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Abstract 

In increasingly complex navigation environments, maritime traffic supervision needs to 
look beyond the instantaneous collision risk of individual-ship pairs. A multi-ship scene 
may become difficult to monitor because of vessel aggregation, spatial compression, en-
counter urgency, and inconsistent motion states. To support proactive Vessel Traffic Ser-
vices (VTS), this study proposes a prediction-driven framework for assessing multi-ship 
traffic pressure by combining AIS-based short-term motion prediction with a Spatio-Tem-
poral Encounter Traffic Pressure Index (ST-TPI). In the proposed framework, cleaned and 
resampled AIS trajectories are used to train an LSTM model for short-term vessel motion 
prediction. The predicted vessel states are then synchronized into future multi-ship traffic 
snapshots over a 30 min horizon, and ST-TPI is used to evaluate traffic pressure at the 
ship-pair, individual-ship, regional, and scene levels. Different from conventional colli-
sion-risk or traffic-complexity methods, the proposed framework focuses on how future 
traffic pressure forms, changes, and is transferred among vessels and vessel pairs. The 
method was tested using five typical multi-ship scenarios and a real-waterway case in the 
western precautionary area of the Laotieshan Channel. The prediction results showed sta-
ble short-term forecasting performance with low meter-level position errors under the ob-
servation-updated rolling evaluation, providing a basis for future multi-ship snapshot 
generation. The typical scenarios revealed different pressure-evolution patterns, includ-
ing low-pressure persistence, temporary compression and release, delayed crossing pres-
sure, complex interaction release, and High-level pressure formation. The real-waterway 
case further showed low and Low-medium pressure fluctuations, local pressure peaks, 
pressure release, and pressure-source transfer under practical AIS conditions. Prediction-
error perturbation analysis indicated that the main high-pressure vessel pairs and pres-
sure-level interpretations remained stable under tested position perturbations. Con-
sistency analysis further showed that ST-TPI scene pressure was significantly correlated 
with conventional CRI-based encounter-risk indicators. These results indicate that the 
proposed framework can provide interpretable information on future pressure-evolution 
and dominant pressure sources, supporting proactive monitoring, early warning, and 
traffic organization in complex waterways, and contributing to a safer maritime traffic 
environment. 
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1. Introduction 
The safety of navigation in port approach and departure areas, narrow channels, pre-

cautionary zones, and waters where two or more traffic flows intersect is often affected by 
the cumulative interactions of multiple ships. As the number of vessels in a given water 
area increases, inter-ship distances, crossing course relationships, speed differences, and 
encounter sequences may change rapidly within a short period. As a result, the traffic 
situation becomes highly dynamic and complex. According to the International Maritime 
Organization guidelines on Vessel Traffic Services (VTS), an important objective of VTS is 
to improve navigational safety and traffic efficiency and to support maritime traffic man-
agement by mitigating the development of unsafe situations in a timely manner [1]. Mean-
while, the Automatic Identification System (AIS) continuously provides dynamic infor-
mation, such as vessel identity, position, speed, and course, and has become a significant 
data source for shore-based authorities to perceive maritime traffic situations. Existing 
studies have demonstrated that, in complex waters, VTS operators are required to focus 
not only on individual high-risk ships but also on several potential encounter relation-
ships, which greatly increases their situation awareness and decision-making workload 
[2]. Therefore, safety supervision in complex waters should not be confined to the instan-
taneous collision risk of a specific ship pair. Instead, greater attention should be paid to 
traffic pressure induced by vessel aggregation, compression of navigable space, encounter 
urgency, and inconsistency in motion states. 

In this study, multi-ship traffic pressure is defined as the supervisory load generated 
by the combined effects of vessel aggregation, spatial compression, encounter urgency, 
and motion-state inconsistency within a short-term traffic scene. It is different from colli-
sion risk, which mainly describes the danger of a specific vessel pair; from traffic density, 
which mainly measures the number or concentration of vessels; and from traffic complex-
ity, which mainly characterizes the structural disorder or navigational difficulty of a traffic 
system. Traffic pressure emphasizes whether a future multi-ship scene becomes more dif-
ficult for VTS operators to monitor, interpret, and manage. 

1.1. Related Work 

In traditional maritime traffic safety studies, indicators such as DCPA, TCPA, ship 
domain, and collision-risk index have long been used to represent the spatial proximity 
and temporal urgency between two ships. Recently, adaptive safety domains, collision-
risk indices, velocity obstacles, dynamic ship domains, and ship intrusion risk models 
have been continuously developed, enabling ship-pair risk assessment to consider vessel 
dimensions, relative motion, domain intrusion, and encounter geometry more compre-
hensively [3–7]. These methods are useful for single-ship collision avoidance and local 
ship-pair danger detection. However, their evaluation is usually based on the present in-
stant or local ship-pair interactions. When multiple encounter relationships coexist and 
vessel density changes continuously, a single ship-pair risk value cannot adequately de-
scribe the overall situation load faced by maritime traffic supervisors. 

