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Abstract: Ship path planning is crucial for the shipping industry, especially for the development of
autonomous ships. Many algorithms have been developed over the last few decades to solve the ship
path planning problem. However, it is still challenging for ship path planning in an inland waterway.
In this paper, an improved RRT algorithm for ship path planning in complex inland waterways is
proposed. The improved algorithm has a path shearing and smoothing module, and the function
of keeping a safe distance between a moving ship and obstacles. In addition, the algorithm has
been tested in two inland waterway scenarios, and the results have confirmed its feasibility and
reliability. The path planning algorithm proposed in this research seeks to reduce the risks faced by
ship navigation in inland water. It has theoretical and practical significance in improving navigation
safety in complex inland waters.

Keywords: ship path planning; inland waters; sampling-based algorithms; rapidly exploring random
tree algorithm; obstacle avoidance

1. Introduction

In ship navigation, most water traffic accidents occur in complex waters [1], such as
converging waters, curved waters, narrow waters, and other troubled water areas with
poor natural conditions and complicated traffic flow [2,3]. These areas have significant
uncertainties and lead to a high risk of ship navigation [4]. Normally, ship navigation in
complex inland waters rely on the crew’s seamanship. Proper ship path planning is vital to
shipping safety, especially in tricky waters.

The path planning algorithms could be divided into three categories: traditional
planning algorithms, intelligent planning algorithms, and sampling-based algorithms. In
traditional path planning algorithms, the Artificial Potential Field (APF) algorithm has
received widespread attention [5]. The APF algorithm is an elegant hybrid algorithm in
which each obstacle is given a repulsive force. The method is used to search the path
through the gradient descent method. The advantage of this method is that it can perform
real-time path planning. However, the APF algorithm could have a local minimum in
objective optimization, which could result in the ship not reaching its destination. The
Graph-based algorithm is another type of traditional path planning algorithm. In 1973,
Johnson [6] proposed the Dijkstra algorithm, which divides the map through the grid to
find the shortest path. The A* algorithm first appeared in 1972 [7], and it can successfully
find the feasible path in the given chart by traversing each node. However, the randomness
of the search direction of the Dijkstra and A* algorithm are too large that the efficiency
will be significantly reduced when there are too many obstacles [8]. Later, Stentz et al. [9]
proposed the D* algorithm, which mainly relies on modeling the picture of the chart.
However, this algorithm relies heavily on the resolution of pictures [10]. Therefore, the
quality of the path planning cannot be guaranteed when the collected image is blurred.
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The graph-based algorithms have great speed, but it is challenging to apply to ship path
planning due to their insufficient precision. Thirdly, the optimization-based algorithm is to
transform the multi-objective multivariate multi-constraint coupled planning model into a
function and seeks the optimal solution for path planning by optimizing the solution. For
example, Dolgov et al. [11] used the initial path generated by Hybrid A* and optimized it
to obtain smooth paths to minimize the path curvature and re-optimized the presence of
collision cases to ensure safe and reliable paths. Ratliff et al. [12] proposed the CHOMP
(Covariant Hamilton Optimization Motion Planning) algorithm, which first creates an
initial path from the start position to the end position and optimizes the trajectory using
gradient descent for the cost function to obtain a smooth, collision-free trajectory. The EB
(Elastic Bands) algorithm proposed by Quinlan et al. [13] generates collision-free smooth
paths by generating discontinuous initial paths and then optimizing the path shapes using
a “rubber band” deformation model. The optimization-based algorithm could be used for
real-time path planning, but it is easy to fall into a local optimum and time-consuming,
especially when there are a lot of obstacles [14].

