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Abstract: The capability of path tracking largely determines the operational efficiency of deep-
sea mining vehicles. In this paper, the relationships of vehicle–sediment mechanical interaction
were obtained by sinkage and shear tests. Then, an overset grid method was used to establish the
computational fluid dynamics (CFD) model of the vehicle, and the spatial hydrodynamic distribution
was calculated in different motion states. Based on the above research, a multi-body dynamic (MBD)
model of the mining vehicle was developed, which considered the spatial hydrodynamic effects and
the mechanical interaction between vehicle and sediment. In addition, a path-tracking controller
based on fuzzy logic control was proposed. A genetic algorithm optimized the fuzzy rules through
co-simulation between the controller and the MBD model. Finally, the co-simulation results of the
vehicle which moved along the expected path indicated that the performance of the optimized fuzzy
controller was preferable to the original fuzzy controller.

Keywords: deep-sea mining vehicle; spatial hydrodynamic distribution; dynamic model; fuzzy logic
control; genetic algorithm; path tracking

1. Introduction

With the constant decrease of mineral resources on land, many countries and orga-
nizations are attracted to the rich mineral resources contained in the seafloor. At present,
the promising commercial marine mining system is the type of hydraulic lifting pipeline,
including a marine mining vehicle as a core component [1]. The potential market of deep
sea mining vehicle is large. Due to the influence of complicated hydrodynamic effects
and particular mechanical interaction between vehicle and sediment, it is difficult to attain
satisfactory path-tracking performance for the mining vehicle.

Before exploration of the path-tracking control strategy of deep-sea mining vehi-
cles, a dynamic model is needed. Hong et al. [2] conducted dynamic simulations of a
tracked vehicle through a simplified dynamic model and investigated steering perfor-
mance. Kim et al. [3,4] compared the advantages and disadvantages of two model types
on tracked vehicles and used a large number of numerical simulations to analyze the
hydrodynamic effects. For a seafloor-tracked vehicle, a single-body model was conducted
to achieve a fast analysis of the moving process [5]. The above dynamic model greatly
simplified the actual situation to facilitate the numerical calculation. In a vertical plane, the
forces and moments that validated the Reynolds Average Navier–Stokes equations were
measured for an autonomous underwater vehicle (AUV) [6]. Phillips et al. [7] utilized an
analysis of CFD to predict hydrodynamic forces and moments for its accurate prediction.
The hydrodynamic damping was acquired by the computational fluid dynamic approach
in an open-frame remotely operated vehicle (ROV) [8]. The CFD method has more accuracy
than the empirical formula for the calculation of hydrodynamic effects. For an underwater
tracked vehicle with a ladder trencher and a rock-crushing tool, the influence between
the mining tool part and the tracked vehicle part was studied for optimized design of
the underwater track vehicle system [9,10]. Li et al. [11] studied a single track shoe to
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improve the tractive performance and optimize the structural parameters of the track. For a
saturated soft-plastic soil, Wang et al. [12] proposed a shear stress-displacement empirical
model validated by a track segment shear test. Baek et al. [13] studied the mechanical
properties of the soil thrust by the limit equilibrium analysis technique on clayey soil.
Owing to the particular environment of the seafloor, the research studies of deep-sea soil
are essential. Vu et al. [14] utilized a number of numerical simulations of an underwater
construction robot in up-cutting mode to analyze the change of forces, moments, energy,
and power in different conditions. For an AUV, Sun et al. [15] built a dynamic model
to study the performance of path tracking. Dai et al. [16,17] extended a new simulation
to obtain relationships of the seabed sediment by the discrete element method and used
the Reynolds stress model to complete CFD simulation. Many researchers have done
outstanding work in the field of underwater dynamics modeling, but most of them have
conducted deep research in local areas such as rapid modeling, hydrodynamic effects,
and deep-sea soil mechanics. Few people combine the above achievements to establish a
more comprehensive dynamic model. However, a dynamic model that fully considers the
influence of various factors is essential in the study of path tracking for deep-sea mining
vehicles.

