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Abstract: A hybrid probabilistic road map (PRM) path planning algorithm based on
historical automatic identification system (AIS) information and Douglas–Peucker (DP)
compression is proposed to address the issues of low path quality and the need for extensive
sampling in the traditional PRM algorithm. This innovative approach significantly reduces
the number of required samples and decreases path planning time. The process begins
with the collection of historical AIS data from the autonomous vessel’s navigation area,
followed by comprehensive data-cleaning procedures to eliminate invalid and incomplete
records. Subsequently, an enhanced DP compression algorithm is employed to stream-
line the cleaned AIS data, minimizing waypoint data while retaining essential trajectory
characteristics. Intersection points among various vessel trajectories are then calculated,
and these points, along with the compressed AIS data, form the foundational dataset for
path searching. Building upon the traditional PRM framework, the proposed hybrid PRM
algorithm integrates the B-spline algorithm to smooth and optimize the generated paths.
Comparative experiments conducted against the standard PRM algorithm, A*, and Dijkstra
algorithms demonstrate that the hybrid PRM approach not only reduces planning time but
also achieves superior path smoothness. These improvements enhance both the efficiency
and accuracy of path planning for maritime autonomous surface ships (MASS), marking a
significant advancement in autonomous maritime navigation.

Keywords: AIS historical data; ship path planning; improved DP compression algorithm;
hybrid probabilistic route map (HPRM) algorithm; maritime autonomous surface ships

1. Introduction
1.1. Background

With the development of artificial intelligence technology, research on maritime au-
tonomous surface ships (MASS) has become a focal point, with path planning algorithms
being one of the key technologies for enabling autonomous navigation [1,2]. As global
trade continues to expand, the shipping industry increasingly demands efficient and safe
path planning. Traditional path planning methods mainly rely on static nautical charts
and heuristic rules, which are insufficient for addressing the dynamic factors and com-
plex environments encountered in real-world navigation. In recent years, the automatic
identification system (AIS) has become an essential tool for real-time monitoring of vessel
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movements (as shown in Figure 1) and has been widely adopted [3–5]. AIS data provide not
only rich historical navigation data but also valuable resources for researchers to improve
and optimize path planning algorithms.
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Figure 1. Modern maritime communication and navigation system: integrated schematic diagram of
the AIS system.

1.2. Literature Review

Global maritime path planning algorithms mainly fall into three categories: graph
search-based algorithms, sampling-based path planning algorithms, and intelligent op-
timization algorithms [6–8]. However, in recent years, with the rapid development of
computing power, the application of deep reinforcement learning in maritime path plan-
ning has become increasingly prevalent [8,9].

Among graph search-based algorithms, they are suitable for static and well-structured
environments. The classic shortest path algorithm proposed by the author of the article [10]
is widely used, and its variant, the A* algorithm [11–13], is equally popular. Introduced by
the author of the article [14], the A* algorithm is an improved heuristic search method that
combines the global search capability of Dijkstra’s algorithm with heuristic local guidance,
thereby enhancing search efficiency.

Intelligent optimization algorithms are methods that mimic natural biological behav-
iors or social phenomena to solve optimization problems [15,16], such as genetic algo-
rithms [17], particle swarm optimization [18], and ant colony optimization [19]. These
algorithms search for optimal solutions in complex search spaces by simulating processes
like evolution, group collaboration, or foraging behavior, exhibiting strong global search
capabilities and adaptability. However, intelligent optimization algorithms may require
substantial computational resources and are sensitive to parameter settings. For example,
the authors of the article [20] proposed the APF-ACO algorithm for dynamic and static
maritime path planning by combining the artificial potential field method with ant colony
optimization. This approach effectively overcomes the shortcomings of traditional path
planning methods, though it increases computational complexity. Additionally, while the
use of ant colony optimization improves path quality, the smoothness of the paths may still
be inferior to some interpolation or optimization-based smoothing methods.
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Sampling-based path planning algorithms generate feasible paths by randomly or
systematically sampling spatial nodes [21,22], such as rapidly-exploring random trees (RRT)
and probabilistic road maps [23,24]. These algorithms are well-suited for complex marine
environments, constructing navigable paths by incrementally expanding or connecting sam-
pled points. Compared to traditional global search methods, sampling-based algorithms
can more rapidly adapt to dynamic environments and irregular obstacle distributions.
However, the generated paths may lack smoothness or optimality, necessitating subsequent
optimization to enhance path quality. The authors of the article [25] utilized an improved
RRT algorithm combined with AIS data for path planning, followed by a DP algorithm to
compress and streamline the path. Although integrating AIS data and DP compression
effectively reduces computational load and improves path feasibility, the approach relies
heavily on multiple parameter settings, such as the expansion step size of the RRT algo-
rithm and the threshold design and compression tolerance of the DP algorithm. Improper
parameter settings may result in unstable paths or reduced computational efficiency.