In recent years, the intelligent method has progressed highly and applied wildly. This
kind of algorithm can adapt to the environment with many obstacles and continuously
obtain new information in the planning. The algorithm can usually play a good role in
optimizing the result. Volkan et al. [15] applied GA to UAV path planning resulting in an
outcome that satisfies the flight requirements. Although this method produces good results,
its drawbacks include slow operation, a high resource requirement, and a propensity for
the optimum local problem. The Ant Colony Optimization (ACO) algorithm has strong
distributed computing capabilities and can improve computing efficiency, but its problem
is also easy to fall into the local optimum in the initial stage. Some studies improved the
efficiency of algorithms by optimizing the information transmitted, and some algorithms
made up for their shortcomings through algorithms [16–18]. The Neural Network algorithm
is a method concerning the principle of the human brain. It can make the algorithm adapt to
the new environment through a lot of learning. Sung et al. [19] applied the neural network
algorithm to the path planning of autonomous driving, and based on a lot of training, the
effect is good. Compared to other situations, the Neural Network algorithm requires many
data in training and is complicated to construct. Khan et al. [20,21] propose an algorithm
based on a metaheuristic optimization algorithm and use adaptive moment estimation to
improve its stability and convergence.

Sampling-based algorithms are mainly divided into Probabilistic Roadmap Method
(PRM) algorithms and Rapidly Random Tree (RRT) algorithms. Ravankar et al. [22] pro-
posed a method combining probability with improving the algorithm’s result and efficiency.
Dekker et al. [23] improved the effect of path planning by optimizing the order of planning
points. The PRM algorithm works well in high-dimensional space, but the path planning
algorithm is easy to fail due to its large amount of computation [24]. Currently, the RRT
algorithm receives much attention, while it is widely used in planes, space, and other
fields [25]. It avoids the massive workload of modeling the environment and infinitely
magnifies the possibility of finding a path [26,27], as the algorithm is relatively stable
and runs efficiently. In the process of the RRT algorithm’s development, researchers have
proposed a series of improving methods. One of the most popular improvements by Liu
et al. [28] was adding a probability module to the standard RRT algorithm. It lessened
unpredictability and enabled trees to be constructed with a high probability in the direction
of the target point. Additionally, using additional trees was a popular enhancement to make
the algorithm more effective. [29,30]. The RRT algorithm starts with two or more points
and respective generations of a tree and then connects the start and target points [31]. One
of the most critical and revolutionary improvements to the RRT algorithm is the RRT* algo-
rithm, which keeps optimizing the planned path in the continuous nodes generated and
modifying the planned path. However, the RRT algorithm suffers from high randomness
and non-optimal path solutions.
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In conclusion, the traditional algorithms have poor applicability in inland waterways.
Usually, they only have low-resolution paths and are prone to local optima. Intelligent
algorithms are inefficient in path planning, especially in complex inland waterways with
many obstacles. They require many learning data and usually take time to run the algorithm.
Sampling-based algorithms require less computation and run faster, but problems like large
planning randomness exist.

To fill this gap, selecting a sampling-based algorithm seems to be the best choice to
solve the complex obstacles in inland waters. The problem of high randomness and non-
optimal path solutions in the RRT algorithm is the focus of this research. The Automatic
Identification System (AIS) data is used to correct the results. The AIS is an important
system currently used by ships, which can continuously obtain the GPS position and get
the actual trajectory of ships [32]. Currently, the AIS data is widely used for the research
of ship behavior analysis and data mining [33–35]. The specific steps of this research are
as follows. Firstly, improvements are proposed for the RRT algorithm to improve the
shortcomings. Secondly, the improved algorithm is applied to two scenarios to verify the
rationality of the algorithm. Thirdly, the AIS average trajectory and the trajectory calculated
by the algorithm are compared in this research to find out whether the path obtained by
the improved algorithm conforms to the actual situation.

The remainder of this article is outlined as follows. The problem formulation is
explained in Section 2. Then, the methodology based on the RRT algorithm, and its
improvement is shown in Section 3. Section 4 presents a case study, followed by a discussion
in Section 5. Finally, the conclusion is given in Section 6.