For an excellent accuracy of path tracking, a suitable control strategy is essential.
Yeu et al. [18] constructed a vector pursuit algorithm for the generation of a specified
motion path and proposed a new control method through traction force and track slip; this
control strategy was effective but also complex. Hong et al. [19] formulated an algorithm
that contained the control of forwarding velocity and heading angle for the path tracking of
a tracked vehicle; this control scheme was widely accepted. Zhang et al. [20] investigated a
hybrid fuzzy PID controller for an ROV and used the small gain theorem to analyze the
stability. Londhe et al. [21] proposed the robust nonlinear PID-like fuzzy controller for
trajectory tracking and validated its better and robust control performance. Lamraoui and
Qidan [22] proposed two path-following controllers based on active disturbances rejecter
control to obtain a high tracking accuracy. The fuzzy logic control was widely applied in
path tracking for its outstanding performance in nonlinear systems. Based on a particle
swarm optimization algorithm, a fuzzy logic controller was designed to control the ROV
vertical trajectory [23]. For a dynamic positioning system of vessels, an adaptive fuzzy
controller was developed to eliminate the influence of environmental disturbances and
develop the control accuracy [24]. Chen et al. [25] developed the fuzzy controller for path
tracking and heading tracking of an ROV, which was optimized by a genetic algorithm.
Londhe and Patre [26] proposed an adaptive fuzzy sliding mode control scheme for an AUV
and eliminated the problem of chattering. Dai et al. [17,27] researched an adaptive neural-
fuzzy control strategy and validated its better performance with collaborative simulations,
and they proposed a fuzzy adaptive PID algorithm as the motion control strategy for an
underwater operating vehicle. Based on the superiority of fuzzy control, many scholars
have conducted in-depth research on the optimization methods of fuzzy controllers, which
mainly focus on the optimization of fuzzy rules and affiliation functions. It is valuable to
use genetic algorithms to optimize fuzzy controllers to achieve more accurate trajectory
tracking of deep-sea mining vehicles.

From the previous research, it can be found that the establishment of the dynamic
model of a deep-sea mining vehicle was seldom considered with the spatial hydrodynamic
effects and mechanical interaction between vehicle and sediment. Simultaneously, the rules
of fuzzy control are easily affected by the experience limitations of the designer, which
may lead to reduce control performance. So, in this paper, a multi-body dynamic (MBD)
model of a deep-sea mining vehicle, which considers the mechanical interaction between
vehicle and sediment and spatial hydrodynamic effects, was developed first. Next, a fuzzy
controller that contained double input and output was proposed for path tracking, and a
genetic algorithm optimized the controller through the collaborative motion simulation.
Finally, the performance of the optimized fuzzy controller was analyzed.
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2. Establishment of the MBD Model
2.1. Vehicle–Sediment Mechanical Interaction

On account of the particular environment of the seafloor, seabed sediment properties
are utterly different from terrestrial soil, so it is necessary to conduct special research on
vehicle–sediment mechanical interaction when the deep-sea mining vehicle is modeled.
The mechanical interaction between the vehicle and sediment is mainly manifested in the
pressure–sinkage characteristic and shear stress displacement.

It is hard to measure the mechanical properties of the interaction between the vehi-
cle and sediment by in situ tests, so laboratory simulation is considered for this study.
The substrate at the surface layer of 15–20 cm is used as the bearing layer and shear traction
layer when the mining vehicle travels on the seabed, so the physical force characteristics
of the substrate at this layer are used as the basis for formulating the simulated substrate.
As shown in Figure 1, the simulated sediment is mixed with bentonite and water and tested
by a cross plate shear tester. Its mechanical properties displayed in Table 1 were highly
consistent with the in situ test data.
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Table 1. Comparison between in situ test data and simulated sediment test data.