From the perspective of regional safety management, near-miss detection and re-
gional collision-risk assessment provide a more macroscopic approach to multi-ship traf-
fic safety analysis. AIS-based near-miss detection methods can identify potential traffic 
conflicts by considering distance, relative speed, and course phase [8]. Improved near-
miss detection frameworks have also been used to identify maritime traffic hotspots and 
support preventive management [9]. In regional collision-risk assessment, clustering, 
game-allocation principles, RNN, fuzzy inference, and LSTM algorithms have been ap-
plied to assist VTS operators in making timely decisions [10,11]. Regional near-miss risk 
models for open waters further reveal that regional risk cannot remain at the microscopic 
ship-pair level but should be comprehensively represented by integrating density com-
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plexity and multi-ship risk operators [12]. These studies have promoted the extension of 
risk assessment from individual-ship pairs to regional levels. Nevertheless, most of them 
still focus mainly on current conditions, historical statistics, or risk levels at specific mo-
ments. 

As a complement to regional collision-risk assessment, traffic-complexity research 
attempts to characterize multi-ship situations in terms of system structure and traffic state. 
Geng et al. pointed out that risk models mainly based on DCPA and TCPA cannot com-
pletely characterize complex maritime traffic situations under increasing traffic density 
and therefore developed a maritime traffic situation complexity model based on traffic 
density and traffic conflict [13]. Sui et al. abstracted ships as nodes in a complex network 
and defined inter-ship relationships as network edges. They used topological indicators 
such as node degree, node strength, clustering coefficient, and network structure entropy 
to characterize the evolution of maritime traffic situations [14]. Liu et al. applied a molec-
ular dynamics approach to identify waterway traffic complexity by analyzing ship spatial 
distribution and motion-parameter distribution, noting that speed and course variations 
can reflect motion disorder, while spatial distribution can represent the busyness, conges-
tion, and compactness of a water area [15]. Recent studies on multi-ship maritime traffic 
situation identification and rule-based complex networks have further incorporated den-
sity, proximity factors, mitigation difficulty, and COLREG-based collision avoidance re-
lationships into complexity representation, thereby improving VTS operators’ situation 
awareness in complex traffic situations [16,17]. However, most of these studies focus on 
present or historical traffic conditions, while proactive identification of short-term future 
pressure evolution remains insufficient. 

In addition to spatial structure and motion state, the temporal continuity of traffic 
risk is also a crucial factor in the supervision of complex waters. Many regional risk as-
sessment approaches focus on the total risk within a statistical period or the risk level at 
discrete moments. This makes it difficult to reveal the formation, persistence, and migra-
tion of risk in the time dimension. Liu and Yu proposed a time-frame regional collision-
risk model that builds vessel risk time series from geometric encounters and traffic situa-
tion pressure, and then extracts regional risk features using dynamic time warping [18]. 
This concept indicates that traffic risk and traffic pressure should not be quantified only 
at a single point in time but should be regarded as temporal processes that develop con-
tinuously with multi-ship motion and encounter interactions. For maritime supervision, 
early identification of future pressure-increasing stages, peak-pressure moments, and 
dominant pressure sources can provide additional response time for targeted monitoring 
and traffic management. 

In addition to risk assessment and trajectory prediction, AIS data have also been in-
creasingly used for higher-level interpretation of maritime traffic states. Wang et al. used 
AIS data to identify ship-behavior patterns in port waters, showing that historical vessel 
motion records can support the recognition of traffic-state changes and ship-behavior 
characteristics rather than only trajectory reconstruction [19]. From a broader transporta-
tion-system perspective, Luo et al. applied machine-learning analysis to transport infra-
structure connectivity and conflict resolution, indicating that traffic interactions can be 
understood as structured multi-agent processes rather than isolated pairwise events [20]. 
Meanwhile, recent spatiotemporal prediction studies have further shown that spatial and 
temporal dependencies can be jointly modeled to improve traffic-state forecasting. For 
example, Chen et al. proposed a bilinear spatiotemporal fusion network for traffic-flow 
prediction, providing a useful reference for positioning short-term vessel motion predic-
tion within the wider spatiotemporal forecasting literature [21]. These studies support the 
need to connect AIS-based motion prediction, multi-agent interaction understanding, and 
interpretable traffic-state assessment in complex multi-ship scenes. 
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AIS trajectory prediction provides the motion-state basis for looking ahead in mari-
time traffic supervision. In recent years, LSTM, Bi-LSTM, GRU, attention-based models, 
and graph neural networks have been used for short-term ship trajectory prediction and 
have shown good performance in complex waterways and multi-ship traffic scenes [22–
26]. These studies have improved the ability to estimate where a vessel may move in the 
near future. However, from a supervisory perspective, the predicted position itself is only 
an intermediate result. What matters more is whether the predicted positions of multiple 
vessels will form a compressed traffic structure, whether encounter urgency will increase, 
and which vessels may become the main sources of future traffic pressure. Therefore, tra-
jectory prediction needs to be further connected with an interpretable multi-ship traffic-
state assessment. 