2. Problem Framework

In complex inland waters, ship accidents such as grounding and collisions caused
by crews’ error judgment have occurred frequently [36,37]. Unlike autonomous planes
and self-driving automobiles, ships usually have enormous inertia in water, and steering
effectiveness decreases at a low speed. Therefore, the bridge team is under much pressure
and is more likely to make mistakes in complex inland waters [38].

There are two main challenges when ships sail in complex inland waters. The first
challenge is that too many obstacles could affect the crew’s judgment. It requires the bridge
team to comprehensively consider all obstacles that may present a risk of collision and
make correct judgments to avoid accidents. The second challenge is the change in water
depth caused by tidal changes. It concerns the bridge team significantly since the route data
keeps changing in complex waters [32]. For example, certain ships can only sail during
high tide periods or navigate deep water routes, which requires judging the situation based
on extra information. The risk of an accident will increase when the bridge team is not fully
prepared before entering the complex waters [14,39].

Therefore, the advantage of the RRT algorithm in avoiding obstacles is used to assist
inexperienced crew members in sailing in complex inland waters. The RRT algorithm can
simplify the handling of obstacles to avoid collisions better. A trial-and-error approach
generates the paths, thus eliminating any paths that might collide with obstacles. Through
the improvements of the RRT algorithm, it quickly responds to the real-time channel data
transmitted back and significantly improves the role that path planning plays in navigation
safety. To deal with the tidal change, the RRT algorithm can simplify the changes in
obstacles under the influence of tides. After querying the tide table, the dangerous shallow
water areas will be directly regarded as new obstacles to avoid and solve the problem.

To further improve the algorithm, the randomness of exploration is reduced by adding
variable probability parameters. The speed and accuracy of the algorithm are balanced
in complex inland waterways. Even though there is already a collision-free program, this
algorithm’s safety threshold can ensure the path keeps a safe distance and keep navigation
safe again.



J. Mar. Sci. Eng. 2022, 10, 1460 4 of 14

The framework of this research is shown in Figure 1. It includes questions raised,
algorithm optimization, and result verification. In each part, three aspects are done in this
study separately to better refine the algorithm of this article.
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3. Methodology

In this section, the details of the algorithm are given, and some improvements are
proposed according to the actual trajectory. Firstly, the digital model of ship movement
is introduced. Secondly, continuous backtracking improves the RRT algorithm to find a
suitable path. Thirdly, smooth and collision detection are also used to make the algorithm
ideal for ship path planning in complex inland waters.

3.1. Mathematical Model

In the process of improving the RRT algorithm, the motion model of the ship is used
in this research. According to the ship’s mathematical motion model, the following parts
are introduced and modified.

Firstly, a mathematical motion model of the ship in the 2D plane is introduced in the
ship motion and control field. The most crucial consideration is the changing heading
course (Ψ) and sailing trajectory (x0, y0). For most ships, heaving, pitching, and rolling
motions have little effect on the motion in the horizontal plane, so the three parameters of
ψ, x0, and y0 will only depend on the forward velocity (µ), the lateral velocity (υ) and the
yawing velocity (γ). Then the ship’s motion problem is simplified to a motion problem of
three degrees of freedom. The specific formulas are listed below.

.
x0 = µcosψ− υsinψ (1)



J. Mar. Sci. Eng. 2022, 10, 1460 5 of 14

.
y0 = µsinψ+ υcosψ (2)

.
ψ = γ (3)

In addition, the basic RRT algorithm’s way of exploring with a single particle as the
origin has been replaced. A circle with an adjustable radius is used as the model for path
planning, and it can meet the sailing requirements of the safe distance. It means that the
computational speed of the algorithm is hardly affected, and it can keep a safe distance
between the ships and different obstacles.

3.2. RRT Algorithm

The Rapidly Random Tree (RRT) algorithm is a sampling-based motion planning
algorithm that has been widely developed and applied over the past ten years [27]. It was
first used for robot path planning and helped to find a collision-free path from an area
containing static or moving obstacles [40]. The problems in spatial obstacle modeling have
been avoided to give the algorithm massive advantages in trajectory planning.

