordinates.
The obstacle avoidance module can deal with situations with
obstacles in process of STFC. Under the above control archi-
tecture, STFC framework can be considered as a real-time
trajectory predicting and following problem. Therefore, we
will mainly introduce the seabed terrain predicting method
and seabed terrain following method.

A. Seabed Terrain Profile Prediction

1) Problem Setup:
1) Dynamic Trajectory Predicting: Based on history state

information of HD-UVMS, the proposed algorithm can
dynamically predict a reference trajectory, which closely
resemble actual seabed terrain profile.

2) Seabed Terrain Following: Based on the predicted ref-
erence trajectory, HD-UVMS can accurately follow the
seabed terrain.

In order to formulate seabed terrain predicting problem, we
make some assumptions as follows.

1) Sea level height maintains a relative constant over a
period of time.

2) Seabed terrain has no bluff that oversteps range mea-
surement of down-facing altimeter.

Inspired by the relationship between the depth gauge data
and historical HD-UVMS trajectory, we can take advantage of
the depth gauge data to predict future trend of seabed terrain so
as to obtain the following trajectory, as shown in Fig. 4. With
desirable following accuracy, there is an inverse trend relation-
ship between HD-UVMS trajectory and the depth gauge data.
The mathematic formulation can be defined as follows:

P(t) = D1 − D(t) + H (1)

where P(t) stands for the desired HD-UVMS trajectory refer-
ence, D(t) denotes the depth gauge data, D1 denotes the first
effective sampling data of depth gauge, and H denotes desired
height to seabed. The beauty of LSTM lies in handling and
predicting temporal data. Note that depth gauge data is tem-
poral dependence, so we can utilize LSTM network to tackle
trajectory prediction problem [29]. Moreover, the accuracy of
prediction process depends on following control accuracy. In
order to improve the accuracy of seabed terrain predicting, we
introduce an NMPC to predict HD-UVMS state, which can be
converted to the seabed terrain data. An LSTM-NMPC method
is proposed to predict unknown seabed terrain.

2) LSTM-Based HD-UVMS Trajectory Prediction: Based
on the obtained depth gauge data, we take advantage of
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Fig. 3. Block diagram of the STFC system.

Fig. 4. Trajectory prediction model for HD-UVMS.

LSTM to indirectly predict HD-UVMS trajectory. In order to
achieve good predicting performance, we make some compar-
ative tests by choosing different prediction length with depth
gauge data. The test results can be seen in Fig. 5(a), which
depicts the mean square error (MSE) distribution under differ-
ent prediction length. It can be observed that MSE is minimum
under the condition that data of past two steps to predict the
data of next step. Fig. 5(b) illustrates the assessment crite-
ria between the truth value and the predicted value when
prediction length is 2. After analysis, the designed architecture
of LSTM network is shown in Fig. 5(c). The LSTM network
is established with input depth gauge data D(t) represented
by (D1, r, . . . , DT) and hidden state. The output sequence
Dout(t) can be obtained by iteratively computing following
equation:

Dout = LSTM(Dt, Ct−1; W) (2)

where W terms denote different weight matrices. The
more detailed information about LSTM cell can be found
in [30].

3) HD-UVMS State Prediction With NMPC: It is worth
noting that NMPC can predict dynamic behavior of the HD-
UVMS over prediction horizon according to current control
inputs and current state. The prediction module in Fig. 3 can

(a) (b)

(c)

Fig. 5. LSTM network architecture and assessment. (a) MSE with different
prediction. (b) Assessment criteria with data of past two steps to predict the
data of next step. (c) Overview of the designed LSTM network.

be used to predict the future system state

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

x̃(k + i/k) = f (x̃(k/k), u(k + j), p(k))
ỹ(k + i/k) = g(x̃(k + i/k))
x̃(k/k) = x(k)
i = 1, 2, . . . , NP

j = 0, 1, . . . , NC

(3)

where x̃(k + i/k) denotes future system state sequences at time
k, u(k + j) stands for control input sequences, p(k) denotes
a discrete time-varying parameter, ỹ(k + i/k) denotes control
output, x(k) presents initial system state at time k. NP denotes
the prediction horizon, and NC denotes the control horizon and
NC ≤ NP. f (·) and g(·) stand for nonlinear function.