Graph-learning methods have also provided a useful direction for multi-ship colli-
sion-risk prediction [27]. By representing vessels as nodes and inter-ship relations as 
edges, graph-based models can describe the interaction topology of a traffic scene and 
predict near-future scene-level collision-risk categories. This type of work is valuable be-
cause it shifts attention from isolated ship pairs to the whole traffic scene. Nevertheless, 
its output is usually still a discrete risk category, and the analysis mainly answers whether 
a scene is likely to become risky. For maritime supervision, this is not always enough. 
Operators also need to understand how future traffic pressure develops, when the pres-
sure may peak, whether the pressure is caused by local vessel pairs or by wider traffic 
compression, and which vessels deserve closer attention. Therefore, the focus of this study 
is further extended from future collision-risk classification to the predictive assessment of 
multi-ship traffic pressure. 

Overall, previous studies have provided important tools for understanding maritime 
traffic safety from different perspectives. Ship-pair risk models capture the danger in local 
encounters, regional risk models extend the scope to a larger water area, traffic-complex-
ity studies describe the structure of multi-ship situations, trajectory prediction methods 
estimate future vessel motion, and graph-learning models start representing the interac-
tion pattern at the scene level. 

As shown in Table 1, the proposed ST-TPI framework differs from existing ap-
proaches in its prediction-driven and hierarchical assessment structure. It not only evalu-
ates present ship-pair risk or regional traffic complexity, but further converts predicted 
multi-ship snapshots into ship-pair, individual-ship, regional, and scene-level pressure 
outputs. This structure allows future pressure evolution, peak-pressure moments, and 
dominant pressure-contributing vessels or vessel pairs to be identified, which is more di-
rectly aligned with proactive VTS supervision. 

Table 1. Comparison between existing maritime traffic assessment approaches and the proposed 
prediction-driven ST-TPI framework. 

Method Cate-
gory 

Main Input Main Output Temporal Ca-
pability 

Interpretabil-
ity 

Supervisory Utility 

Ship-pair colli-
sion-risk assess-

ment 

DCPA, TCPA, ship 
domain, and relative 

motion 

Pairwise risk value or 
risk level 

Mainly current-
state assess-

ment 

High at the 
ship-pair level 

Identifies dangerous 
vessel pairs 

Regional colli-
sion-risk/near-

miss assessment 

Vessel density, near-
miss indicators, and 
regional risk statis-

tics 

Regional risk level or 
hotspot distribution 

Mainly histori-
cal or current-
state analysis 

Moderate Identifies high-risk wa-
ter areas 
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Maritime traffic-
complexity as-

sessment 

Density, 
speed/course varia-

tion, spatial distribu-
tion, and topology 

Complexity index or 
complexity level 

Mainly current 
or historical de-

scription 
Moderate 

Describes traffic busy-
ness, disorder, and 

structural complexity 

Graph-based 
maritime scene 

assessment 

Vessel nodes, inter-
action edges, and 

relative-motion fea-
tures 

Scene-level risk cate-
gory or interaction pat-

tern 

Can support 
short-term cate-
gory prediction 

Model-de-
pendent 

Identifies whether a 
scene may become risky 

Proposed predic-
tion-driven ST-
TPI framework 

Predicted multi-ship 
snapshots, 

DCPA/TCPA, den-
sity, proximity, en-

counter conflict, and 
motion disorder 

Ship-pair, individual-
ship, regional, and 

scene pressure; domi-
nant pressure source; 