As shown in Figure 2, the principle of the RRT algorithm is to take the initial point
(q-start) as the root node, select a random node (q1) through a random algorithm, and
search for the closest node (q2) to the node (q1) on the tree. Then the nearest node (q2)
will be taken as the origin, proceeds to the next step of exploration according to the set
distance value (ε), and undergoes a collision test. If the path does not collide with the
obstacle, the new node (q3) will be added to the tree for sampling in the next step when the
node (q3) is reasonable. If there is a collision, it will go back to the previous step, re-expand
randomly and proceed to the following iteration. The process will continue till the target
node (q-final) is successfully added to the tree connecting the initial node (q-start) and the
target node (q-final) or till the preset maximum number of iterations is exceeded.
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Although the basic RRT algorithm can complete the path planning, it has redun-
dant and protruding points in the planned path. This makes the path seem “rough” in
the generated image [41] and unsuitable for ship path planning in complex inland wa-
ters. This research focuses on optimizing the algorithm according to the characteristics of
inland navigation.

3.3. Improved RRT Model

To solve the low accuracy of the route planned by the RRT algorithm, a series of
improvements are made based on the algorithm, including path shearing, path smoothing,
and safety distance reserving.

3.3.1. Path Shearing

To achieve the best connection between the start point and the target point, one of the
most commonly used algorithms is the “Douglas-Puck” algorithm [42]. The principle of
the algorithm is to approximate the tortuous route as a series of points, then the starting
point and the target point are connected to get a connecting line. The next step is removing
other points that are too close to the line. Then, the undeleted points will be connected
in turn, and the points too close to each line segment will be deleted. After repeating the
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above operations, a simplified path will get at last. The “Douglas-Puck” algorithm provides
a promising research direction. The RRT shearing method proposed in this research can
repeatedly simplify the path tracing and improve the ship path planning algorithm in
complex inland waters.

Specifically, the shearing strategy is generated by considering motion constraints.
Firstly, the algorithm determines whether the initially planned path can be connected
straight without crossing any obstacle. Then, it continues to trace back the generated path
when the path cannot be directly connected and add the new tree to the tree which is
connected to the nearest node. The algorithm searches each node within the set radius to
find the shortest path without collision with obstacles. After that, new nodes which meet
the above conditions will be added to the new tree and connected to the original tree. The
shortest path solution is obtained by repeating the above processes, and these processes
minimize the “divergence phenomenon” caused by the RRT algorithm.

The principle of the shearing algorithm is given in Figure 3. The planned path is from
s-start to s-final, with seven points between them. The process starts back-tracking from
s-final and finds the node in the purple area of s-final. Then it will select the most direct
green path and connect s-final to point s4 when there is no obstacle in the range. Finally,
the algorithm will continue back-tracing until the “s-start” and “s-final” connect. All these
works make the algorithm find the shortest path to avoid obstacles.
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3.3.2. Path Smoothing

Considering the actual motion of the ship, the path sheared fails to fit the turning
point of the ship, and the curve’s inflection point does not conform to the steering law of
the vessel. The new path smoothing method used in this research is based on the shearing
algorithm and can deal with the inflection points in the sheared path. As shown in Figure 4,
the black path is the initial path calculated by the algorithm, the black dots are the inflection
points, and the grey parts are the discarded parts of the exploration. The principle of
the algorithm is to obtain the specific parameter data of the points before and after the
inflection point. Then, the third point outside the tree is picked and connected with points
1 and point 2, while making sure the path will bypass obstacles.