4) Seabed Terrain Predicting Algorithm: The proposed
seabed terrain predicting algorithm based on LSTM-NMPC
is depicted in Algorithm 1, where W̄ denotes weight matrix
and vx denotes HD-UVMS surge velocity.
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Algorithm 1 Seabed Terrain Predicting Algorithm With
LSTM-NMPC Method
Input:

The depth gauge data sequences, Dk−1, Dk;
The current HD-UVMS state, xk and zk;
The current HD-UVMS control input sequences, uk+j;

Output:
The future coordinate of seabed terrain profile, φd/k+1;

1: Predict depth gauge data at next sampling time:
Dk+1 = LSTM(Dk−1, Dk);

2: According to (1), compute HD-UVMS desired trajectory
along z − axis:
zk+1 = D1 − Dk+1 + H

3: According to (3), predict HD-UVMS state along z − axis:
z̃k+1 = Pr ediction(zk, u(k + j))

4: Compute the predicted seabed terrain at time k + 1 along
z − axis:

zd/k+1 = W̄

[
zk+1
z̃k+1

]

− H

5: Compute the predicted seabed terrain at time k + 1 along
x − axis:
xd/k+1 = vx · (k + 1)

6: Compute the coordinate of predicted seabed terrain profile
at time k + 1:
φd/k+1 = [

xd/k+1, zd/k+1
]T

7: return φd/k+1;

B. Seabed Terrain Following Control Method Based on
NMPC

In this section, we treat the seabed terrain following problem
as an HD-UVMS trajectory following problem. It is well
known that NMPC is capable of dealing with complex non-
linearity of dynamical system with constraints [31]. However,
a remarkable drawback of NMPC is the heavy computa-
tion load for online optimization, especially for the nonlin-
ear control system. The C/GMRES-based optimization algo-
rithm is a practical method to obtain approximate numerical
solution [32].

1) Nonlinear Dynamics of the HD-UVMS: In general,
UVMS is developed with large metacentric height, and large
restoring force to keep itself more stable when implementing
grasping missions. Moreover, the STFC problem is regarded
as a planar motion for HD-UVMS in x–z plane. To facili-
tate derivation of the dynamic and kinematics equations of
HD-UVMS, it is reasonable to neglect the roll angle and
pitch angle owing to thruster layout. Therefore, the form of
HD-UVMS model can be presented as follows:

ẋ =
[

R(0)v
M−1(τ̄ − τd − C(v)v − D(v)v)

]

= f (x, u) (4)

where x = [ηT , vT ]T ∈ �4 is a state vector, η = [x, z]T

denotes the position, v = [u, w]T denotes the velocities,
and R(0) denotes the corresponding rotation matrix. M rep-
resents the inertia matrix including added mass, C(v) is
the state-dependent matrix of Coriolis and centripetal terms,
and D(v) is the hydrodynamic damping and lift matrices.

τ̄ = �u =�

[
ux

uz

]

, ux and uz denote the propulsive force in

horizontal direction and vertical direction, respectively. � is
allocation matrix for four thrusters.

2) NMPC Method Implementation: For simplicity, dynamic
and kinematic equation of the HD-UVMS can be considered
as a general nonlinear expression as follows:

ẋ(t) = f (x(t), u(t), p(t)) (5)

where x(t) ∈ �nx denotes the state vector, u(t) ∈ �nu rep-
resents the input vector, and p(t) ∈ �np denotes the vector
of time-dependent parameters. The control input u(t) with
minimization of performance index J can be formulated as
follows:

min J
u∗(σ/t)

= ϕ
(
xu(t + T|t, x(t)), p(t + T)

)

+
∫ t+T

t
L
(
xu(σ |t, x(t)), u(σ |t), p(σ |t))dσ

s.t.