With the development of data science, data-driven methods have gradually become
a research hotspot. The introduction of AIS data provides a substantial amount of actual
navigation data, making path planning based on historical data feasible. In recent years,
many studies have attempted to utilize machine learning and deep learning techniques
to analyze and predict AIS data, thereby enhancing the accuracy of path planning. For
instance, the authors of the article [26] proposed a maritime anomaly detection method
based on vessel trajectory clustering and classification. This method establishes normal
trajectory models using vessel trajectory clustering and then employs a naive Bayes clas-
sifier to detect anomalous trajectories. The authors of the article [27] introduced a vessel
trajectory prediction method that combines graph attention networks (GAT) with long
short-term memory networks (LSTM) to improve the accuracy and robustness of trajectory
predictions in the marine engineering field. This approach leverages GAT to capture spatial
dependencies in vessel trajectories and integrates LSTM to capture temporal sequence
features, thereby achieving efficient and accurate trajectory predictions. Table 1 clearly
illustrates the comparison of the advantages and disadvantages of different algorithms.

Table 1. Comparison of different path planning algorithms.

Algorithm Advantage Disadvantages

A* Algorithm Provides optimal paths
with high efficiency

Insufficient consideration
for dynamic environments

and high computational
load

Genetic Algorithm Strong adaptability
Slow convergence speed,

no consideration of
dynamic environment

RRT Algorithm
Suitable for handling

dynamic obstacles and
real-time path planning

Generates unsmooth paths,
and the obtained paths are

usually not globally
optimal solutions

Ship Trajectory Clustering
and Classification-Based

Method

Utilizes historical data and
is capable of detecting
anomalous trajectories

Can only detect anomalies
and cannot plan paths

Method Combining Graph
Attention Networks (GAT)

and Long Short-Term
Memory Networks (LSTM)

Captures spatial and
temporal features,

improving prediction
accuracy and robustness

Computationally complex
and requires large amounts

of data for training
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However, when handling massive AIS data, how to effectively compress and clean
the data remains an urgent problem to be solved by these methods. Moreover, the use of
deep learning imposes high demands on computers, requiring extensive computations,
and runtime is also an issue.

The DP algorithm, as a classic trajectory compression technique, has been widely
applied in AIS data processing in recent years [28–30]. The authors of the article [31]
utilized the DP algorithm to compress AIS data, significantly reducing the data volume
while preserving key features of the trajectories. However, when processing large-scale data,
there is still a trade-off between computational efficiency and compression accuracy in the
DP algorithm. Additionally, the path planning process must comprehensively consider the
particularities of maritime navigation, such as avoiding land and islands—non-navigable
areas—to ensure navigation safety [25,32].

1.3. Motivation

At present, although many algorithms are used for ship path planning, their navigation
routes are usually based on existing routes rather than new paths generated by these
algorithms. Therefore, we plan navigation paths based on historical AIS data to improve
the safety of the routes and their adaptability to actual navigation needs. However, AIS
data are massive and contain redundant information, making direct use of these data for
path planning challenging. Effectively processing and utilizing AIS data has become the
key to improving the accuracy and efficiency of path planning. The Douglas–Peucker
(DP) algorithm, as a classic trajectory compression technique, can significantly reduce data
volume while retaining key features of the trajectories, but it still has certain limitations
when processing massive AIS data. Moreover, the path planning process needs to consider
the particularities of maritime navigation, such as avoiding land and islands, to ensure
navigation safety.

The PRM algorithm, as an effective path planning tool, has important applications
in obstacle avoidance and path optimization. Although the traditional PRM algorithm is
widely used in path planning, it also has some obvious drawbacks. First, the PRM algorithm
relies on randomly sampled nodes; this randomness may make it difficult to cover narrow
passages or key areas in complex environments, leading to insufficient connectivity of the
generated roadmap or too many path turns. Second, as the number of nodes increases, the
computational cost of collision detection rises significantly, especially in high-dimensional
spaces, resulting in low algorithm efficiency. Additionally, the paths generated by the
traditional PRM algorithm are often not optimal; they may be quite tortuous and require
additional smoothing to optimize route quality.

To address this, this study proposes a ship path planning algorithm based on historical
AIS information. The algorithm combines an improved DP compression technique and a
hybrid PRM algorithm, aiming to efficiently process and utilize AIS data to generate safe
and reliable navigation paths. First, AIS data are extracted from the database, and invalid
and incomplete records are eliminated through a series of data cleaning processes. Then,
the cleaned data are processed using an improved DP compression algorithm, reducing
data volume while retaining key features of the trajectories. Subsequently, intersection
points among the ship AIS data are calculated, and a hybrid PRM algorithm is developed,
which precisely considers the latitude and longitude data of land and islands to ensure that
the generated path does not cross or contact these non-navigable areas.

By integrating the improved DP compression technique and the hybrid PRM algorithm,
this study not only enhances the efficiency and accuracy of path planning but also fully
utilizes historical navigation data, providing new ideas and methods for ship path planning.
The proposed method offers strong support for achieving efficient and safe path planning
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in complex environments within the shipping industry and provides valuable references
for related research fields.

1.4. Method Overview

In this study, AIS data are utilized to provide initial information for path planning.
An improved Douglas–Peucker (DP) trajectory compression algorithm is employed to com-
press the initial AIS data, and intersection points between different voyages are calculated.
Finally, the intersection points and the compressed AIS data are used as navigable points in
the ship’s path, and an improved PRM algorithm is applied to determine the required path.
The proposed method follows the process outlined below:

(1) Extract initial AIS information and perform data cleaning on the initial AIS data to
obtain data suitable for compression.

(2) Apply the improved DP algorithm to compress the AIS data, resulting in compressed
ship routes.