Data Type In Situ Test Data Simulated Sediment Test
Data

Shear strength (kPa) 4–6.5 4.9
Average moisture content (%) 90–130 110

Wet density (g·cm−3) 1.2–1.5 1.3
Dry density (g·cm−3) 0.54–0.65 0.62

Porosity ratio 3.11–4.13 3.28

The pressure–sinkage characteristic expresses the ability of the soil to resist deforma-
tion under the normal load. Bekker [28] conducted a number of experiments and proposed
the following formula for the pressure–sinkage property of homogeneous soil:

p =
1
2

(
kc

b
+ kϕ

)
zn (1)

where p is the normal pressure; kc is the soil cohesive; kϕ is the friction modulus; b is the
width of the plate; z is the sinkage; n is the soil deformation exponent.
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The characteristic of brittle soil displays a hump of maximum shear stress. The equa-
tion that describes the relationship between shear stress and displacement of the brittle soil
is proposed by Wong and Preston-Thomas [29], and it was given by:

τ = (c + p tan ϕ)kr

{
1 +

[
1

kr(1− e−1)
− 1
]

e1−j/kω

}(
1− e−j/kω

)
(2)

where c is the cohesive, ϕ is the internal shearing resistance, kr is the ratio of the residual
shear stress to the maximum shear stress, j is the shear displacement, and kω is the shear
deformation modulus.

During the sinkage test, the simulated flat plates of different sizes were pressed
perpendicularly into the simulated sediment. The size of simulated plate A is 375 mm long
and 150 mm wide, and plate B is 240 mm long and 120 mm wide. To effectively remove the
effect of soil pushing resistance during the horizontal movement of the shear displacement
test, three simulated track plates named plate C, D, and E in Figure 2 were designed as the
same width and height. However, their lengths were 150, 300, and 450 mm, respectively.
The pushing resistance could be eliminated by subtracting the measured data from each
track plate. The sinkage test data of plates with different sizes and the fitting curve of the
average value were demonstrated in Figure 3. In different size plates, the changing trends
of the compressive pressure–sinkage relationships are relatively consistent. Equation (2)
could fit the shear test data well. The shear test data and fitting curve of the average value
are demonstrated in Figure 4.
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From the above experiments, the related parameters were calculated. The kc is 1.62 ×
103 N/mn+1, the kϕ is 7.71× 104 N/mn+2, the n is 0.55, the kω is 0.036 m, and the kr is 0.27. In
the MBD model, they would be applied to develop the subroutine of the vehicle–sediment
mechanical interaction.

2.2. Spatial Hydrodynamic Distribution

When the deep-sea mining vehicle is crawling on the seafloor, although its speed is
slow, hydrodynamic effects on its motion performance cannot be ignored with its large size.

2.2.1. Meshing Method

The overset grid method was adopted to describe the actual working conditions of
the mining vehicle. Benek et al. [30] described the overset grid approach to resolve the
complex geometries flows, and its powerful potential for simulating complex engineering
flows was demonstrated [31]. Then, the pressure coefficient was calculated to verify the
accuracy of the calculation on the surface of the airfoil [32]. The overset grid method can
significantly describe the movement of components and ensure the quality of grids in the
simulation process.

2.2.2. Simulation Setup Details

The length, width, and height (L, W, and H) of the deep-sea mining vehicle are 5.4, 3.5,
and 1.9 m, respectively. Therefore, the flow field areas shown in Figure 5 were established
to simulate the spatial hydrodynamic distribution of straight motion and steering motion
in ANSYS Fluent. The RNG k-ε turbulence model was selected, and the value of y+ was set
as 30. As illustrated in Figure 6, each motion simulation included a background mesh and
a component mesh, the former was generated by a multizone algorithm, and the latter was
generated by an automatic algorithm. The flow field area established in Figure 5 can ensure
the full development of the flow field during the simulation process, so all the boundary
conditions of the flow field were set to the wall. The velocity of component mesh was set to
0–1.2 m/s in straight motion and 0–0.06 rad/s in steering motion. The flow field material
was marine water with a density and dynamic viscosity of 1026 kg/m3 and 0.00103 kg/m·s,
respectively.
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For the study of grid independence, three simulation models with different numbers
of grids were compared. The speed of straight motion and steering motion was set to
1.0 m/s and 0.05 rad/s, respectively. The discriminating ratio Rg could be used to estimate
the grid convergence by a grid triplet [33]. The Rg is given by:

Rg =
φ1 − φ2

φ2 − φ3
(3)

where φ1, φ2, and φ3 are the solutions simulated by the fine, medium, and coarse mesh.
The simulated solutions for the three meshes are shown in Table 2. It could be found

that in straight and steering motions, all the R were in the range of 0–1. This indicated that
with the increases in the number of grids, the convergence was monotonic convergence.
Owing to the consideration of calculation time and accuracy, the medium mesh was
selected.

Table 2. Verification of convergence.

Mesh

Straight Motion Steering Motion

Number of
Grids

longitudinal
Resistance(N)

Number of
Grids

longitudinal
Resistance(N)

Coarse 3.2 million 3626.37 4.4 million 5016.49
Medium 4.5 million 3386.89 5.7 million 4821.83

Fine 5.6 million 3327.52 6.9 million 4751.35

Discriminating
ratio 0.248 0.362

2.2.3. Simulation Results

The straight motion at 0–1.2 m/s and the steering motion at 0–0.06 rad/s of the
mining vehicle were simulated and solved. The surface pressure distribution of the
vehicle and velocity distributions of the flow field at 1 m/s and 0.05 rad/s are shown
in Figures 7 and 8, respectively. When the mining vehicle moved in a straight line, it is
mainly subjected to longitudinal hydrodynamic resistance Flong, which mainly comes from
the pressure difference between the front and rear surfaces of the vehicle. Moreover, the
pressure on the left and right surfaces was roughly the same so that the lateral hydrody-
namic resistance Flat could be ignored. However, the Flat was unable to be ignored with the
asymmetry of the flow field in steering motion; the pressure difference would appear on
the left and right surfaces of the mining vehicle. The Flong and Flat are displayed in Figure
9 with their polynomial curves fitting.



J. Mar. Sci. Eng. 2021, 9, 249 7 of 17
J. Mar. Sci. Eng. 2021, 9, x FOR PEER REVIEW 7 of 18 
 

 

 
(a) 

 
(b) 

Figure 7. The surface pressure distribution of mining vehicle: (a) straight motion at 1.0 m/s; (b) steering motion at 0.05 rad/s. 

 
(a) 

 
(b) 

Figure 8. The velocity distribution of flow field: (a) straight motion at 1.0 m/s; (b) steering motion at 0.05 rad/s. 

 
                        (a) 

 
                         (b) 

Figure 7. The surface pressure distribution of mining vehicle: (a) straight motion at 1.0 m/s; (b)
steering motion at 0.05 rad/s.

J. Mar. Sci. Eng. 2021, 9, x FOR PEER REVIEW 7 of 18 
 

 

 
(a) 

 
(b) 

Figure 7. The surface pressure distribution of mining vehicle: (a) straight motion at 1.0 m/s; (b) steering motion at 0.05 rad/s. 

 
(a) 

 
(b) 

Figure 8. The velocity distribution of flow field: (a) straight motion at 1.0 m/s; (b) steering motion at 0.05 rad/s. 

 
                        (a) 

 
                         (b) 

Figure 8. The velocity distribution of flow field: (a) straight motion at 1.0 m/s; (b) steering motion at
0.05 rad/s.

J. Mar. Sci. Eng. 2021, 9, x FOR PEER REVIEW 7 of 18 
 

 

 
(a) 

 
(b) 

Figure 7. The surface pressure distribution of mining vehicle: (a) straight motion at 1.0 m/s; (b) steering motion at 0.05 rad/s. 

 
(a) 

 
(b) 

Figure 8. The velocity distribution of flow field: (a) straight motion at 1.0 m/s; (b) steering motion at 0.05 rad/s. 

 
                        (a) 

 
                         (b) 

J. Mar. Sci. Eng. 2021, 9, x FOR PEER REVIEW 8 of 18 
 

 

 
                         (c) 

Figure 9. Hydrodynamic effects of the mining vehicle: (a) Flong and its polynomial curves fitting in 
straight motion; (b) Flong and its polynomial curves fitting in steering motion; (c) Flat and its poly-
nomial curves fitting in steering motion. 