Combining with the smooth path proposed by Li et al. [43], the points mentioned
above are used to generate a Three-order B-spline Curve as the arc path, and the result is
the blue line. The Three-order B-spline Curve is suitable for ship motion and can also be
obtained by the spline basis function as follows:

P(x) = 1
6
(
−x3 + 3x2 − 3x + 1

)
P0 +

1
6
(
3x3 − 6x2 + 4

)
P1 +

1
6
(
−3x3 + x2+

3x + 1)P2 +
1
6 x3P3

(4)

In this function, P(x) denotes the general equation of the B-spline curve, polynomial
containing x is the basic function in the equation, “Pi” denotes the characteristic point
of the control curve. “x” denotes the ship’s swinging radius parameter, where a larger x
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indicates that the propagation requires a larger turning radius. For large container ships,
large liners, etc., the algorithm scales back the value of “x”, so that the curvature can be
bigger than before. For smaller yachts, fishing boats, etc., which are easy to operate, the
algorithm sets the value of “x” large, so that the curvature is smaller than before. The
above improvements cover the shortage of the RRT algorithm to the greatest extent and
significantly improve the applicability.
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3.3.3. Safety Distance Reserving

To further improve the safety of the path-planned algorithm, an independent collision
detection function is added to prevent the final path from approaching obstacles during
the test. Moreover, it ensures that a set distance (λ) is kept between the whole path and
the obstacles. In addition, this function can be used to determine whether a ship can pass
through a narrow water area by changing the set value of the safety distance. In this way,
the application scope of the ship path planning algorithm in complex inland waters is
further expanded.

In summary, the path generated by the proposed methods could meet the actual ship
trajectories. The traditional problems of the RRT algorithm, such as the shortest path
problem could be solved by the shearing method. In addition, the tortuous path problem
could be solved by the smoothing method, and the safety distance reserving method could
ensure the path planning results in safety for navigation.

4. Case Study

PyCharm (Python Integrated Development Environment) is being used on Personal
Computer for the case study in this article. Two water areas with different navigation
conditions are used in this research, and 10 tests were carried out for each scenario. Through
comparison, it can be judged whether the randomness of the RRT algorithm has been
greatly reduced.

4.1. Set Up

As shown in Figure 5, a rectangular area with a length of 20 km and a width of 20 km is
selected when realizing the path algorithm in the water area of the Yangtze River Channel in
Shanghai. The algorithm has five shore-based obstacles and two restricted navigation areas.
In this algorithm, the length of one unit represents the actual distance of 1 km. The river
courses are completely reflected in the map available for the algorithm. A rectangular area
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with a length of 10 km and a width of 10 km is selected when realizing the path algorithm in
the water area of the Yangtze River Channel in Zhenjiang. This algorithm obtains 800 units
in length and width respectively. Each unit represents a length of 0.0125 km. There are
two shore-based obstacles and two navigable restricted areas, and they are fully reflected
in the map available for the algorithm. In addition, the basic parameters set by the RRT
algorithm are shown in Table 1.
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Table 1. The basic parameter settings of the algorithm.

Parameter Scenario 1

Step-Size 5 units
Iterations 1000 times

Safe distance 0.1 km

The lower left corner of the map is selected as the coordinate origin, the longitude is the
x-axis direction, and the latitude is the y-axis direction. The points falling on the calculated
average path have been selected as the starting and target points. The coordinates of the
starting point and the target point are shown in Table 2.

Table 2. The comparison of two scenarios.

Scenario Starting Point (km) Starting Point (km)

Scenario 1 (19, 5.75) (1, 13.25)
Scenario 2 (9.37, 11) (0.6, 6.4)
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To reflect the planning effect more intuitively, the AIS data is collected and processed.
Firstly, this research selected all the trajectories of ships sailing in the right direction
from 00:00 26 August 2021, to 00:00 29 August 2021. Secondly, as shown in Figure 6,
the waterways were divided into 10 segments equally by longitude. Thirdly, latitude
information for ships sailing in the correct direction at the selected longitude was gathered
and added to the coordinate axes. The average latitude of each ship at a specific longitude
position could be calculated as the data accumulates to a large number. Finally, these points
were connected to calculate the true average trajectory of the ship and compared with the
path planned by the algorithm.
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To show the validity of the planned path, a Mean Relative Error (MRE) method was
adopted to compare the real trajectories with those planned by the algorithm. The specific
calculation function is as follows:

ω = ∆y ÷ y × 100% (5)

In this function, parameter “ω” denotes the error rate, and parameter “∆y” denotes the
relative error between the actual average trajectory and the result planned by the algorithm.
Parameter “y” denotes the width of the waterway in the y-axis direction.

