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Abstract: Path-keeping requires unmanned surface vehicles (USVs) to follow a planned path in
autonomous navigation. It is essential for USVs to carry out autonomous tasks such as collecting
various data of water quality and surrounding terrain for exploration and protection of water
environments. However, due to obstacle avoidance and other factors such as wind, water waves,
and dynamics of USVs, USVs usually deviate from the original planned path during autonomous
navigation. This paper proposes a novel path-keeping algorithm based on the artificial potential field
method (PK-APF) for USVs. To minimize the deviation between the actual path and the original
planned path, the vertical distance and the virtual foot points of the current position of USVs to
the original path (a line connecting the previous navigation point and the next navigation point)
are calculated. When the vertical distance is larger than a threshold, we regard the vertical foot
point as a virtual goal point to guide the USVs to navigate the original path in real-time to achieve
high-precision path-keeping. Obstacle avoidance is simulated in the MATLAB and Virtual RobotX
(VRX) simulators, and the influence of wind and water waves is considered in VRX. Experiments are
conducted in typical scenarios and results show that PK-APF outperforms the traditional APF by at
least 22%. The work provides an important basis for real-life environments. Substantial further work
is planned for applying the method on a physical USV.

Keywords: path-keeping; artificial potential field; virtual foot points; USVs; VRX; MATLAB

1. Introduction

In the past few decades, USVs have undergone rapid development, especially in
environmental monitoring and robotics research. Humans have come to rely on USVs to
explore complex ocean spaces [1] and perform some particular tasks, such as river depth
exploration through grid routes and 3D modeling of riverbeds [2–4]. Therefore, USVs
are required to achieve high-precision path-keeping to ensure consistency and uniform
sampling of riverbed depth, microbial content data, and water quality data in water [5].
In addition, USVs are essential tools for surface and ocean exploration and research because
they can replace human beings to complete repetitive tasks in real-time. With the diversity
of tasks, more demands are placed on automatic USVs.

Path planning is difficult in the navigation of USVs, which needs to consider the actual
environment and goal tasks [3]. During navigation, the planned path is often affected
by external factors such as obstacles, wind, and water waves [6]. Path planning includes
global path planning and local path planning. Global path planning is to plan the path by
setting the start, intermediate, and goal points in a known environment. A basic algorithm

Appl. Sci. 2022, 12, 8201. https://doi.org/10.3390/app12168201 https://www.mdpi.com/journal/applsci

https://doi.org/10.3390/app12168201
https://doi.org/10.3390/app12168201
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0001-5282-1343
https://orcid.org/0000-0003-1710-8598
https://orcid.org/0000-0001-7695-4538
https://orcid.org/0000-0003-1024-5442
https://orcid.org/0000-0003-0199-7386
https://orcid.org/0000-0001-6131-0377
https://doi.org/10.3390/app12168201
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app12168201?type=check_update&version=1


Appl. Sci. 2022, 12, 8201 2 of 15

in path planning is Dijkstra [7], which boasts low search efficiency because it searches
the whole map. Compared with Dijkstra, A* uses heuristic functions to estimate the path
and reduce the search space, which decreases the search time and is suitable for static
environments [8,9]. The most important design aspect is the determination of the cost
function, which defines the weights of the nodes. It is suitable for searching spaces that
are mostly known in advance by vehicles, but is costly in terms of memory and speed for
large areas. D* [10,11] is ideal for partially known or continuously changing environments
because it is more efficient than A*. Unlike the A* algorithm, D* searches the path nodes
by maintaining a priority queue from the goal point until the node reaches the robot’s
current position. Therefore, the computational effort is reduced when the robot meets other
obstacles. Lifelong planning A* (LPA*) algorithm has introduced incremental environment
information, which can significantly improve the search efficiency [12]. However, when the
environment changes, A*, D*, and LPA* need to completely replan the full path; therefore,
these algorithms are inefficient for path planning in dynamic environments. The D* Lite
algorithm is based on LPA* and D* [13], which combines heuristic function and incremental
search and only considers the path between the current point and the goal point. Therefore,
the D* lite algorithm is more efficient than D* and LPA*, and it is widely used for computer
games and virtual simulations [14].