The resistance of underwater moving objects is given by: 

2
d

1=
2

F C Aρν
 

(4) 

where dC  is the coefficient of water resistance, ρ  is the density of seawater, ν  is the 
speed of motion, and A  is the waterfront area. 

As shown in Figure 9, the Flong and Flat are proportional to the square of the speed, 
which is in line with the relationship between force and speed in Equation (4). In the 
MBD model, they would be applied at the corresponding positions with the form of axis 
force. 

2.3. MBD Model 
As shown in Figure 10, an equal scale MBD model of the deep-sea mining vehicle 

was established in multi-body dynamic simulation software Recurdyn, which is very 
suitable for solving large-scale multi-body system dynamics problems with relative co-
ordinate system motion equation theory and fully recursive algorithm. The MBD model 
consisted of six parts, namely the collection device, the collection bin, the buoyancy ma-
terial, the main frame, the left track, and the right track. They were all regarded as rigid 
bodies for simulation, and fixed constraints were imposed between the main frame and 
other parts. Among them, the track parts were established by subsystem tookit of track 
in recurdyn; all the contact forces were determined by the corresponding stiffness coeffi-
cient, damping coefficient, and dynamic friction coefficient. The spring connection was 
applied between the tensioner and the track frame, and all the wheels and track frame 
were restrained by rotating pairs. In addition, the track–surface contact was applied to 
the track and the ground. In this model, hydrodynamic resistance forces were applied 
separately in the X-axis and Y-axis directions to simulate the impact of ocean currents 
and changed with the movement speed, and the effect of cables and flexible risers were 
neglected to simplify the model. Simultaneously, C language was used to develop a 
program of the vehicle–sediment mechanical interaction with user subroutine in Re-
curdyn. 

In the MBD model, base speed u  and the additional speed ratio i  would be input, 
and then, they were applied to control the left track speed lu  and right track speed ru . 
The relationships are given by: 

(1 )
(1 )

l

r

u u i
u u i

= −
 = + . 

(5) 

Figure 9. Hydrodynamic effects of the mining vehicle: (a) Flong and its polynomial curves fitting
in straight motion; (b) Flong and its polynomial curves fitting in steering motion; (c) Flat and its
polynomial curves fitting in steering motion.

The resistance of underwater moving objects is given by:

F =
1
2

Cdρν2 A (4)

where Cd is the coefficient of water resistance, ρ is the density of seawater, ν is the speed of
motion, and A is the waterfront area.

As shown in Figure 9, the Flong and Flat are proportional to the square of the speed,
which is in line with the relationship between force and speed in Equation (4). In the MBD
model, they would be applied at the corresponding positions with the form of axis force.
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2.3. MBD Model

As shown in Figure 10, an equal scale MBD model of the deep-sea mining vehicle was
established in multi-body dynamic simulation software Recurdyn, which is very suitable
for solving large-scale multi-body system dynamics problems with relative coordinate
system motion equation theory and fully recursive algorithm. The MBD model consisted of
six parts, namely the collection device, the collection bin, the buoyancy material, the main
frame, the left track, and the right track. They were all regarded as rigid bodies for
simulation, and fixed constraints were imposed between the main frame and other parts.
Among them, the track parts were established by subsystem tookit of track in recurdyn;
all the contact forces were determined by the corresponding stiffness coefficient, damping
coefficient, and dynamic friction coefficient. The spring connection was applied between
the tensioner and the track frame, and all the wheels and track frame were restrained
by rotating pairs. In addition, the track–surface contact was applied to the track and
the ground. In this model, hydrodynamic resistance forces were applied separately in
the X-axis and Y-axis directions to simulate the impact of ocean currents and changed
with the movement speed, and the effect of cables and flexible risers were neglected to
simplify the model. Simultaneously, C language was used to develop a program of the
vehicle–sediment mechanical interaction with user subroutine in Recurdyn.
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In the MBD model, base speed u and the additional speed ratio i would be input,
and then, they were applied to control the left track speed ul and right track speed ur.
The relationships are given by: {

ul = u(1− i)
ur = u(1 + i)