⎧
⎨

⎩

ẋ(σ |t) = f (x(σ |t), u(σ |t), p(σ |t))
x(0|t) = x(t)
umin ≤ u(σ |t) ≤ umax

(6)

where T denotes the prediction horizon and t ≤ σ ≤ T ,
xu(σ |t, x(t)) denotes the state trajectory with respect to input
control u(t) along virtual time axis (origin σ = 0) from initial
state x(t). ϕ(·) denotes terminal cost, and L(·) denotes inte-
gral cost. u∗(σ |t) is determined by the solution of optimal
control problem, and the actual control input is given by
u(t) = u∗(0|t).

Note that the given performance index J contains an integral
operation, and the constraints include control system dynamics
with derivative operations. In order to solve optimal solution,
(6) is discretized along the σ -axis with forward difference at
every sampling time

min J
u∗

i (t)
= ϕ(xN(t), pN(t))

+
N−1∑

i=0

L(xi(t), ui(t), pi(t))�τ(t) (7a)

xi+1(t) = xi(t) + f (xi(t), ui(t), pi(t))�τ(t) (7b)

x0(t) = x(0|t) (7c)

C(xi(t), ui(t), pi(t)) = 0 (7d)

where �τ(t) = T(t)/N. Equation (7d) is equation constraint,
which include equality constraints transformed by inequality
constraints. The control sequences {u∗

i (t)}N−1
i=0 is derived at

each sampling instant t and the real control input for system
is obtained by u(t) = u∗

0(t).
3) Conventional Numerical Optimization Algorithm—

C/GMRES: In this part, the main concern will be focused
on the derivation of optimal control law u∗

0(t). Ohtsuka’s
C/GMRES method can solve the STFC problem with equality
constraints and avoid heavy computation load for online
optimization. Define the Hamiltonian function by

H(x, λ, u, μ, p) = L(x, u, p) + λT f (x, u, p) + μC(x, u, p) (8)

where λ ∈ �nλ denotes the Lagrange multipliers with time
varying named adjoint variable, and μ ∈ �nμ denotes the
Lagrange multiplier associated with the equality constraints.
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For the discretized NMPC problem with optimal control
{u∗

i (t)}N−1
i=0 , the necessary conditions of optimality are given

as follows with existing {λ∗
i (t)}N

i=0 and {u∗
i (t)}N−1

i=0 :

Ḣu
(
x∗

i (t), λ
∗
i+1(t), u∗

i (t), μ
∗
i (t), p∗

i (t)
) = 0 (9a)

λ∗
N(t) = ϕ̇T

x

(
x∗

N(t), p∗
N(t)

)
(9b)

λ∗
i (t) = λ∗

i+1(t)

+ ḢT
x

(
x∗

i (t), λ
∗
i+1(t), u∗

i (t), μ
∗
i (t), p∗

i (t)
)
�τ(t).

(9c)

The adjoint variable {λ∗
i(t)}N

i=0 can be obtained by (9b)
and (9c).

Then, we define a column vector of the control input and
Lagrange multipliers over the predictive horizon steps as

U(t) =
[
u∗

0
T(t), μ∗

0
T
(t), . . . , u∗

N−1
T
(t), μ∗

N−1
T
(t)

]
(10)

where U(t) ∈ �(nu+nμ)N .
Define a projection P(�(nu+nμ)N → �nu), then

P(U(t)) = u∗
0(t). (11)

Combine equality constraints and Ḣu(·), the following
equality condition can be derived:

F(U(t), x(t), t) =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

Ḣu

(
x∗

0(t), λ
∗
1(t), u∗

0(t),
μ∗

0(t), p∗
0(t)

)

C
(
x∗

0(t), u∗
0(t), p∗

0(t)
)

· · ·
Ḣu

(
x∗

N−1(t), λ
∗
N−1(t), u∗

N−1(t),
μ∗

N−1(t), p∗
N−1(t)

)

C
(
x∗

N−1(t), u∗
N−1(t), p∗

N−1(t)
)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

= 0.