Local path planning uses sensors to help USVs detect obstacles in real-time in an
unknown environment and transmit information to the USV’s controller in time to avoid ob-
stacles [15]. As one of the most commonly used local path planning algorithms, Khatib [16]
proposed the path planning algorithm of artificial potential field (APF) in 1985. APF has the
advantages of simple processing and a high success rate of path planning in an unknown
environment. In this algorithm, the whole map is regarded as a potential field, and the
robot is regarded as a point in the potential field to avoid obstacles and move towards
the goal point. However, APF also has disadvantages, such as falling into local minimum
points and low-precision path-keeping. When the goal point attraction and the obstacle’s
repulsion are the same, a USV will stay in place and oscillate, unable to reach the goal point.
At the same time, when a USV has avoided the current obstacles and there is no influence
from other obstacles, it will sail straight to the goal point and cannot return to the original
path due to obstacle avoidance and the effects of external factors such as wind and water
waves, which cannot guarantee the high-precision path-keeping. In the literature related
to APF improvement, Yanyang [17] proposed the path planning and obstacle avoidance
of multihug (underwater glider) formation by combining artificial potential field method
and Kane method. When falling into the local minimum point, a virtual local coordinate is
designated to replace the global goal. When escaping from the minimum point, the global
goal is reassigned to guide the forward direction. Pan [18] proposed to combine APF with a
virtual structure to ensure effective formation, but the planned path would be complicated
and prone to fall into a local minimum point collectively. Hong [19] proposed that APF
of local path planning can transform vector force into potential field, and APF with multi-
ple subtargets can help USVs solve local minima and ensure an optimal path. Chen [20]
proposed the method of combining ant colony optimization and artificial potential field
method to search for the global optimal path in the grid environment, and proposed the
method of equipotential tangent circle to define the repulsive function and eliminate the
situation where the goal point cannot be reached due to nearby obstacles and local mini-
mum point. Wang [21] proposed to adapt to the unpredictable environment and use the
simulated artificial potential field method to carry out hierarchical path planning of USVs.
By setting virtual return points on the global path and mixing the global path and local
path, the disadvantage of USVs falling into local minimum points can be solved.



Appl. Sci. 2022, 12, 8201 3 of 15

Currently, there have been relatively perfect solutions to lane-keeping for automotive
cars. In the literature related to car lane-keeping algorithms, Mohamed [22] proposed the
use of edge detection and aerial view to assist autonomous vehicles in lane recognition and
keeping but only evaluated a closed-loop frame PID control system. Kuo [23] proposed
using image sensors so that cars without lidar can accurately detect lanes and stay moving.
However, in a complex road environment, the effectiveness of lane-keeping is weakened.
Nose [24] proposed to use CNN for lane-keeping in automatic driving. The parameters of
CNN set before the test can be learned in real-time during driving to reduce the influence of
data deviation. However, USVs often deviate from their original path during the navigation
process due to winds, water waves, and obstacle avoidance.

Traditional APF often has the following shortcomings in the navigation of USVs:

• Traditional APF influences the navigation of USVs through attractive and repulsive
forces whereas USVs stop when the attractive and repulsive forces are equal in magni-
tude and opposite in direction, and the resultant force on USVs is zero—that is, when
it falls into a local minimum point;

• Traditional APF only focuses on USVs heading to the goal point and ignores the
influences of obstacles and wind on the original planned path, thus, it fails to achieve
high-precision path-keeping.

Addressing the disadvantages of the traditional APF algorithm, the following im-
provements are made:

• The idea of temporal force is proposed for USVs to escape from local minimum point
and continue the navigation;

• The idea of virtual foot points is proposed to reduce the path deviation between
the actual path and the planned path caused by the negative influence of obstacle
avoidance, wind, and water waves in the process of autonomous navigation.

In this paper, a high-precision path-keeping artificial potential method is proposed in
Section 2. Section 3 describes simulations and high-fidelity experiments. We discuss the
path-keeping performance of PK-APF and APF in Section 4.

2. PK-APF Methodology
2.1. PK-APF Formulation

PK-APF is obtained with improved APF, by modifying the potential field of the force
to achieve high-precision path-keeping, and the resultant force of USVs in the force field is
written as

Fres =
g Fatt +

v Fatt + ∑ Frep,i (1)

where Fres is the resultant force, gFatt is the attractive force of the goal point, vFatt is another
attractive force provided by the virtual foot points, and Frep,i represents repulsive force
from the ith obstacle.