. (5)

The movement diagram of the mining vehicle is shown in Figure 11; its central
coordinates are (Xo,Yo). Desired trajectories give the excepted path for straight and steering
motion. The central coordinates of the circle (Xa,Ya) and radius R are indicated. Wherein e
is the path-tracking error, α is the path-angle error, β is the actual heading angle of the
mining vehicle, and θ is the excepted angle. The corresponding relationships in straight
motion are given by: 

e = |kXo−Yo |√
k2+1

× sgn(k− Yo
Xo
)

α = θ − β
k = tan θ

. (6)
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The corresponding relationships in steering motion are given by: e =
[√

(Xo − Xa)
2 + (Yo −Ya)

2 − R
]
× sgn(cos θ)

α = π
2 − θ − β

. (7)

During the simulation process, the central coordinates and actual heading angle of the
mining vehicle will be used to calculate path-tracking error and path-angle error, which are
fed back to the control system in real time.

During the walking of the vehicle, the traction force mainly comes from the shear
stress generated by the sediment during the interaction between the track belt and the
sediment, which in turn was related to the shear displacement. In the process of walking,
there will be a certain gap between its actual speed and the speed given by the controller.
Due to the inflexibility of the track, it can be considered that the slip rate of each point of
the track section is basically the same. The slip rate of track is given by:

i =
vs − vm

vs
(8)

where vs is the theoretical input speed of track, vm is the actual speed of track, and i is the
slip rate.

3. Exploration of the Path-Tracking Controller

Fuzzy logic control is widely used in marine robotic fields [34]; its performance
is mainly affected by fuzzy rules. The design of fuzzy rules is often influenced by the
experience limitations of the designer, which may lead to reduced control performance.
The introduction of a genetic algorithm to optimize fuzzy rules can significantly eliminate
the influence of subjective factors on the control performance.

3.1. Design of Fuzzy Controller

A Mamdani-style fuzzy controller [35] was designed for path-tracking control of the
mining vehicle, where the input parameters are the path-tracking error and path-angle error,
and the output parameters are the base speed and additional speed ratio. The domains
of e, α, u, and i are [−600 mm, 600 mm], [−6◦, 6◦], [0.5 m/s, 1.1 m/s], and [−0.3, 0.3],
respectively; all of them have seven language variable values defined as NB, NM, NS, Z,
PS, PM, and PB. As is shown in Figure 12, the type of z and s membership functions were
used in NB and PB respectively, and the triangular membership function was applied in
other language variable values. The other parameters used the same design form of the
degree of membership function in Figure 12.
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When both types of error are small, the base speed of the mining vehicle can be
increased, and vice versa, it needs to be reduced. At the same time, the path-tracking
error has more influence than the angle error for an additional speed ratio; when the
absolute value of the path-tracking error is large, the additional speed ratio should be set
to a large value and have the same language direction as the former. Similarly, when the
absolute value of the path-tracking error is small, the additional speed ratio is also small.
Based on the above empirical experience, the fuzzy rules demonstrated in Tables 3 and 4
were created, and the centroid strategy was applied in defuzzification.

Table 3. The rules of base speed in the fuzzy controller.

eα NB NM NS Z PS PM PB

NB NB NM NS Z Z Z NS
NM NM Z Z PS PS PS Z
NS NS Z Z PM PM PS Z
Z Z PS PM PB PM PS Z
PS Z PS PM PM Z Z NS
PM Z PS PS PS Z Z NM
PB NS Z Z Z NS NM NB

Table 4. The rules of additional speed ratio in the fuzzy controller.

eα NB NM NS Z PS PM PB

NB NB NB NM NS NS NS Z
NM NB NM NS NS NS NS Z
NS NM NS NS Z Z Z Z
Z NM NM NS Z PS PM PM
PS Z Z Z Z PS PS PM
PM Z PS PS PS PS PM PB
PB Z PS PS PS PM PB PB

3.2. Optimization of Fuzzy Controller

As for a global search algorithm, a genetic algorithm can obtain the global optimal
solution of an optimization problem. First of all, it is essential to decide the decision
variables and constraints according to the optimization problem and then establish an
optimization model and objective function. Second, the encoding and decoding methods
need to be determined. Finally, the individual evaluation method and relevant operating
parameters should be defined.