pressure-evolution 
curve 

Predictive pres-
sure evolution 
over a 30 min 

horizon 

High: Scene 
pressure can 
be traced to 
vessels and 
vessel pairs 

Supports proactive mon-
itoring, peak-pressure 

identification, and pres-
sure-source tracing 

1.2. Research Gap and Contributions 

The study proposes a prediction methodology to analyze traffic pressure in multi-
ship traffic scenarios. Based on the AIS trajectory data, the proposed framework first 
cleans the data, resamples it temporally and reconstructs the continuous trajectories to 
generate standardized ship motion sequences for model training and scene analysis. Next, 
an LSTM-based short-term ship motion prediction model is created for predicting the fu-
ture local-plane displacement of each vessel. Based on this, the single-vessel prediction 
findings are extended to multi-ship scenarios and the future multi-ship traffic snapshots 
are recursively generated. Finally, the ST-TPI model is utilized to estimate the current and 
prospective traffic pressure, including ship-pair pressure, individual-ship pressure, re-
gional pressure, and overall scene pressure. 

Following this definition, the proposed framework treats traffic pressure as an inter-
pretable supervisory indicator rather than as a direct substitute for collision probability. 
A scene may generate noticeable pressure even when no single ship pair has reached an 
extreme collision-risk state, because several neighboring vessels, crossing tendencies, and 
changing encounter relations may need to be monitored simultaneously. 

To address this problem, this paper proposes a predictive assessment method for 
multi-ship traffic pressure oriented to maritime supervision. The method first converts 
raw AIS trajectories into continuous motion sequences through data cleaning, temporal 
resampling, and trajectory reconstruction. A long short-term memory network is then 
trained to predict short-term vessel motion using local-plane displacement as the output. 
The predicted states of multiple vessels are synchronized to form future traffic snapshots, 
in which inter-ship distance, DCPA, TCPA, relative motion, and heading relations are re-
calculated. On this basis, the Spatio-Temporal Encounter Traffic Pressure Index (ST-TPI) 
is constructed to evaluate traffic pressure from local density, spatial proximity, encounter 
conflict, and motion disorder. The pressure results are organized at ship-pair, individual-
ship, regional, and scene levels, so that the future pressure process can be described in 
terms of pressure level, peak moment, dominant vessels, and dominant vessel pairs. A 30 
min prediction horizon was selected to match the short-term response needs of VTS-ori-
ented traffic supervision. In practical supervisory waters, operators need sufficient lead 
time to identify pressure-increasing stages, monitor dominant vessels or vessel pairs, is-
sue early warnings, and organize traffic before local encounter pressure develops into a 
more difficult scene-level situation. At the same time, ship-motion uncertainty generally 
increases as the prediction horizon becomes longer, especially when vessels turn, acceler-
ate, decelerate, or maneuver under traffic-control constraints. Therefore, the 30 min hori-
zon in this study is not intended for long-term route forecasting, but for short-term traffic-
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pressure trend assessment and proactive supervisory support. The main contributions of 
this work are listed as follows: 

1. A prediction-driven framework for multi-ship traffic-pressure assessment is pro-
posed. Instead of using trajectory prediction only to estimate future positions, the 
proposed framework further uses predicted vessel states to reconstruct future multi-
ship traffic snapshots and to analyze the evolution of traffic pressure within a 30 min 
horizon. 

2. A hierarchical ST-TPI pressure model is developed for maritime supervision. The 
model evaluates pressure from ship-pair, individual-ship, regional, and overall scene 
levels, linking local encounter relations with scene-level pressure variation. This 
structure allows pressure sources to be traced from the overall scene back to domi-
nant vessels and vessel pairs. 

3. The proposed framework is validated using five typical multi-ship scenarios and a 
real-waterway case in the western precautionary area of the Laotieshan Channel. The 
results show that the method can describe different pressure-evolution processes, in-
cluding low-pressure persistence, temporary compression and release, delayed 
crossing pressure, complex interaction release, and pressure growth toward the High 
level. The real-waterway case further examines its applicability under practical AIS 
conditions. 

The remainder of this paper is organized as follows. Section 2 describes the proposed 
methodology, including AIS preprocessing, LSTM-based short-term motion prediction, 
future multi-ship snapshot generation, pairwise encounter-relation extraction, ST-TPI 
pressure modeling, and temporal scene-pressure assessment. Section 3 presents the pre-
diction performance of the LSTM model, the predictive ST-TPI results in five typical multi-
ship scenarios, and the real-waterway case study in the western precautionary area of the 
Laotieshan Channel. Section 4 discusses the supervisory meaning of predictive traffic 
pressure assessment, the difference between traffic pressure and conventional collision 
risk, the interpretability of the proposed indicators, and the limitations of the current 
work. Section 5 summarizes the main findings and outlines future research directions. 