The attractive force provided by the goal point is denoted as

gFatt =


κ
(

pgoal − pusv

)
, ‖pgoal − pusv‖≤ ξ

ξκ
pgoal − pusv

‖pgoal − pusv‖
, ‖pgoal − pusv‖> ξ

(2)

where κ is a constant scaling coefficient, pusv = [xusv yusv]T is the current position of
the USV, pgoal = [xgoal ygoal ]

T is the desired goal point location, and ξ is a threshold for
piecewise attractive force.

The repulsive force from the ith obstacle is written as

Frep,i =

{
η( 1

ri(pusv)
− 1

r0
)
‖pgoal−pusv‖2

ri(pusv)
, ri ≤ r0

0, ri > r0
(3)
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where η is the coefficient for repulsive force and r0 indicates the influence range of repulsive
force that arises from obstacles. If the USV is within the range of repulsion of multiple
obstacles at the same time, ri(pusv) is the distance from the position of the ith obstacles to
the USV. Therefore, the repulsive force expression of obstacles can represent the repulsive
force generated by multiple obstacles or a single obstacle.

Figure 1 demonstrates that multiple obstacles provide repulsive force on the USV.
The dark circular area indicates the repulsive force range of obstacles when the USV is close
to an obstacle, and the light color indicates that it is not affected by the obstacle. During the
voyage, the USV entered the repulsive force influence range of Obs1 and Obs2; so, the
repulsive force is the resultant force provided by Frep1 and Frep2. Meanwhile, no repulsive
force is provided by Obs3 for USVs because USVs do not fall into the Obs3 repulsive force
influence range.

Figure 1. Multiple obstacles provide repulsive force.

2.2. Virtual Attractive Force

In the practical environment, USVs will deviate from the planned path due to external
disturbances, such as obstacle avoidance and the influence of wind and water waves.
Virtual foot points provide attractive force calculated with the vertical distance between
the current position of the USV and the original planned path (a line connecting the
previous navigation point and the next navigation point). The size of the vertical segment
determines the attractive force of the virtual foot point. The USV can realize high-precision
path-keeping by the attractive force of virtual foot points, when it deviates from the
original path.

Virtual foot points provide attractive force, denoted as

vFatt =


µu

(
A× xusv + B× yusv√

A2 + B2

)
, ri > r0

µl

(
A× xusv + B× yusv√

A2 + B2

)
, ri ≤ r0

(4)

A =
ygoal − ystart

xgoal − xstart
B = −1 (5)

where [xusv yusv]T is the current position of the USV, [xgoal ygoal ]
T is the desired goal point

location, [xstart ystart]T is the desired start point location, ri(pusv) is the distance from the
position of the ith obstacles to the USV, and r0 indicates the influence range of repulsive
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force that arises from obstacles. A and B are the coefficients of the line from the start point
to the goal point.

The difference between µu and µl ensures that the USV does not collide with obstacles
when the virtual foot point provides attractive force to help it return to its original path. µu
means that the USV is outside the repulsive force influence range of the obstacle, with a
significant coefficient to help quickly return to the original path. µl represents when the
USV sails within the repulsive force influence range of obstacles. In order to ensure that
the USV does not collide with obstacles and maximize its approach to the original path,
a smaller proportional coefficient is used.

Figure 2 shows the direction of the resultant force. The resultant force Fres is the
summation of attractive force for goal point, second attractive force for virtual foot points,
and repulsive force for obstacle shown in Equation (1). The USV deviated from the original
planned path (start point pointing to the goal point) after reaching the repulsive force
influence range. The attractive force of the goal point guides the USV towards the goal
point, and the virtual attractive force of the virtual foot points helps the USV approach the
original path to achieve high-precision path-keeping.

Figure 2. Virtual foot point guidance.

2.3. Temporal Force

As shown in Figure 3, the USV tends to fall into the local minimum point near the
obstacle due to the same magnitude and opposite direction of attractive force and repulsive
force. To solve this issue, the temporal force is introduced to help it escape from the
local minimum point and move towards the goal point. During the experiment, the USV
can break the balance of forces by turning the direction of the temporal force 90 degrees
counter-clockwise, as shown in Equation (6).