(12)

To improve computing efficiency, a continuation calculation
method is applied to solve the time derivative of U in (12)

F(U(0), x(0), 0) = 0 (13a)

Ḟ(U, x, t) = −ζF(U, x, t) ζ > 0. (13b)

Furthermore, derivate (13b) with respect to t, if the FU is
nonsingular

U̇ = F−1
U(−ζF(U, x, t) − Fxẋ − Ft). (14)

In order to relieve the computation burden of matrix prod-
uct vector, forward difference approximations and GMRES is
applied to compute product of Jacobians (FU , Fx, and Ft) and
vector

F
(
U + hU̇, x + hẋ, t + h

) − F(U, x, t)

h
= −ζF(U, x, t) (15a)

FU(U, x, t)α + Fx(U, x, t)β + Ft(U, x, t)γ

≈ F(U + hα, x + hβ, t + γ ) − F(U, x, t)

h
(15b)

where the symbol h denotes difference approximation time, the
symbols α ∈ �(nu+nμ)N, β ∈ �nx , and γ ∈ � denote different
vectors.

It is noted that (15a) approximates a linear equation with
respect to U̇, a named FDGMRES method is used to tackle
the problem as follows [33]:

U̇ = FDGMRES
(

U, x, ẋ, t, ˆ̇U, h, imax

)
(16)

Algorithm 2 I-C/GMRES Algorithm
1: Initialize t = 0, i = 0, r0, h0, system state x0 = x(0),

ẋ0 = ẋ(0), find U0 to satisfy (13a).
2: repeat
3: Obtain control sequence uT from U(t); For σ ∈ [t, t +

�t), set u(σ ) = uT .
4: At the next sampling time t +�t, measure system state

xi+1 = x(t + �t), the derivative of x is derived: ẋi =
TD(xi+1).

5: U̇i = FDGMRES
(

Ui, xi, ẋ, t, ˆ̇Ui, δ, imax

)

6: Set Ui+1 = Ui + U̇i�t
7: Update t = t + �t, i = i + 1
8: until Stop

where ˆ̇U is initial guess, and imax is maximum iteration
number.

Combining the continuation method with the GMRES algo-
rithm, the C/GMRES algorithm can be exploited to obtain an
approximate optimal solution. The detailed error analysis and
proof can be found in [32].

4) Improved C/GMRES Algorithm: In the conventional
C/GMRES algorithm, the time derivative of system state x
is obtained by difference equation as follows:

ẋi = xi+1 − xi

�t
. (17)

However, in real engineering project, system state is obtained
by some sensors. In STFC problem, IMU, depth gauge, and
altimeter are employed to measure system state. On the one
hand, there are some noise in those sensors. On the other hand,
the derivative of state x implemented by direct derivative oper-
ation will amplify noise. In order to improve the robustness
of algorithm, we adopt the TD method to alleviate the noisy
influence [34]. The discrete-time form of TD can be written
as follows:

⎧
⎨

⎩

ρ = f han(ẋi − xi, ẍi, r0, h0)

ẋi = ẋi + hẍi

ẍi = ẍi + hρ

(18)

where h is sampling period, r0 is controller parameter, h0
denotes filter factor, and f han(·) is optimal control function.
In practical applications, these parameters need to be tuned to
guarantee the stability of control system.

The I-C/GMRES algorithm can be depicted in Algorithm 2.

C. Framework of the STFC Problem With Obstacle
Avoidance

Combining Algorithm 1 with Algorithm 2, a framework of
STFC for HD-UVMS is elaborated. Moreover, in order to sim-
ulate real sea environment, we consider obstacle existing in
the designed scenario and accomplish simple obstacle avoid-
ance by the two altimeters. The proposed STFC method with
obstacle avoidance is depicted in the following Algorithm 3.
� denotes the maximum detection range, which is set as 10 m.
ε stands for the threshold that crosses obstacle. It should be
noted that the strategy of obstacle avoidance is just verify the
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Algorithm 3 STFC Algorithm With Obstacle Avoidance
1: Initialize system parameters and obstacle avoidance flag

= FALSE.
2: repeat
3: Measure the system state xk

4: Predict the seabed terrain at next sampling time accord-
ing to Algorithm 1:
φd/k+1 =

LSTM − NMPC
(
Dk−1, Dk, xk, zk, uk+j

)

5: Compute the desired trajectory of the HD-UVMS at
next sampling time.
ηd/k+1 = φd/k+1 + [0, H]T

6: Compute the optimal solution by I-C/GMRES algorithm
according to Algorithm 2:
u∗

0 = I − CGMRES
(
ηd/k+1

)
.