(3) Compute the latitude and longitude of the intersection points by performing pairwise
intersections of the compressed ship routes.

(4) Use the intersection points obtained in the third step along with the compressed
AIS latitude and longitude data as navigable points, import environmental informa-
tion from electronic nautical charts, and finally apply the hybrid PRM algorithm to
determine the desired path.

The framework of this process is illustrated in Figure 2:
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1.5. Contributions

Based on the above research background, this study aims to propose an efficient,
reliable, and fast path planning method by combining an improved DP compression
technique and a HPRM algorithm to cope with the complex environments and dynamic
changes in actual navigation.

The main contributions of this paper are as follows:

(1) Proposed a HPRM path planning method that considers historical AIS data and
environmental data to plan a new route. In view of the random sampling method of
the traditional PRM algorithm, the compressed AIS data and the intersection points
between routes are used to replace the random sampling points. At the same time, the
electronic nautical chart is analyzed to obtain the longitude and latitude data points
of land, coastline, and islands, which will serve as the basis for the environmental
map modeling of the HPRM algorithm proposed in this paper;

(2) Utilized an improved DP algorithm to extract concise and consistent features from
the original AIS data, thereby improving the representativeness and expressiveness of
AIS data;

(3) Conducted validation and comparative simulation experiments, which show that the
paths planned by the HPRM have higher safety and planning efficiency than those of
conventional algorithms.

2. Data Preprocessing
The study uses a section of U.S. waters as an example, with AIS data sourced from

[https://www.noaa.gov, accessed on 10 March 2024].

2.1. AIS Date

AIS (automatic identification system) is an automatic tracking system used for mon-
itoring vessels and maritime traffic. It transmits both dynamic and static information of
ships, including position, speed, heading, and vessel type, through VHF radio frequencies.
AIS data are widely utilized in ship navigation, maritime monitoring, search and rescue
operations, and environmental protection, contributing to enhanced maritime safety and
traffic management efficiency. AIS data are collected via terrestrial receiving stations and
satellites, and after compression and analysis, they are used to predict navigation trajecto-
ries, detect collision risks, and identify anomalous behaviors. In marine transportation and
research, AIS data play a crucial role.

By thoroughly analyzing historical AIS data, it is possible not only to better adapt to the
current marine environment but also to learn from past navigation tracks, thereby avoiding
the repetition of previous navigation errors. Traditional path planning algorithms often
overlook specific geographical features, such as islands, land locations, and underwater
reefs and shoals near ports. These obstacles are often difficult to clearly identify on maps.

2.2. Data Cleaning

In the data processing phase of this study, we conducted meticulous screening and
cleaning to ensure the accuracy of the analysis. First, we excluded invalid data that did not
align with the research objectives, specifically vessel records that were in non-navigational
states (such as anchoring, mooring, or grounding). Figure 3 is a schematic diagram of
common erroneous AIS data, indicating that this study needs to delete the erroneous data.

https://www.noaa.gov
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Next, we identified and removed erroneous data that did not adhere to parameter
specifications, including records with missing key information, unreasonable latitude and
longitude positions, abnormal speeds, or courses exceeding 360 degrees. These errors
typically originate from data packet losses in the physical layer communication links.

Additionally, we addressed duplicate data by categorizing them into two types. For
data entries that were completely identical, we retained only one record to avoid redun-
dancy. For data packets with the same MMSI (maritime mobile service identity) and
timestamp but different data parameters, we adopted a more cautious approach. Since
the authenticity of these data packets could not be determined, we chose to delete them to
prevent potential interference and confusion. Through these steps, we ensured the purity
of the research dataset and the reliability of the analysis results.

When processing automatic identification system (AIS) data, we often face the chal-
lenge of managing vast amounts of information. To ensure the specificity and effectiveness
of the analysis, it is essential to meticulously filter the data to extract information closely
related to the analytical objectives. Figure 4 is a comparison of AIS data before and after
cleaning. This process involves multi-dimensional considerations, including but not limited
to geographic region, time range, vessel type, and navigational status.
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In order to facilitate discussion, the data cleaning part will be completed using the
filter function of Excel software. It is generally recognized that the draft of medium-sized
container ships is usually around 10 m to 12 m. Therefore, we will filter out the data of ships
with a draft of more than 10 m. At the same time, we can filter out ships with SOG greater
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than 2, COG between 0◦ and 360◦, and longitude and latitude should also be between
reasonable areas.

3. Improved DP Compression Algorithm
In this paper, we introduce an improved DP algorithm specifically designed for

the efficient compression of vessel trajectory data. Given the massive scale of AIS data,
especially in busy shipping lanes and port areas, this efficient compression algorithm is
crucial as it can significantly reduce storage requirements, accelerate data transmission
speeds, and enhance data processing efficiency.

3.1. Algorithm Principle

The DP compression algorithm identifies key points in a curve through a recursive
approach: first, it forms a line segment between the starting point and the ending point and
finds the point on the curve that deviates the most from this line segment. If the deviation
distance is less than the threshold, the intermediate points are approximated with a straight
line; otherwise, the point with the maximum deviation is designated as a new key point,
and the process is recursively applied. This continues until the error is within the threshold
range, thereby simplifying the curve while retaining its main features.