4.2. Results

The improved RRT algorithm is used in two different scenarios and gets good results.
As shown in Figure 7, the dark green part represents the shore-based land, and the blank
area represents the navigable area. The solid black line connecting the starting point and the
target point is the primary path generated by the RRT algorithm, and the grey parts are the
discarded parts of the exploration. The red line is the new path obtained by the improved
shearing algorithm, and the blue line is the result formed by the path smoothing algorithm.
In scenario 1, the blank part represents the navigable area surrounded by navigation marks.
It takes 0.25 s on simulation, and the algorithm has completed 144 times of path planning in
the correct direction. In scenario 2, the blank part represents the navigable area surrounded
by navigation marks. It takes 1.66 s on simulation, and the algorithm has completed
84 times of path planning in the correct direction. The result shows that the algorithm can
find a smooth path between the starting and end points to meet the actual sailing needs.
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Figure 7. (a) Simulation results in scenario 1; (b) Simulation results in scenario 2.

In Figure 8, the light blue line is the real trajectory (average) of the ship. Compared
with the results generated by the algorithm with the real trajectory of the two scenarios,
the path planned by the algorithm conforms to the natural trajectory to a large extent. It
meets the actual navigation requirements and has better fitness. Scenario 1 and scenario 2
are simulated 10 times using the proposed model respectively. The average error and the
maximum error of each test are shown in the following Tables 3 and 4. Among them, test 4
in scenario 1 and 6 in scenario 2 are shown in Figure 8.
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In the ten tests on the channel in scenario 1, the lowest average error rate is 2.88%, the
highest average error rate is 4.1%, and the average error rate is 3.38%. In the ten tests on
the channel in scenario 2, the lowest average error rate is 1.85%, the highest average error
rate is 3.44%, and the average error rate is 2.43%. In both scenarios, the average maximum
error rates are under 8%, indicating that the improved RRT algorithm meets the navigation
requirements for controlling the overall error.
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Table 3. MRE between the simulated path and real path in scenario 1.

Average Error Rate Maximum Error Rate

Test 1 2.92% 9.52%
Test 2 3.73% 7.87%
Test 3 3.33% 8.22%
Test 4 2.98% 6.76%
Test 5 3.29% 10.10%
Test 6 4.10% 7.32%
Test 7 3.55% 7.87%
Test 8 2.88% 9.21%
Test 9 3.11% 6.67%

Test 10 3.89% 6.33%
Average 3.38% 7.99%

Table 4. MRE between the simulated path and real path in scenario 2.

Average Error Rate Maximum Error Rate

Test 1 2.23% 7.43%
Test 2 2.11% 6.90%
Test 3 1.88% 6.98%
Test 4 2.48% 7.53%
Test 5 3.11% 8.33%
Test 6 1.85% 6.67%
Test 7 1.90% 7.22%
Test 8 2.67% 8.43%
Test 9 2.64% 7.88%

Test 10 3.44% 8.20%
Average 2.43% 7.56%

In conclusion, the improved RRT algorithm could be used to assist the path planning
of ships in complex inland waters. The RRT algorithm does not need to be based on
obstacles during operation and does not require a precise topographic map. RRT algorithm
can get the desired results efficiently and accurately, making the path planning result safe
for navigation.