Ftemp = ζ‖
gFatt

Frep
‖·R(θ) (6)

where ζ is a scaling factor and R is rotation matrix in R2. Normally, we rotate 90 de-
grees clockwise.
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Figure 3. Temporal force to avoid local minimum point.

3. Experiments

This section discusses the simulation experiments and results with the two algorithms
of PK-APF and APF in MATLAB and VRX simulators. The main comparison indexes are
whether the goal point can be reached and the path-keeping performance of these two
algorithms between the actual and original planned paths. For high-fidelity simulations,
the proposed algorithm and simulation are running in real-time.

3.1. MATLAB Implementation

We develop APF and PK-APF path planning algorithms for numerical verification in
MATLAB. Figure 4 shows the experimental results; the blue and green points represent the
start and goal points of the USV, respectively. Obstacles are shown in red. The gray around
the obstacle is the repulsive force influence range of the obstacle; if the USV is not in the
repulsive force influence range, there is no repulsive force influence. In the simulation, all
sampling points are valid candidates for statistics. Table 1 shows the algorithm’s constant
values, start point, and goal point in the MATLAB experiment.

Table 1. MATLAB simulation parameters setting.

Variable Value Variable Value

r0 [m] 2.0 η [1] 0.03
Planner κ [1] 8.0 µu [1] 70

ξ [1] 3.0 µl [1] 4
Conditions Start [m m] [0 0] Goal [m m] [30 30]

3.1.1. Path Planning with Local Minimum Point

When the obstacle is on the line between the start point and the goal point, the tradi-
tional APF will fall into the local minimum point because the attractive force of the goal
point near the obstacle is equal to the repulsive force of the obstacle but in the opposite
direction. As a result, the USV has zero resultant force at the local minimum point and
cannot continue to move to the goal point.

Under the action of the attractive force field, the USV begins to sail in the direction
of goal point. Figure 4a shows a 30 × 30 m map and obstacles set at (10,10) and (20,20);
thus, the USV falls into a local minimum point because the resultant force of the USV is
zero when it is close to the first obstacle. Each point in Figure 4b represents the magnitude
value of resultant attractive force by the goal point and virtual foot points. The main reason
for the larger values of (0,30) and (30,0) are that this position is furthest from the original
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planned path, and virtual foot points provide attractive forces to help the USV return to
the original path. The white area in Figure 4c is the location of obstacles, and the direction
of the repulsive force of the obstacle is 360 degrees. The color bar in Figure 4 represents
the magnitude of three forces, respectively. The attractive force provided by the goal point,
the attractive force provided by the virtual foot points, the repulsive force provided by the
obstacle, and the resultant force are calculated by Equations (2), (4), (3), and (1), respectively.

Figure 4. APF path planning and local minimum point.

Figure 5 shows the planning path of PK-APF and APF algorithms with temporal
force. In Figure 5a, we add temporal force to the USV when it falls into a minimum point;
thus, APF can escape from the local minimum point and reach the goal point successfully.
However, after being affected with the repulsive force of the obstacle, APF cannot return
to the original path to achieve the high-precision path-keeping. In the vicinity of the first
obstacle, due to the repulsive force, the USV moves out of the repulsive force influence
range and sails in the attractive force direction of the goal point. When approaching the
second obstacle, the USV continues to deviate from the original path due to the repulsive
force of the second obstacle, as can be seen from time step 2.5 × 104 in Figure 6.

(a) (b)

Figure 5. Path planning with temporal force. (a) APF path planning with temporal force; (b) PK-APF
path planning with temporal force.

Figure 5b shows the planned path of PK-APF with temporal force; the USV escapes
the balance of forces by temporal forces when it is at the local minimum point. Meanwhile,
after escaping from the local minimum point, the USV deviates from the path to avoid
obstacles. By setting up virtual goal points, the USV is guided to approach the original path
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to achieve high-precision path-keeping. As the repulsive force of the obstacle is related to
the distance to the goal point, the repulsive force of the second obstacle is reduced because
it is close to the goal point. Thus, the deviation distance of the USV is reduced compared
with that near the first obstacle. Further, the virtual foot points provide attractive force
to guide the USV’s return to the original planned path, and the maximum deviation is
reduced compared to APF.