This set of figures illustrates the basic concept of DP compression: within a series of
state nodes, a maximum allowable distance dmax is set. When d > dmax, the corresponding
point is retained; and when d < dmax, the point is removed, thereby compressing the path.
By progressively eliminating unnecessary intermediate nodes and retaining only the key
states, the path is simplified. In Figure 5, this process is clearly illustrated. This method
is widely used in path optimization, compression, and data simplification. However,
for AIS data, simple parameter compression alone does not sufficiently meet practical
requirements, as it is necessary to preserve key nodes. Therefore, we introduce multiple
threshold parameters to retain the critical points of the vessels.

J. Mar. Sci. Eng. 2025, 13, x FOR PEER REVIEW  8  of  24 
 

 

container ships is usually around 10 m to 12 m. Therefore, we will filter out the data of 

ships with a draft of more than 10 m. At the same time, we can filter out ships with SOG 

greater than 2, COG between 0° and 360°, and longitude and latitude should also be be-

tween reasonable areas. 

3. Improved DP Compression Algorithm 

In this paper, we introduce an improved DP algorithm specifically designed for the 

efficient compression of vessel trajectory data. Given the massive scale of AIS data, espe-

cially in busy shipping lanes and port areas, this efficient compression algorithm is crucial 

as it can significantly reduce storage requirements, accelerate data transmission speeds, 

and enhance data processing efficiency. 

3.1. Algorithm Principle 

The DP compression algorithm identifies key points in a curve through a recursive 

approach: first, it forms a line segment between the starting point and the ending point 

and finds the point on the curve that deviates the most from this line segment. If the de-

viation distance is less than the threshold, the intermediate points are approximated with 

a straight line; otherwise, the point with the maximum deviation is designated as a new 

key point, and the process is recursively applied. This continues until the error is within 

the threshold range, thereby simplifying the curve while retaining its main features. 

This set of figures illustrates the basic concept of DP compression: within a series of 

state nodes, a maximum allowable distance  𝑑௫  is set. When  𝑑  𝑑௫, the correspond-

ing point is retained; and when  𝑑 ൏ 𝑑௫, the point is removed, thereby compressing the 

path. By progressively eliminating unnecessary intermediate nodes and retaining only the 

key states, the path is simplified. In Figure 5, this process is clearly illustrated. This method 

is widely used in path optimization, compression, and data simplification. However, for 

AIS data,  simple parameter  compression alone does not  sufficiently meet practical  re-

quirements, as  it  is necessary  to preserve key nodes. Therefore, we  introduce multiple 

threshold parameters to retain the critical points of the vessels. 

   

(a)  (b) 

 

 

(c)  (d) 

Figure 5. Principle of the DP algorithm. (a) Initial route segment; (b) Determine whether the point 

needs to be retained based on the set threshold; (c) Select key points based on the threshold, divide 

the path into two segments, and repeat this operation until all key points are selected; (d) Finally, 

only the key points are retained, and the rest are discarded to form a simplified path while retaining 

the main shape features of the original path. 

However, the DP algorithm utilizes planar Cartesian coordinate data, whereas ship 

trajectory data  (typically based on geographic  coordinate  systems)  involve  calculating 

P0

P1 P2
P3

P4

P5

P6

P7

P8

P9 P10

P12

P0

P1 P2
P3

P4

P5

P6

P7

P8

P9 P10

P12dmax

dmax

P0

P1 P2
P3

P4

P5

P6

P7

P8

P9 P10

P12dmax

dmax

Point1

 Point2

P0

P5 P12

P8

Figure 5. Principle of the DP algorithm. (a) Initial route segment; (b) Determine whether the point
needs to be retained based on the set threshold; (c) Select key points based on the threshold, divide
the path into two segments, and repeat this operation until all key points are selected; (d) Finally,
only the key points are retained, and the rest are discarded to form a simplified path while retaining
the main shape features of the original path.

However, the DP algorithm utilizes planar Cartesian coordinate data, whereas ship
trajectory data (typically based on geographic coordinate systems) involve calculating
spherical distances. For our purposes, it is challenging to directly compute the distance
between trajectory points and lines using geographic coordinates. Therefore, to facilitate the
calculation of point-to-line distances, we can convert geographic coordinates to Mercator
projection coordinates. In Equation (1), (λ, φ) represents the longitude and latitude of
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a trajectory point. φ0 denotes the standard latitude in the Mercator projection, and e
represents the first eccentricity of the Earth’s ellipsoid. The Mercator projection coordinates
(X, Y) of a trajectory point are calculated as follows:

X = λ
a cosφ0√

1−e2sin2 φ0

Y = a cosφ0√
1−e2sin2 φ0

ln
(

tan
(

π
4 + φ

2
)( 1−esinφ

1+esinφ

) e
2
) (1)

3.2. Threshold Design

The traditional Douglas–Peucker (DP) algorithm primarily focuses on geometric
attributes but neglects the dynamic environmental changes during navigation, such as
ocean currents, wind speed, and the movement of other vessels. These dynamic factors are
crucial in actual maritime navigation and can significantly impact the accuracy of vessel
trajectories. Additionally, during the trajectory simplification process, key turning points
or locations near important navigational markers may be inadvertently removed, thereby
reducing the practicality and safety of the routes.