2. Materials and Methods 
2.1. Overall Framework 

This study develops a predictive traffic pressure assessment framework for multi-
ship traffic scenarios. Based on AIS trajectory data, the proposed framework first performs 
data cleaning, temporal resampling, and continuous trajectory reconstruction to obtain 
standardized ship motion sequences for model training and scene analysis. Then, an 
LSTM-based short-term ship motion prediction model is constructed to predict the future 
local-plane displacement of individual vessels. On this basis, the single-vessel prediction 
results are extended to multi-ship scenarios, and future multi-ship traffic snapshots are 
recursively generated. Finally, the ST-TPI model is used to evaluate current and future 
traffic pressure at multiple levels, including ship-pair pressure, individual-ship pressure, 
regional pressure, and overall scene pressure. 

The overall research procedure consists of five main steps. First, the raw AIS data are 
preprocessed through field extraction, abnormal-value removal, sine–cosine encoding of 
angular variables, uniform temporal resampling, and continuous trajectory segmentation, 
so as to ensure the continuity and consistency of subsequent model inputs. Second, LSTM 
training samples are constructed from continuous trajectory segments. Historical motion-
state sequences are used as model inputs, while the next-step local-plane displacement is 
used as the prediction target, forming a single-step short-term motion prediction model. 
Third, the trained LSTM model is recursively applied to each vessel to generate multi-step 
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future predictions, and the predicted states of all vessels at the same future time step are 
combined to form a sequence of future multi-ship traffic snapshots. Fourth, pairwise kin-
ematic relations are extracted from each current or future snapshot, and the ST-TPI model 
is used to calculate ship-pair pressure, individual-ship pressure, regional pressure, and 
overall scene pressure. Fifth, the prediction performance and traffic pressure assessment 
results are analyzed using error metrics, pressure time series, and representative pressure 
snapshots. 

The core idea of the proposed framework is to integrate short-term ship motion pre-
diction with traffic pressure evaluation. The LSTM model provides future multi-ship traf-
fic states, while the ST-TPI model quantifies spatial proximity, encounter conflict, local 
density, and motion disorder in future scenarios. In this way, the proposed framework 
can evaluate not only the current traffic pressure but also the evolution of multi-ship traf-
fic pressure over a future prediction horizon, providing methodological support for traffic 
risk identification and situational warning in complex waterways. The overall framework 
of the proposed method is illustrated in Figure 1. Figure 1 provides a single integrated 
diagram of the complete procedure from AIS data input to scene-level pressure output. 
The diagram shows how raw AIS data are first preprocessed and converted into stand-
ardized motion sequences, how the LSTM model predicts future vessel states, how future 
multi-ship traffic snapshots are generated, and how the ST-TPI model further evaluates 
traffic pressure at ship-pair, individual-ship, regional, and scene levels. 

 

Figure 1. Overall workflow of the proposed prediction-driven LSTM–ST-TPI framework from AIS 
data input to scene-level pressure output. 
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The proposed framework is intended for both offline traffic-situation analysis and 
potential near-real-time VTS decision support. In this study, the framework is mainly val-
idated in an offline manner using historical AIS data, typical multi-ship scenarios, and a 
real-waterway case. In practical VTS applications, the same computational procedure can 
be executed in a rolling manner when new AIS observations are received. The updated 
AIS window can be used to predict short-term vessel states, reconstruct future multi-ship 
traffic snapshots, and estimate the evolution of traffic pressure. Therefore, the framework 
should be regarded as an offline-validated predictive assessment method with the poten-
tial to support near-real-time traffic monitoring, early warning, and traffic-organization 
assistance. 

2.2. AIS Data Preprocessing and Continuous Trajectory Reconstruction 

The AIS data used in this study serve three different purposes. The first type is open-
source historical AIS trajectory data obtained from the public Maritime-Monitoring repos-
itory [28]. These data are mainly used for training, validation, and testing of the LSTM-
based short-term vessel motion prediction model. The second type consists of typical 
multi-ship traffic segments separately extracted from the same open-source AIS dataset. 
These segments were selected before pressure calculation based on observable traffic char-
acteristics, including vessel number, spatial distribution, heading consistency, local prox-
imity, crossing tendency, and short-term convergence, rather than on the final ST-TPI val-
ues alone. They were used to construct five representative scenarios, including low-den-
sity traffic, dense but ordered traffic, crossing encounters, complex multi-ship interac-
tions, and pressure-rising situations, so as to examine the pressure response of the ST-TPI 
model under different traffic structures. The third type is real-world AIS scenario data 
from the western precautionary area of the Laotieshan Channel, which is used to examine 
the engineering applicability of the proposed method in an actual supervisory water area. 
It should be noted that the 60 vessel trajectory files used for LSTM model training, valida-
tion, and testing are not the direct source of the five typical multi-ship scenarios. The for-
mer are mainly used to learn short-term vessel motion patterns, whereas the latter are 
separately selected from multi-ship traffic segments in the open-source AIS dataset to val-
idate the pressure response characteristics of the ST-TPI model under different traffic 
structures. 