In this study, a total of 98 parameters need to be optimized in Tables 3 and 4; and
all the parameters are integers. The value range is [1,7], which is equivalent to [NB, NM,
NS, Z, PS, PM, PB] in the optimization process. The genetic algorithm named MI-LXPM
was applied to resolve this optimized problem for its efficiency in integer-constrained
optimization problems [36,37], and real encoding was adopted. In the movement of the
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mining vehicle, the smallest path-tracking error is expected, and the objective function is
given by:

min f (e) =

√√√√√ n
∑

i=1
ei

2

n
. (9)

The optimization function in the genetic algorithm always minimizes the fitness
function, so in the minimum objective function, the fitness function is given by:

Fit( f (e)) =
1

1 + m− f (e)
, m ≥ 0, m− f (e) ≥ 0 (10)

where m is the bounds of the objective function with conservative estimation, and its value
is set to 3.

The crossover operator and mutation operator are the most critical parameters of
the genetic optimization algorithm, which work together to perform a global search and
a local search of the search space. The values of the crossover operator and mutation
operator were taken as 0.8 and 0.05 to ensure that the genetic algorithm has good search
performance.

The fuzzy controller was established in MATLAB/Simulink, so it could be optimized
by a genetic algorithm through the co-simulation between the controller and the MBD
model. The co-simulation process of Simulink and Recurdyn is depicted in Figure 13.
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When the co-simulation was running, the genetic algorithm would update the pa-
rameters according to the fitness function values in each iteration until it met the iteration
conditions and given the best parameter value. The optimization flow chart is manifested
in Figure 14.
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After 239 generations, the optimal parameters were acquired, and the rules of the
optimized fuzzy controller are shown in Tables 5 and 6.
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Table 5. The rules of base speed in the optimized fuzzy controller.

eα NB NM NS Z PS PM PB

NB NB NB NM Z Z NS NS
NM NM NS NS PS PS Z NS
NS NM Z Z PS PS PS Z
Z Z PS PM PB PM PS Z
PS Z PS PS PS Z Z NM
PM NS Z PS PS NS NS NM
PB NS NS Z Z NM NB NB

Table 6. The rules of additional speed ratio in the optimized fuzzy controller.

eα NB NM NS Z PS PM PB

NB NB NB NM NS NS NS Z
NM NB NM NS NS NS NS Z
NS NM NS NS Z Z Z Z
Z NM NM NS Z PS PM PM
PS Z Z Z Z PS PS PM
PM Z PS PS PS PS PM PB
PB Z PS PS PS PM PB PB

3.3. Simulation Results of Two Controllers

The fuzzy control optimized by the genetic algorithm was obtained. Then, the collabo-
rative motion simulation of the path tracking was carried out. The curve of the expected
path in the co-simulation was defined as (Unit:m):

y = 0, 0 ≤ x ≤ 20
(x− 20)2 + (y− 20)2 = 400, x > 20

y = 40, 0 ≤ x ≤ 20
. (11)