To address these issues, we have implemented the following key optimizations to the
DP algorithm:

Consideration of Speed and Heading Changes: By setting thresholds for speed and heading
changes, the improved algorithm retains key points that exhibit significant variations in speed
or heading. This measure ensures that the dynamic characteristics of the navigation data are
preserved, significantly enhancing the precision and safety of path planning.

Dynamic Segmentation: The new algorithm segments the trajectory based on high
curvature or significant distance differences to better adapt to complex navigational envi-
ronments. This approach is particularly effective in handling abrupt trajectory changes
caused by environmental variations or vessel maneuvers.

Data Compression and Quality Assurance: By repeatedly applying the improved
standards, the algorithm not only effectively compresses the data but also ensures data
quality by precisely selecting which data points to retain.

The calculation of thresholds plays a crucial role in compressing vessel trajectory
paths. For AIS data, a higher threshold implies a higher compression rate, resulting in
fewer latitude and longitude points being retained. However, this also means that fewer
relevant features of the vessel trajectories are preserved. Therefore, it is essential to set
appropriate thresholds to compress the paths effectively. In the improved DP algorithm,
we consider four key vessel features, which are as follows:

(1) Geometric threshold determination: Calculate the perpendicular distance Di each
intermediate point (Pi(xi, yi) in a sequence relative to the line defined by the start and end points
P1(x1, y1) and PN(xN, yN). For each point, this distance is calculated using the following formula:

Di =
|(yN − y1)xi − (xN − x1)yi + (xN · y1 − x1 · yN)|√

(yN − y1)
2 + (xN − x1)

2
(2)

If (Di) exceeds a preset geometric threshold, the segment is considered to require
preservation in order to capture more geometric details of the path.

(2) Velocity difference threshold determination: For each pair of consecutive points Pi

and Pi+1, calculate the difference in velocity:

∆Vi = |Vi+1 −Vi| (3)

If max(∆Vi) exceeds the set velocity threshold, it indicates significant velocity changes
in this path segment, which may affect navigational stability. Therefore, more points should
be retained to capture detailed variations in velocity.
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(3) Heading change threshold determination: Calculate the heading change between
consecutive points:

∆Hi = |mod(Hi+1 − Hi + 180, 360)− 180| (4)

where Hi and Hi+1 are the headings of points Pi and Pi+1, respectively. If max(∆Hi) exceeds
the preset heading threshold, it indicates a significant change in heading within this path
segment. To ensure the completeness and usefulness of navigation data, these key points
should be retained.

(4) The curvature is defined as follows: as M′ approaches M along curve L, if the limit
of the mean curvature of arc MM′ exists, this limit is called the curvature of curve L at
point M, denoted as K.

K = lim
∆s→0

∣∣∣∣∆α

∆s

∣∣∣∣ = ∣∣∣∣dα

ds

∣∣∣∣ = f (x)′′(
1 + f (x)′

2
) 3

2
(5)

The equation y = f (x) for the path is inconvenient to solve, so we transform this
formula to derive the calculation formula for the curvature threshold.

ki =
4 ·
√

si(si − ai)(si − bi)(si − ci)

ai · bi · ci
(6)

Here, si =
ai+bi+ci

2 , where ai, bi , ci are the side lengths of the triangle formed by three
consecutive points Pi−1, Pi, and Pi+1. If max(ki) exceeds the set curvature threshold, it
indicates that this segment of the path contains a significant curve or turn. To prevent loss
of path information, this segment should be retained.

By defining these thresholds, we ensure that some critical points are retained when
using the DP (Douglas–Peucker) algorithm for path simplification.

The pseudocode of Algorithm 1 is as follows:

Algorithm 1 Improved DP Algorithm with Multiple Thresholds

Require: Trajectory points P = {P1, P2, . . . Pn}, thresholds TS, Tv, Th, Tc

Ensure: Simplified trajectory points Q
1: Q← {P1, Pn}
2: Initialize stack S← [(P1, Pn)]
3: while S is not empty do
4: (Pstart, Pend)← S.pop()
5: dmax, imax ← 0, 0
6: for i ← index(Pstart) + 1 index( Pend ) − 1 do
7: Calculate Di, ∆vi, ∆Hi, ki

8: if any threshold exceeded then
9: dmax ← value exceeding threshold
10: imax ← i
11: end if
12: end for
13: if dmax > TS then
14: Insert P imax into Q
15: S.push((Pstart, P imax ))
16: S.push((P imax , Pend))
17: end if
18: end while
19: return Q
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This algorithm simplifies the data points in the compressed ship path through iteration,
retaining those points that have a significant impact on the path’s shape, speed, heading,
and curvature.

In the Figure 6, the left side displays the vessel AIS data for 1 January 2020, while
the right side shows the data after compression using the improved DP algorithm. The
results demonstrate that the improved DP algorithm can significantly compress AIS data,
achieving a compression rate of over 80%.
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Figure 6. Comparison of AIS data of some coastlines on a certain day before and after the improved
DP algorithm compression. (a) AIS data after cleaning; (b) AIS data after compression using the
improved DP algorithm.