5. Discussion

Compared with ship navigation in open areas, the factors affecting ship navigation in
inland rivers are more complex [44]. It has been shown that 94.7% of collision accidents
are related to human errors [37]. Among human errors, the bridge team’s negligence
or unfamiliarity with the channel has become the main reason for the accidents [36,45].
Therefore, better ship path planning is crucial for the improvement of inland navigation
safety [46]. Excellent path planning can assist the bridge team in navigation and great room
for development in the future.

The improved RRT algorithm used in this paper has several advantages. Firstly, this
algorithm avoids path planning being interrupted by the algorithm itself. Secondly, this
algorithm has great planning results due to the improvement in the RRT algorithm through
the RRT back-tracing method. Thirdly, the improved RRT algorithm can be applied to
real-time path planning owing to its high efficiency and low computational complexity.

From a comparison with other algorithms, in a study using the APF algorithm, the
repulsive forces may cancel each other out to a certain extent, resulting in a failure of
the algorithm running. Also, too many obstacles around the target point may cause the
repulsive force too strong to make the path connecting the target point [47]. The RRT
algorithm can reach any target point which is not surrounded by obstacles if the parameters
setting is reasonable. In the existing research, methods used for ship path planning include
the Raster algorithm and the Dijkstra algorithm [8]. The results generated by them show
the most common problem of insufficient matching. Apparent deviations between the
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trajectory calculated by other algorithms and the actual trajectory of the ship in complex
waters lead to the results not being applied in actual navigation. The error rate of the
path planned by the improved RRT algorithm is within the controllable range and can be
applied to actual navigation when compared with the path planning result obtained by the
improved RRT algorithm and the average path of the actual navigation. Moreover, the path
planning algorithms are more likely to get into trouble when calculating departures from
ports [48]. For example, with the APF algorithm, the ship can only get away from obstacles
as soon as possible. But the improved RRT algorithm can simulate the situation that the ship
is sailing slowly away from the port. In addition to the above algorithms, the intelligent
algorithm often delivers excellent results [16,17]. However, its low speed is difficult to use
in complex inland waters with multiple scenes and obstacles. In this research, the improved
RRT algorithm shows higher efficiency in dealing with path planning in complex waters.
In summary, the result shows that the planned path is more secure, and all the planned
paths conform to the actual navigation.

At present, the improved RRT algorithm could have several applications. Firstly, it
can assist the ship’s path planning, while crews can refer to the results obtained by the
algorithm and improve the existing path planning. Secondly, this algorithm can be applied
to the operation of unmanned boats. Only by entering the target point and standard chart
into the boat’s computer, can the path planning and the preparations for the boat’s sailing be
completed. Thirdly, with the combination of the Electronic Chart Display and Information
System (ECDIS), it can take advantage of algorithms in practical applications [39]. For
example, it can be combined with the ECDIS and guide inland navigation and further
enhance safety in navigation. Fourthly, the path planning results used by the bridge
team can be sent to vessel traffic service (VTS) to further improve the efficiency of VTS in
ship management.

6. Conclusions

In this paper, the RRT algorithm has been improved by the shearing, smooth and safety
distance reserve methods. The improved RRT method was used for ship path planning
in inland rivers. Then, a case study including two different waterways was carried out
to verify the model on the Yangtze River. In the case study, ten tests were completed for
each waterway. At the same time, the actual ship trajectories of the two waterways were
obtained and used for results comparison in this research. The MRE method was used for
the comparison, and the results showed that the improved RRT algorithm has a high fitting
degree for ship path planning in this research.

Two primary areas will be the focus of future research. Firstly, the algorithm can be
used for real-time dynamic path planning when other ships appear in the path. In dynamic
planning, the dynamic motion paths of other ships will be taken into consideration to
avoid collisions. This can be used to a certain extent as the assistance of the unmanned
ship. Secondly, the algorithm can further improve with the detailed models of different
ships and be used to create a new risk identification system. In this way, the algorithm
can be extended to three-dimensional space to decrease the risk when the ship encounters
extremely irregular obstacles or abnormal underwater topography.
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