7: Allocate the desired optimal solution u∗
0 to the four

thrusters.
8: if The front-facing altimeter detects a obstalce and

Range<DesiredRange then
9: while obstacle avoidance flag == FALSE do

10: the HD-UVMS executes heave motion to cross the
detected obstacle.

11: if Range == � then
12: the HD-UVMS maintains the current depth and

executes surge motion.
13: if The value of the down-facing altimeter z > ε

then
14: obstacle avoidance flag = TRUE.
15: end if
16: end if
17: end while
18: end if
19: Update k = k + 1
20: until Stop

robustness of the proposed STFC algorithm in the following
simulations.

IV. ROS-BASED PHYSICAL SIMULATION EXPERIMENTS

In order to validate the effectiveness of the proposed
method, we have constructed ROS-based physical simulation
scenario using UWSim–an open source underwater simulation
environment [35]. ROS provides a software package UWSim
for developing underwater physical simulation test. The vir-
tual underwater environment can be built with 3D-MAX and
be shown via Open Source Graph. The structure of UWSim
mainly consists of ROS-interface, dynamic model, UWSim
configuration, and osgOcean. In order to design the compara-
tive analysis, we design the three different simulation scenarios
and render the two different seabed terrain resorting to 3D-
MAX software. The constructed seabed terrain is shown in
Fig. 6.

A. STFC With Smooth Seabed Terrain

In this physical simulation, the constant surge velocity is
0.3 m/s, which is toilless to be realized by NMPC. The key

(a) (b)

Fig. 6. Two different seabed terrain scenarios. (a) Smooth seabed terrain.
(b) Random seabed terrain.

Fig. 7. Seabed terrain predicting using LSTM-NMPC method and EKF
method.

Fig. 8. Down-facing altimeter data and optimal control solution of the heave
motion versus time with surge velocity 0.3 m/s during seabed following.

thing we are focused on is to follow the ups and downs of
seabed terrain along z-axis. The HD-UVMS initial state is
[x(0), z(0), u(0), w(0)] = [0 m, 2.95 m, 0.3 m/s, 0 m/s]. Our
proposed STFC algorithm will be activated when HD-UVMS
arrives the desired height H = 5 m (i.e., z = 5 m).

In order to demonstrate efficiency of the proposed seabed
terrain predicting method, we conduct comparative simulations
with EKF method. In particular, the EKF method use altimeter
data and depth to calculate the desired HD-UVMS reference
trajectory. The physical simulation results are presented in
Figs. 7–9. Fig. 7 shows results of seabed terrain predicting
using the LSTM-NMPC method and the EKF method in
the process of snapshot sequences of Fig. 9(a)–(c), respec-
tively. As analyzed above, when HD-UVMS arrives the desired
height z = 5, the STFC algorithm is executed. In Fig. 7, the
red line delineates the predicted HD-UVMS trajectory using
proposed method, which can be observed that it remains par-
allel to the actual seabed terrain profile. The blue dotted line
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Fig. 9. Snapshot sequences of STFC with obstacle avoidance. (a)–(c) depict the process of STFC from initial state. (d)–(f) describe the process of obstacle
avoidance with front-facing altimeter.