Figure 7 is about compressing the route of the same vessel. The results in the figure
indicate that the improved DP algorithm significantly enhances the compression rate of
AIS data in comparative experiments and also performs excellently in retaining key points.
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4. Hybrid Probabilistic Road Map (HPRM)
4.1. Environment Map Import

In traditional path planning, grid maps are a commonly used method for environmen-
tal representation. Grid maps divide the environment into discrete cells or pixels, where
each cell’s navigability is indicated in binary form. Although this approach is relatively
simple to implement and can meet the basic needs of path planning, it suffers from limited
resolution, leading to poor accuracy, particularly when dealing with areas characterized by
complex terrain or dynamic maritime environments. Furthermore, the spatial representa-
tion capability of grid maps is constrained, making it difficult to accurately depict detailed
geographic features. As a result, they exhibit significant limitations when processing
complex geographical environments, such as coastlines and island distributions.

To address these issues, this study delves into the analysis of S-57 nautical chart
files, extracting key geographic information contained within, especially the latitude and
longitude data and other maritime features from the Gulf of Mexico and the Caribbean
region. As an internationally recognized electronic chart standard, S-57 charts provide rich
geographic and navigational data, including water depth, shipping lanes, obstacles, and
navigational markers [33,34].

Figure 8 presents the environmental map construction results for the Gulf of Mexico
and parts of the Caribbean Sea. The map not only accurately delineates the regional
boundaries but also achieves a higher level of precision in displaying details, capturing the
complex terrain and key navigational features within the area. With this environmental
map, the study is able to better simulate real-world navigation scenarios, thereby enhancing
the adaptability and reliability of the path planning process in actual environments.
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Figure 8. Environment map construction. (a) Electronic navigational charts; (b) Environmental maps
created by analyzing nautical chart data.

4.2. Selection of Sampling Points

The traditional PRM algorithm uses random sampling, but this often results in many
invalid sampling points, such as those located in obstacles or non-navigable areas. These
points cannot be used for path planning, thus wasting computational resources. Especially
in complex environments, sparse sampling may cause some critical navigable paths to
be overlooked.

AIS points represent the actual navigation paths and positions of vessels, reflecting
areas with high navigation density in the waterway. These data typically show commonly
used routes and real navigation habits for avoiding hazardous areas, enabling the gener-
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ation of routes that better meet practical needs. However, the large volume of AIS data
can reduce algorithm efficiency if used directly. Section 3 introduces an algorithm for
compressing AIS data, and the resulting data are then used as sampling points for the PRM
algorithm, which can significantly enhance the rationality and practicality of path planning.

Since intersections can occur between different routes, we can calculate these inter-
sections to identify navigable points along the path. A vessel’s historical route consists
of numerous latitude and longitude points. We treat each pair of adjacent latitude and
longitude points as a short route segment, so each segment consists of only two points.
Then, by setting up equations for all route segments, we can calculate the intersections
between different routes.

Assume route segment AB is defined by points A(x1, y1) and B(x2, y2), and route
segment CD is defined by points C(x3, y3) and D(x4, y4).

Solve the system of equations to find the intersection point as follows:[
x2 − x1 −(x4 − x3)

y2 − y1 −(y4 − y3)

][
t
s

]
=

[
x3 − x1

y3 − y1

]
(7)

Let the matrix be A and the vector be b, then we have the following:

A

[
t
s

]
= b (8)

The matrix A can be represented as follows:

A =

[
x2 − x1 −(x4 − x3)

y2 − y1 −(y4 − y3)

]
(9)

The vector b is as follows:

b =

[
x3 − x1

y3 − y1

]
(10)

To solve for t and s, use the inverse of the matrix.[
t
s

]
= A−1b (11)

The inverse of matrix A (if it exists) is as follows:

A−1 =
1

(x2 − x1)(y4 − y3)− (y2 − y1)(x4 − x3)

[
−(y4 − y3) x4 − x3

−(y2 − y1) x2 − x1

]
(12)

If the denominator is 0, it indicates that the two line segments are either parallel or
collinear, and there is no unique intersection point.

Determine the intersection point.
After solving for the parameters t and s, substitute t into the parametric equation

of line segment AB, or s into the parametric equation of line segment CD to obtain the
coordinates of the intersection point: x = x1 + t(x2 − x1), y = y1 + t(y2 − y1);

This intersection point is the intersection of the two line segments. If 0 ≤ t ≤ 1
and 0 ≤ s ≤ 1, then the intersection point lies within the bounds of both segments.
Otherwise, the intersection point lies on the extension of the segments, outside the actual
line segments themselves.

Calculate the intersection points between AIS trajectory segments, and use these
intersection points along with the compressed AIS data points as fundamental sampling
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points. Figure 9 is about the intersection points between the routes. These points can
be considered as navigable points in the PRM algorithm, serving as a foundation for
preliminary route planning.
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4.3. HPRM Algorithm Design
4.3.1. Constructing Path Segments Between Nodes

When constructing connecting path segments, the Haversine formula is used to cal-
culate the spherical distance between nodes, and a distance matrix is generated. Each
node selects several of its nearest neighboring nodes for connection based on the distance
matrix, thereby forming a sparse graph. To avoid unreasonable long-distance connections,
a maximum allowable connection distance can be set, and only neighboring nodes within
this distance range are considered for connections. This method ensures the rationality
of connections, making the generated paths more consistent with the actual geographi-
cal conditions while also ensuring computational efficiency. The Haversine formula is
as follows:

d = 2rarcsin

(√
sin2

(
ϕ2 − ϕ1

2

)
+ cos (ϕ1)cos (ϕ2)sin2

(
λ2 − λ1

2

))
(13)

In the Haversine formula, φ represents latitude, λ represents longitude, R is the Earth’s
radius (6371 km), and d is the spherical distance between two points.