To further clarify the data basis of the LSTM-based short-term motion prediction 
model, the AIS trajectories used for model training, validation, and testing were summa-
rized in Table 2, and their geographical coverage is shown in Figure 2. The dataset con-
tains 60 cargo-vessel trajectory files with 60 unique MMSI and 590,236 original AIS records 
before 1 min resampling. The records cover the period from 2021 to 2022 and mainly rep-
resent underway cargo-vessel cruising trajectories in multiple water areas, including the 
US West Coast/Northeast Pacific, US East Coast/Northwest Atlantic, Gulf of Mexico/Car-
ibbean, Great Lakes/Inland North America, Hawaii/Central Pacific, and other waters. 
These trajectories were used to learn general short-term cargo-vessel motion patterns for 
the LSTM predictor. They were not the direct source of the five typical multi-ship traffic 
scenarios or the Laotieshan Channel case; the latter datasets were used separately for pres-
sure-response analysis and real-waterway applicability examination. 
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Table 2. Summary of the AIS dataset used for LSTM model training. 

Item Description/Statistic 
Data source Public AIS cargo-vessel trajectory files from the Maritime-Monitoring repository 

Vessel category Cargo vessels 
Number of trajectory files 60 
Number of unique MMSI 60 

Original AIS records 590,236 
Data collection period 1 January 2021 to 31 August 2022 

Latitude range 10.39435–55.23470° 
Longitude range −168.45958° to −60.01221° 

Main geographical coverage 
US West Coast/NE Pacific, US East Coast/NW Atlantic, Gulf of Mexico/Caribbean, 

Great Lakes/Inland North America, Hawaii/Central Pacific, and other waters 
Mean/median SOG 11.52 kn/12.00 kn 

SOG range 1.00–24.40 kn 
Navigation status 99.59% underway using engine 

Role in this study Used to construct single-vessel motion sequences and train, validate, and test the 
LSTM short-term motion prediction model 

Note: The statistics were calculated from the 60 cargo-vessel AIS trajectory files used for LSTM 
model training, validation, and testing. The 590,236 records refer to the original AIS records before 
1 min resampling. These records were subsequently cleaned, interpolated, and resampled at a 1 min 
interval; therefore, this number is different from the number of valid resampled trajectory points 
and sliding-window samples reported insubsequent sample-construction statistics. 

 

Figure 2. Geographic coverage of the AIS trajectories used for LSTM model training, validation, and 
testing. 

Raw AIS data often contain problems such as irregular time intervals, duplicated re-
ports, local missing records, abnormal longitude or latitude values, abrupt changes in 
speed or course, and short-term position jumps during data acquisition, transmission, and 
storage [29,30]. If such data are directly used for trajectory prediction model training, the 
temporal scale of input sequences may become inconsistent, and abnormal motion states 
may be incorrectly learned as real navigation patterns. This may further affect the reliabil-
ity of future multi-ship traffic-state reconstruction and pressure assessment. Therefore, 
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before constructing LSTM prediction samples, systematic preprocessing of raw AIS tra-
jectories is required to improve the temporal consistency and motion continuity of trajec-
tory sequences [30]. 

In the basic cleaning stage, the completeness of key AIS fields is first checked, and 
records with missing ship identifier, track identifier, update time, longitude, latitude, 
speed, course, or heading are removed. Then, validity constraints are applied to longi-
tude, latitude, speed, course, and heading. Records with unreasonable geographic coor-
dinates, obviously abnormal speeds, or course and heading values outside the valid an-
gular range are deleted. For duplicate records with the same timestamp under the same 
ship and track identifier, the data are sorted in ascending order of update time, and du-
plicated records are removed. To further reduce the influence of AIS reporting errors and 
short-term positioning drift, the instantaneous speed between adjacent trajectory points 
is estimated based on the time interval and spatial displacement, and abnormal position 
jumps were identified using an empirical speed-jump threshold of 30 kn, determined ac-
cording to the cargo-vessel type and the speed distribution of the training dataset, and the 
corresponding abnormal points were removed [30,31]. 