Fig. 10. Time evolution of the two altimeter data in the process of obstacle
avoidance.

indicates that the EKF method also can predict the variation
of seabed terrain. The depth guage data has inverse varia-
tion trend compared with the HD-UVMS trajectory. In Fig. 8,
HD-UVMS first arrives the desired height from 0 to 30 s and
implement the STFC algorithm from 30 to 150 s. The down-
facing altimeter data show the following performance. It can
be concluded that the proposed LSTM-NMPC method is more
effective and accurate [i.e., HD-UVMS maintains stable height
(H = 5) to the seabed terrain profile]. Moreover, the optimal
solution is confined to the desired value 35. The optimal solu-
tion is converted to the thruster velocity by thruster allocation
gain.

Fig. 10 depicts the time evolution of front-facing altimeter
data and down-facing altimeter data in the obstacle avoidance
process of Fig. 9(d)–(f). The front-facing altimeter detects
the obstacle at approximately 240 s, and the range between
HD-UVMS and obstacle stone decreases. When the range
became 2.5 m, HD-UVMS began to lift up to cross the obsta-
cle. At approximately 270 s, the front-facing data became 10,
which denotes that HD-UVMS arrived the appropriate height
relative to obstacle. HD-UVMS then began to cross the stone,
and the down-facing altimeter can measure the height between
HD-UVMS and seabed terrain. When HD-UVMS successfully
crossed the obstacle using down-facing altimeter data at 285 s,
it could recover to the desired height to the seabed (i.e., H = 5)
with the proposed algorithm at approximately 292 s. The sce-
nario results verify the robust performance of the proposed

Fig. 11. Results of physical simulation for STFC with high surge velocity
2 m/s.

STFC method. It should be noticed that the obstacle avoidance
is just a test for the robustness of the algorithm.

B. STFC With High Surge Velocity

The experiment of STFC for HD-UVMS with high surge
velocity was carried out to evaluate the performance of the
proposed method. The surge velocity of HD-UVMS is con-
figured to 2 m/s to compare with the last simulation surge
velocity 0.3 m/s. As depicted in Fig. 11, it shows that HD-
UVMS can maintain 5 m-height toward the seabed terrain
profile with surge velocity 2 m/s at the range of 0–27 m
along X. At the range of 27–42 m along X, the maximum fol-
lowing error can be up to 0.7 m because of large variation trend
of seabed terrain and long sampling cycle. If the underwater
task is cruise with high velocity and keep safe height to the
seabed, the proposed method also shows its good performance
and efficiency.

C. STFC With Random Seabed Terrain

To further evaluate the performance of proposed STFC
framework, a random seabed terrain was designed, as shown in
Fig. 6(b). Fig. 12 gives the image sequences of random seabed
terrain following experiment. Fig. 13 describes the desired
HD-UVMS trajectory and the time evolution of the down-
facing altimeter data. From the first chart of Fig. 13, it is clear
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Fig. 12. Snapshot sequences of STFC with unknown random seabed terrain.

Fig. 13. Results of physical simulation for STFC with random seabed terrain,
where the first chart denotes the desired HD-UVMS trajectory using LSTM-
NMPC method, and the second chart describes the performance of seabed
terrain following using I-CGMRES method.

to see that desired HD-UVMS trajectory was obtained accord-
ing to the predicted seabed terrain. The second chart of Fig. 13
delineates the time evolution of down-facing altimeter data,
which can be observed that the distance between HD-UVMS
and random seabed terrain maintains around desired height
H = 5. The experimental results verify the robust performance
of the proposed STFC method with prediction.

V. CONCLUSION

This article has formulated a framework of STFC for
HD-UVMS in unknown environment. A NMPC controller is
proposed to solve the STFC by C/GMRES optimization algo-
rithm incorporated with TD. In order to improve the following
accuracy, a prediction method combining the LSTM network
and the prediction model of NMPC is proposed to predict the
future seabed terrain. The effectiveness of the STFC has been
experimentally investigated on HD-UVMS using ROS-based
physical simulation scenarios. The experimental results show
that the proposed method can achieve robust performance in
different situations.

In the future, we will verify the proposed STFC framework
on a real HD-UVMS in sea environment. Some autonomous
obstacle avoidance methods will be used to get better
performance in unknown sea environment.
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