4.3.2. Collision Detection Between Path Segments

The collision detection step employs a grid mapping detection method for obstacle
identification. During map construction, the area is processed into a grid, with each grid
cell indicating whether it represents an obstacle region. When evaluating a candidate path
segment, each grid cell that the path traverses is individually checked to determine if it
contains an obstacle. If the path intersects an obstacle region, that edge is marked as invalid
and is not included in the node’s edge list. This grid-based collision detection accurately
identifies obstacles along the path, ensuring that the generated path is feasible.

To enhance the precision of grid mapping detection, the size of the grid should be
appropriately set. If the grid size is too large, the deviation of the planned path will
significantly increase. Figure 10 is about inflating obstacles to enhance navigation safety.
Conversely, if the grid size is too small, the resulting path may run too close to the coastline,
which does not meet practical requirements. Therefore, it is necessary to establish a
reasonable grid size range. Additionally, by performing simple obstacle grid inflation,
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safety margins can be increased, and the system can better accommodate obstacles of
various shapes [35–37].
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Figure 10. Inflate the drawn environment map with obstacles.

Figure 11 illustrates the relationship between nodes and their connecting edges, with
green lines representing navigable segments of the path. The background gradient in
the figure indicates varying risk levels across different regions, where blue areas denote
high risk and yellow areas correspond to low risk. By employing an obstacle expansion
technique, nodes and path edges are extended outward from high-risk regions, effectively
reducing the potential for collisions. This approach enhances the safety of the path, particu-
larly in complex environments, and significantly improves the robustness and navigational
safety of the path planning process. The optimized nodes and edges in the figure not only
cover low-risk areas but also ensure the connectivity of the path, thereby providing an
efficient and safe navigation route for vessels [38].
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4.3.3. Shortest Path Search

The graph structure is used to represent the relationships between nodes and their
connecting edges, treating nodes as vertices in the graph and effective connecting edges as
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path segments. The Dijkstra algorithm is employed to search for the shortest path from the
starting node to the target node within the graph. The Dijkstra algorithm can efficiently
find the shortest path in weighted graphs with non-negative weights, making it one of
the most commonly used single-source shortest path algorithms. The path search results
provide a sequence of nodes from the start point to the end point, and these node sequences
serve as the basis for further path optimization [39,40].

Figure 12 illustrates the path planning results generated using the HPRM algorithm in
a complex maritime environment. The figure clearly marks the starting point (Start) and
goal point (Goal), with a red line connecting these two points, representing the optimal
navigation path computed by the algorithm. It is evident from the figure that the planned
path intelligently avoids islands and other potential obstacles, ensuring navigational safety.
Additionally, the path network, formed by blue nodes and green edges, explores multiple
path options, ultimately generating a route that is both efficient and safe. This path planning
approach demonstrates the effectiveness of the HPRM algorithm in avoiding obstacles
within complex maritime areas, providing a theoretical foundation for ship navigation in
real-world applications.
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4.4. Basis Spline (B-Spline) Path Smoothing Optimization

The B-spline expression can be defined as follows:

C(t) =
n

∑
i=0

Ni,p(t)Pi (14)

Here, Pi represents the control points, Ni,p(t) is the B-spline basis function, and p is
the degree of the curve.

The B-spline basis function Ni,p(t) is defined recursively as follows:
When p = 0:

Ni,0(t) =

1, if ti ≤ t < ti+1

0, otherwise
(15)

When p > 0:
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Ni,p(t) =
t− ti

ti+p − ti
Ni,p−1(t) +

ti+p+1 − t
ti+p+1 − ti+1

Ni+1,p−1(t) (16)

Here, ti represents the elements of the node vector, the objective function with a
smoothing parameter.

In the optimization process of smoothing the B-spline, an objective function is used to
balance the fitting accuracy and the smoothness of the curve:

J = (1− p)
n

∑
i=1
∥ C(ti)− Pi ∥2 + p

∫ t f

t0

∥ d2C(t)
dt2 ∥

2

dt (17)

(1− p)∑n
i=1 ∥ C(ti)− Pi ∥2 represents the fitting error of the curve to the data.

p
∫ t f

t0
∥ d2C(t)

dt2 ∥
2
dt represents the smoothness of the curve.

By adjusting the smoothing parameter p, a trade-off can be made between the fitting
accuracy and the smoothness of the curve.

Obstacle avoidance constraint: To ensure that the path avoids obstacles, the following
constraints can be added: d

(
C(t), Oj

)
≥ dmin, ∀j, ∀t ∈

[
t0, t f

]
.

d
(
C(t), Oj

)
represents the distance between the curve point C(t) and the obstacle Oj,

and dmin is the minimum safety distance. Figure 13 shows how the B-spline smooths and
optimizes the path.
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Figure 13. B-spline optimization principle.