After basic cleaning, AIS records were grouped by MMSI and TrackID, and the rec-
ords within each trajectory were sorted in ascending order of BaseDateTime. Since the 
original AIS reporting interval is not completely uniform, direct use of the raw time series 
may lead to inconsistent time spans between adjacent samples in the LSTM input window. 
Therefore, each trajectory is temporally regularized and resampled with a fixed time step. 
Specifically, a regular time axis was established for each trajectory using 1 min as the uni-
form sampling interval, and short missing intervals were filled by interpolation. The 5 min 
gap threshold was used to distinguish short-term missing reports from long discontinui-
ties in AIS trajectories. If the time interval between two adjacent original AIS observations 
was no greater than 5 min, missing records were interpolated at a 1 min interval. In con-
trast, when the interval exceeded 5 min, the trajectory was split rather than interpolated 
across the gap, because long-gap interpolation may generate artificial motion patterns and 
introduce unreliable training samples. This setting therefore balances trajectory continuity 
and data reliability and is consistent with the principle that trajectory repair should be 
applied conditionally according to data continuity and gap length [31,32]. During 
resampling, validity labels were used to distinguish trajectory points that could be used 
for subsequent sample construction from invalid points that were excluded due to exces-
sively long missing intervals. 

During resampling, angular variables require special treatment. Both COG and 
Heading are periodic angular variables. If direct linear interpolation is applied, numerical 
discontinuities may occur near 0°/360°. For example, 359° and 1° are very close in actual 
direction, but they appear to be greatly different when represented directly by angular 
values. To avoid this problem, COG and Heading (HDG) are transformed into sine and 
cosine components. Specifically, the angular variables COG and HDG were encoded into 
sine and cosine components to avoid numerical discontinuities near 0°/360°, as follows: 

�

𝐶𝐶𝐶𝐶𝐶𝐶_𝑠𝑠 = 𝑠𝑠𝑠𝑠𝑠𝑠(𝐶𝐶𝐶𝐶𝐶𝐶 · 𝜋𝜋/180)
𝐶𝐶𝐶𝐶𝐶𝐶_𝑐𝑐 = 𝑐𝑐𝑐𝑐𝑐𝑐(𝐶𝐶𝐶𝐶𝐶𝐶 · 𝜋𝜋/180)
𝐻𝐻𝐻𝐻𝐻𝐻_𝑠𝑠 = 𝑠𝑠𝑠𝑠𝑠𝑠(𝐻𝐻𝐻𝐻𝐻𝐻 · 𝜋𝜋/180)
𝐻𝐻𝐻𝐻𝐻𝐻_𝑐𝑐 = 𝑐𝑐𝑐𝑐𝑐𝑐(𝐻𝐻𝐻𝐻𝐻𝐻 · 𝜋𝜋/180)

 (1) 

This treatment preserves the continuity of angular variables in circular space and provides 
more stable input features for the subsequent LSTM model. 

After resampling, the temporal continuity of each trajectory was further examined 
according to the validity labels generated during resampling and the time gaps between 
adjacent original observations. When the interval between two adjacent original AIS ob-
servations exceeded 5 min, the trajectory was split at that point, forming several continu-
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ous trajectory segments. This segmentation avoids treating long-term missing intervals as 
continuous vessel motion and helps preserve the reliability of subsequent prediction sam-
ples [32,33]. Each continuous segment had a uniform time step and relatively good motion 
continuity and was therefore used for subsequent short-term trajectory prediction sample 
construction. Segments shorter than the sum of the historical input length and the predic-
tion output length were removed to ensure that each sample contained a complete input 
window and the corresponding prediction label. 

To illustrate the AIS preprocessing procedure, the overall workflow is summarized 
in Figure 3. After raw AIS data are input, field completeness checking and abnormal-rec-
ord removal are first performed. The records are then grouped by MMSI and TrackID and 
sorted by BaseDateTime, followed by resampling at a uniform interval of 1 min. For an-
gular variables, COG and Heading are transformed into sine and cosine forms. Finally, 
the resampled trajectories are divided into continuous trajectory segments according to 
temporal continuity, and historical input windows and prediction labels required by the 
LSTM model are constructed. 

 

Figure 3. Workflow of AIS data preprocessing and continuous trajectory sample construction. 

In addition to the workflow diagram, a typical segment of ship trajectory is picked, 
and the raw trajectory, cleaned trajectory, and trajectory after resampling and continuous 
reconstruction are compared, as shown in Figure 4. This picture is used to show the po-
tential difficulties in raw AIS trajectories, such as unequal distribution of points, local 
anomalous jumps, and time gaps. It also shows that after cleaning, resampling and con-
tinuous trajectory segmentation, the trajectory data are transformed into regular se-
quences with uniform time intervals and reasonably continuous motion states. 