The change of the Z-direction position was ignored, and the mining vehicle forwarded
along the positive direction of the X-axis. We found that both controllers were capable
of path tracking from the simulation results displayed in Figure 15. In linear motion,
the trajectory of the actual motion almost coincides with the expected path. In contrast,
in the steering motion, the turning radius of the actual motion trajectory will be larger
than the radius of the expected path, and the path error was larger than when driving in a
straight line. However, compared with the original fuzzy controller, the optimized fuzzy
controller has better control accuracy.
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In the simulation process, the left track speed ul and right track speed ur of MBD
model in Figure 16 were continuously changed by the optimized fuzzy controller to adjust
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the path error and obtain a better control performance. During straight and steering motion,
the ul and ur were maintained near a more stable value; while in the transition period of
the motion state, there would be a quick adjustment. It can be found that the optimized
fuzzy controller has excellent ability to control the track speed in the straight and steering
motion in a complex seabed environment.
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Figure 17 indicated the velocity of the mining vehicle. In the beginning of the motion,
the responding speed of the optimized fuzzy control performed better than the original
one, and there was less fluctuation with the optimized fuzzy controller in case of the large
sudden interference. It was evident that the stability of the velocity using the original fuzzy
controller was not as good as that of the optimized fuzzy controller.
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Figure 17. Velocity of the mining vehicle.

Figure 18 demonstrated the path-tracking error of the simulation process. The largest
path-tracking error was 214 mm with the optimized fuzzy controller, while without op-
timization, the largest path-tracking error was 598 mm. The latter path-tracking error
varied more sharply throughout the motion. Figure 19 indicated the path-angle error.
The path-angle error was small in the straight motion and large in the steering motion.
It was clear that the optimized fuzzy controller has better control performance, with a
smaller maximum angle error and fluctuation.
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The path-tracking error and the path-angle error were changed continuously in the
motion process of the mining vehicle, so the reference velocities that were used to control
the left track and right track would change at the same time according to the control rules
of the fuzzy controller. The slip rate of the left and right tracks in the movement process is
shown in Figure 20. At the beginning of the straight motion, the slip rate fluctuations were
small, and the vehicle was in a relatively stable state; in the subsequent steering motion, the
slip rate fluctuated more, which meant that the stability of the steering motion was not as
good as the straight process, and more frequent and greater adjustments were required to
reduce the path error; when the car completed the steering motion and entered the straight
motion again, the slip rate of the track was also maintained in a smaller fluctuation range.
In the whole motion process, the slip rate of the crawler was between 0 and 0.03 most of
the time. The slip rate in this interval could provide the vehicle with greater traction and
obtained a higher energy efficiency.
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From the above simulation results, there was no doubt that the optimized fuzzy con-
troller has achieved the path-tracking control of the deep-sea mining vehicle. Furthermore,
its control accuracy and stability, which fully met the design requirements, had been signif-
icantly improved compared to the controller designed by human experience. The genetic
algorithm could develop a satisfactory fuzzy controller for the mining vehicle, as long as a
suitable dynamic model was established ahead.

4. Conclusions

An integrated dynamic model and optimized fuzzy controller for the path tracking of
a deep-sea mining vehicle were studied. In this paper, we have simplified some research; in
the future, the study of hydrodynamics in more complex situations such as uphill, downhill,
and ditch crossing, and the deeper coupling between the vehicle and the cable could be
considered. The major results of this paper are as follows:

(1) The related parameters of vehicle–sediment mechanical interaction were calculated
by sinkage and shear tests in the laboratory, and the trends of test data were highly
consistent with corresponding empirical equations. The longitudinal hydrodynamic
resistance and lateral hydrodynamic resistance of the mining vehicle increased ex-
ponentially with the increase of speed; simultaneously, the lateral hydrodynamic
resistance of straight motion was too small to be ignored.

(2) The MBD model of the deep-sea mining vehicle utilized axis forces and a user sub-
routine to achieve the integration of the mechanical interaction between vehicle
and sediment and the spatial hydrodynamic effects. The central coordinates and
actual heading angle of the mining vehicle were sampled in real time to calculate the
path-tracking error and path-angle error in different motion states.

(3) The genetic algorithm named MI-LXPM optimized the fuzzy rules of the motion
controller. The co-simulation showed that the optimized fuzzy controller had better
control accuracy than the original fuzzy controller. The maximum path-tracking error
and path-angle error of the optimized fuzzy controller were 214 mm and −2.1◦, re-
spectively, but the corresponding values of the original fuzzy controller were 598 mm
and −4.3◦.
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