Figure 6. Path-keeping error result with temporal force.

The statistics of path-keeping errors are shown in Figure 6. The maximum deviation
of APF is 1.332 m when avoiding obstacles, and it cannot return to the original path in
time. The maximum deviation of PK-APF is 0.8177 m, which is 38.61% less than that of
APF. Besides, it only deviates from the planned path when avoiding obstacles. After that,
it can return to the planned path in time without the influence of obstacles and achieve a
higher precision of path-keeping compared to APF. As the PK-APF needs to return to the
original path in time after leaving the influence range of the obstacle. The path length of
PK-APF is larger than that of APF, and the average step size of PK-APF is the same as that
of APF; so, the total time step of PK-APF is larger than that of APF.

3.1.2. Path Planning in Narrow Corridor

During USV navigation, the narrow corridor between obstacles often affects the
behavior of USVs. The positions of the obstacles are set at (14.2,15) and (15.8,15). As multiple
obstacles simultaneously affect the repulsive force on the USV, when obstacles are some
distance apart but close, a narrow corridor is created for the USV to travel along. Figure 7
presents the APF and PK-APF algorithms’ planning paths in a narrow corridor environment.
After repulsing by multiple obstacles, the traditional APF will be far away from the obstacles
and continue to move towards the goal point, resulting in a significant deviation between
the original planned path and the actual navigation path. However, because PK-APF has
the attractive force of virtual foot points and returns the original path immediately, it helps
the USV complete high-precision path-keeping in the narrow corridor path composed of
obstacles and complete path planning.

The statistics of path-keeping errors are shown in Figure 8. As PK-APF can pass
through the narrow corridor, the maximum deviation error from the original path is 0.1983
m. Meanwhile, it can be seen that it can achieve high-precision overlap with the original
planned path except for avoiding obstacles, and the deviation of the original path is 0
m. In the path planned by APF, the maximum deviation error from the original path is
1.562 m. PK-APF reduced the maximum deviation error by 80.92% compared with APF.
The planned path of PK-APF is similar to that of APF because PK-APF passes between
obstacles. Therefore, the total time step of PK-APF is similar to that of APF.



Appl. Sci. 2022, 12, 8201 9 of 15

(a) (b)

Figure 7. Path planning in narrow corridor. (a) APF path planning; (b) PK-APF path planning.

Figure 8. Path-keeping error result in narrow corridor.

3.1.3. Path Planning with Multiple Obstacles

It is a common phenomenon to have multiple obstacles on the planned path during
navigation of USVs. The position of the obstacles are set at (14.6,15), (15,15), and (15.4,15).
The repulsive force of multiple obstacles on USVs will produce a resultant force. In Fig-
ure 9, the APF and PK-APF algorithms can only reach the goal point by bypassing the
obstacles when they encounter multiple obstacles. While avoiding obstacles, APF deviates
significantly from PK-APF because there are no virtual foot points to guide the USV back
to the original path.

The statistics of path-keeping errors are shown in Figure 10. The maximum deviation
degree of PK-APF is 0.9755 m, and APF is 1.395 m. Compared with APF, PK-APF can reduce
the deviation degree by 30.07%. Meanwhile, PK-APF can timely return to the original
planned path after bypassing obstacles, realizing high-precision path-keeping.
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(a) (b)

Figure 9. Path planning with multiple obstacles. (a) APF path planning; (b) PK-APF path planning.

Figure 10. Path-keeping error result in multiple obstacles.

3.1.4. Conclusion of MATLAB Simulation

The above three experiments show that APF will fall into the local minimum point and
fail to reach the goal point in MATLAB environment simulation. Even without falling into
the local minimum point, there is a great deviation between the actual path and the original
planned path because of obstacle avoidance. PK-APF simulations show that the goal points
can be reached and high-precision path-keeping is achieved. Regarding data analysis,
the maximum deviation path-keeping error of PK-APF was reduced by 30.07% to 80.92%
compared with APF. When obstacles interfere with the USV navigation path planning,
PK-APF can avoid obstacles, reach the goal point, and achieve high-precision path-keeping.