Figure 14 shows that the use of B-spline curves can effectively optimize the smoothness
of the path. Compared with the polyline path that directly connects the path nodes, the
generated path is smoother and can eliminate sharp turns and discontinuous curvature
changes [41,42].
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smoothing by the B-spline algorithm.
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The following Algorithm 2 is the pseudocode of the HPRM algorithm:

Algorithm 2 HPRM Algorithm

Require: Map, Start, Goal, n, k, Collision Check(p1, p2)
Ensure: A valid smoothed path from Start to Goal
1: V ← ∅, E← ∅
2: while | V |< n do
3: p← Random sample in map
4: if p is navigable then
5: V ← V ∪ {p}
6: end if
7: end while
8: for all p ∈ V do
9: NP ← k-nearest neighbors of p
10: for all p′ ∈ Np do
11: if Collision Check(p, p′) then
12: E← E ∪ {(p, p′)}
13: end if
14: end for
15: end for
16: Connect Start and Goal to V by finding k-nearest neighbors
17: Perform graph search on G = (V, E) to find path P
18: for all edges (p, p′) ∈ P do
19: if not Collision Check(p, p′) then
20: E← E \ {(p, p′)}
21: Re-run path search
22: end if
23: end for
24: Path Smoothing: Apply B-spline smoothing on path P to generatesmoothed path
Psmooth
25: return final smoothed path Psmooth from Start to Goal

5. Experiment and Comparative Analysis
This section focuses on experimental validation of the improved DP algorithm and

hybrid PRM, with a comparative analysis of their effectiveness and superiority. The
study uses a section of U.S. waters as an example, with AIS data sourced from [https:
//www.noaa.gov, accessed on 5 May 2024].

5.1. Comparison of Different Compression Algorithms

To demonstrate the superiority of the improved DP algorithm, this study compared it
with the k-means, RDP, and sliding window algorithms from multiple aspects, including
compression rate comparison and the compression effects on the same trajectory.

From Figure 15, it can be analyzed that both the improved DP algorithm and the RDP
algorithm are suitable for compressing AIS data. The k-means algorithm does not perform
well in terms of compression, as it retains some unnecessary points and requires manual
adjustment of clustering points for different vessels. Meanwhile, the sliding window
algorithm transforms the compressed route into a straight-line path, resulting in excessively
large turning radii at corners.

https://www.noaa.gov
https://www.noaa.gov
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A key metric for evaluating a compression algorithm is its compression rate. Figure 16
clearly illustrates the comparison of four different compression algorithms across three
different vessel IDs. Among them, the sliding window algorithm demonstrates the best
performance in terms of compression rate, while the efficiency of the k-means algorithm is
relatively low. Both the improved DP and RDP algorithms exhibit stable and robust perfor-
mance. However, based on prior analysis, it is evident that the improved DP algorithm is
particularly well-suited for compressing AIS data: it not only offers a high compression
rate but also excels in retaining critical data points compared to other algorithms.
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5.2. Comparison of Path Planning Algorithms

To verify the advanced nature of the proposed hybrid PRM algorithm, a specific
geographic area near the waters of the United States was selected for testing. The latitude
range is between 17.7915◦ and 33.6085◦, and the longitude range is between −98.1167◦ and
−76.1000◦. This area covers parts of Florida, Georgia, and South Carolina, located mainly
along the Atlantic coast. Within this region, random start and end points were chosen for
path planning, and comparisons were made with the non-optimized PRM algorithm as
well as the current mainstream algorithms, A* and Dijkstra. The results are as follows.

By combining Table 2 and Figure 17, it can be observed that, compared with the
unoptimized PRM algorithm and the current mainstream algorithms A* and Dijkstra, the
hybrid PRM algorithm has significant advantages in terms of planning time and route
length. It generates the shortest processing time and shorter routes, making it suitable
for applications that require rapid and efficient path planning. Additionally, as shown in
the figure, the paths planned by the initial PRM algorithm have excessive turning points,
insufficient curve smoothness, and are easily influenced by sampling points. In contrast,
the A* and Dijkstra algorithms tend to become trapped in local optima, and the paths they
generate do not meet the actual navigational requirements.
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Table 2. Comparison of path planning across different algorithms.

Algorithm Planning Times (s) Route Length (nm) Number of
Turning Points

Hybrid PRM 14.067670 1045.15 26
PRM 21.982659 1060.14 16

A* 28.236141 1239.69 36
Dijkstra 39.645747 1257.55 21

6. Conclusions
The hybrid PRM algorithm proposed in this study effectively addresses the limitations

of the traditional PRM, with the following key innovations: (1) The application of an
improved dynamic programming (DP) algorithm for compressing AIS data resolves the
issue of excessive data volume, significantly enhancing the efficiency of subsequent path
planning. (2) The sampling strategy of the PRM algorithm is improved by replacing random
sampling points with compressed AIS latitude and longitude points, eliminating invalid
samples, and simultaneously enhancing the safety of navigational planning. (3) B-splines
are employed to optimize the smoothness of the path, addressing issues such as excessively
large turning radii and unsmooth paths, thereby improving vessel maneuverability.

Comparative experiments demonstrate that the improved DP algorithm can effectively
compress vessel trajectories, retain critical feature points, and extract valuable data. A
comparison of different path planning algorithms highlights the efficiency and safety
advantages of the proposed hybrid PRM algorithm. Experimental results show that the
algorithm achieves an average reduction of approximately 10% in the length of the shortest
paths generated, while efficiency is improved by over 35%.
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