Table 2 shows the path sampling points, 0.5-error points, and path-keeping precision
information of APF and PK-APF. The total sampling point is the travel length of the USV
when planning the path. A point with a 0.5-error is considered sailing on the original
planned path less than 0.5 m-deviation. Path-keeping precision for the USV is calculated
with the precision of sampling points where the error is below 0.5 m. In the first experiment,
because the APF falls into the local minimum point, the path planned to the goal point was
not completed, so it did not calculate the path-keeping precision. In the Table 2 experiments,
the path-keeping performance of PK-APF is higher than APF, which indicates that PK-APF
has a higher path-keeping performance than APF.
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Table 2. Path-keeping error.

MATLAB Scenario # of Sampling
Points

# of 0.5-Error
Points PK Precision

In local minimum point APF 38,480 20,048 52%
PK-APF 44,895 41,867 93%

In narrow corridor APF 37,920 23,052 61%
PK-APF 37,919 37,919 100%

In multiple obstacles APF 37,920 25,021 66%
PK-APF 37,920 33,390 88%

3.2. High-Fidelity ROS Simulation

Besides the effect of obstacles on path-keeping, there are other disturbances such as
water waves and wind that can affect the precision of path-keeping. In this section, we use
Virtual RobotX to simulate the effect of wind on the USV in APF and PK-APF algorithms.

3.2.1. Virtual RobotX

Virtual RobotX (VRX) provides a high-fidelity simulation for USVs in complex marine
environments, based on Gazebo simulation and Robot Operating System (ROS) [25]. VRX
extends the Gazebo simulator, including environmental models, USV dynamics, onboard
sensors, and some ocean object models to support a wide range of simulation scenar-
ios. The following capabilities featured in the VRX strongly support us for high-fidelity
simulation:

• Comprehensive wave model to disturb USVs’ motion;
• Stochastic wind representation to disturb USVs’ motion;
• Six degree-of-freedom model for USVs with configurable actuators.

Hence, VRX is a tool to validate our algorithm before undertaking physical on-site
experiments. Researchers can customize the USV platform and the dynamic ocean environ-
ment using VRX to support their development.

3.2.2. Simulation Parameters and Methods

We configure the USV with two articulated aft thrusters mounted at the back-end
of the USV. The constant mean wind velocity is set to 0 m/s and 5.9 m/s, respectively.
The standard deviation is set to 1.5 m/s. We use the PK-APF algorithm in MATLAB to
calculate the desired velocity and heading for the USV. Then, we publish the /cmd_vel
profile through the MATLAB-ROS interface. Finally, we convert Twist ROS messages to
thruster commands to move the USV. The simulation framework is shown in Figure 11.

In the simulation, we mainly focus on the wind impacts on the USV. We obtain the
states of the USV from Gazebo ground truth to reduce the effects of state estimation. Table 3
summarizes the parameters of the simulation environment and algorithms. Additionally,
the parameters for the USV dynamics in Gazebo use default values presented in VRX.

Table 3. Simulation parameters setting.

Variable Value Variable Value

wave_gain [1] 0.1 wind_mean_vel [m/s] 0, 5.9
wave_period [s] 5.0 wind_direction [deg] 135

Simulator wave_angle [deg] 0.4 wind_std [m/s] 1.5
wave_dx [m] 1.0 Obstacle [m m] [50 50]
wave_dy [m] 0.0
r0 [m] 15 η [1] 0.9

Planner κ [1] 1.8 µu [1] 1.4
ξ [1] 1.8 µl [1] 0.7
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Figure 11. Simulation framework.

3.2.3. Simulation Result and Discussion

The PK-APF and APF are validated using high-fidelity simulations with water wave,
wind, and USV dynamics. We compare the traditional APF and PK-APF for different wind
speed scenarios at the approximate 100 × 100 m2 area. The paths of the simulated results
are shown in Figure 12.

Figure 12. Planned and original paths for APF and PK-APF with different wind disturbances.

The experiments show that the planner successfully navigates the USV from the start
point to the goal point using APF and PK-APF at different wind speeds. Without the
wind disturbance, Figure 12a,c show that both algorithms can avoid the obstacle. The APF
in Figure 12a moves to the goal point directly while PK-APF in Figure 12c moves to the
original path first, then toward the goal point. This is the reason why the total distance of
APF is less than that of PK-APF. The PK-APF can guide the USV to return to the original
path after avoidance. For Figure 12b,d, the result demonstrates that PK-APF is robust
to keep the path with wind disturbance, while APF deviates from the original planned
path. The USV does not fall into local minimum point due to wind, water waves, and
the USV’s inertia and temporal force. However, we observe that the path overshoots a
few meters due to inertia. For Figure 12c,d, the result shows that PK-APF can achieve
path-keeping and obstacle avoidance with wind disturbances.

We plotted the error between the USV position and desired straight-line path. PK-
APF achieved better path-keeping compared with traditional APF. Figure 13 indicates the
path-keeping error of four experiments. At the time step between 100 and 200, PK-APF
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tracks desired path within 0.5-m error while APF tracks straight path with about 10-m
error. Particularly, APF in the windy environment has a significant deviation due to wind
disturbances. At the time step between 200 and 325, the USV detected the obstacle. Both
PK-APF and APF successfully guide the USV to avoid obstacles. After avoiding maneuver,
the PK-APF enables path-keeping quickly. When the USV exits the repulsive force influence
range, the path of PK-APF slightly overshoots approximately 2 m to keep the desired path.

Figure 13. Path-keeping error for APF and PK-APF with different wind speeds.

Figure 14 shows the statistics of path-keeping errors. The medians of path-keeping
error are from 2.0 to 8.0 m for APF at wind speeds of 0 and 5.9 m/s, and from 0.2 to 0.9 m for
PK-APF at wind speeds of 0 and 5.9 m/s, respectively. The maximum relative path-keeping
errors at wind speeds of 0 and 5.9 m/s are from 16.4 to 16.8 m for APF, and from 4.5 to
5.9 m for PK-APF, respectively. PK-APF reduces 64.9% maximum relative path-keeping
error compared with APF without wind, and 72.6% under wind disturbance.

Figure 14. Path-keeping error statistics.

In short, the proposed PK-APF algorithm demonstrates a robust path-keeping ability
and obstacle avoidance function even under external disturbances such as obstacle avoid-
ance, wind, and water wave, which enables wide applications for USVs such as riverbed
modeling tasks and meshed voyages for water sampling.

4. Conclusions and Future Work

In this paper, the PK-APF algorithm is proposed to solve the shortcomings of USVs in
their failure to achieve a high-precision path and falling into the local minimum point by
increasing virtual foot points and temporal forces, respectively. In the simulation environ-
ment of MATLAB and VRX, obstacles and wind force are added as external disturbance
factors to represent a real environment. The experimental results show that the path-
keeping precision of PK-APF is improved by at least 22% than APF. Therefore, USVs are of
great significance in practical use when high-precision data collection is needed, such as
grid data for obtaining water quality data and riverbed modeling.

In the future, we will implement the proposed PK-APF algorithm in a real USV,
and an advanced controller will be designed to help the USV achieve the high-precision
path-keeping in real environments.



Appl. Sci. 2022, 12, 8201 14 of 15

Author Contributions: Conceptualization, Y.C.; methodology, Y.C.; software, Y.C. and Z.W.; val-
idation, Y.C. and Z.W.; writing—original draft preparation, Y.C., Z.W., Y.Y., X.Z., E.G.L. and P.P.;
writing—review and editing, Y.C., Z.W., Y.Y., X.Z., E.G.L. and P.P.; funding acquisition, Y.Y. and X.Z.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by by the Suzhou Science and Technology Project (SYG202122),
the Key Programme Special Fund of Xi’an Jiaotong-Liverpool University (XJTLU) (KSF-A-19, KSF-E-
65, KSF-P-02, KSF-E-54), and the Research Development Fund of XJTLU (RDF-19-02-23).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations
The following abbreviations are used in this manuscript:

USVs Unmanned surface vehicles
PK-APF Path-keeping artificial potential field
APF Artificial potential field
VRX Virtual RobotX
ROS Robot operating system
LPA* Lifelong planning A*
CNN Convolutional Neural Network
MATLAB Matrix Laboratory
PID Proportion–Integration–Differentiation
A* A Star
D* D Star
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