   
(a) (b) (c) 

Figure 4. Example of AIS trajectory cleaning, resampling, and continuous trajectory reconstruction. 
(a) Raw AIS trajectory records. (b) Cleaned trajectory after abnormal-point removal and temporal-
gap identification. (c) Resampled continuous trajectory segments. 
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Through the above processing, the raw AIS trajectories are converted into continuous 
trajectory samples suitable for training the LSTM-based short-term motion prediction 
model. For model training, validation, and testing, 60 single-vessel trajectory files are used 
to construct sliding-window samples, so as to learn short-term local displacement patterns 
of vessels at a 1 min time interval. For typical scenario validation, multi-ship traffic seg-
ments are separately extracted from the open-source AIS dataset to construct five repre-
sentative scenarios with different vessel densities, encounter structures, and pressure-evo-
lution characteristics. For real-waterway validation, AIS data from the western precau-
tionary area of the Laotieshan Channel are used to extract historical motion windows of 
multiple vessels at specified snapshot times. These three types of data respectively sup-
port motion prediction model training, typical-scenario pressure response analysis, and 
real-waterway engineering validation, jointly providing the data basis for recursive pre-
diction, future multi-ship traffic snapshot generation, encounter relationship calculation, 
and ST-TPI-based multi-level pressure assessment. 

2.3. Construction of the LSTM-Based Short-Term Ship Motion Prediction Model 

A stacked LSTM network was used to develop the short-term ship motion forecast 
model. Similar recurrent and deep learning models have been widely employed in AIS-
based short-term vessel trajectory prediction and have been shown to be able to learn 
temporal motion patterns from past ship states [34,35]. The model takes the historical mo-
tion-state sequence as input and outputs the next-step local-plane displacement in the 
east–west and north–south directions. The network is composed of the sequence input 
layer, two LSTM layers, a dropout layer, a fully connected layer with ReLU activation 
function and a fully connected regression layer. The first LSTM layer has 128 hidden units 
and returns the whole sequence of hidden states. The second LSTM layer has 64 hidden 
units and delivers only the last hidden state. A dropout layer with a dropout rate of 0.1 
was used to reduce overfitting. The recovered temporal representation is then fed into a 
fully connected layer with 32 neurons and a ReLU activation function. The output of this 
layer is sent into a final fully connected layer, which produces the two-dimensional dis-
placement vector. The following subsections discuss how to build input features, output 
representation, partition the dataset, and evaluate the prediction error based on this ar-
chitecture. 

After AIS data cleaning, resampling, and continuous trajectory reconstruction, the 
continuous trajectory segments were used to construct input samples for the LSTM-based 
short-term ship motion prediction model. Since the original longitude and latitude are 
geographic coordinates, directly using them as model inputs may lead to inconsistent spa-
tial scales in different directions. Therefore, each continuous trajectory segment was first 
converted into a local planar coordinate system. 

2.3.1. Input Feature Construction and Normalization 

The approximate metric conversion was used to convert the longitude and latitude 
into local planar coordinates for a short-term forecast in the local water region. Specifi-
cally, one degree of latitude was approximated as 111,320 m, and the scale of longitude 
was corrected by the cosine of the reference latitude. For each continuous segment, the 
first trajectory point was chosen as the local reference point, and its longitude and latitude 
were labeled by 𝐿𝐿𝐿𝐿𝑛𝑛0 and 𝐿𝐿𝐿𝐿𝑡𝑡0 accordingly. The local flat coordinates of the t-th trajec-
tory point were determined as 

�𝑋𝑋𝑡𝑡 = (𝐿𝐿𝐿𝐿𝑛𝑛𝑡𝑡 − 𝐿𝐿𝐿𝐿𝑛𝑛0) × 111320 × cos �
𝐿𝐿𝐿𝐿𝑡𝑡0 × 𝜋𝜋

180
�

𝑌𝑌𝑡𝑡 = (𝐿𝐿𝐿𝐿𝑡𝑡𝑡𝑡 − 𝐿𝐿𝐿𝐿𝑡𝑡0) × 111320
 (2) 
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where 𝑋𝑋𝑡𝑡 and 𝑌𝑌𝑡𝑡 denote the east–west and north–south positions of the vessel in the lo-
cal planar coordinate system, respectively, with the unit of meters. This transformation 
converts the ship position from geographic coordinates into metric spatial coordinates, 
which are more suitable for local-plane displacement prediction and position-error calcu-
lation. Since this study focuses on short-term motion prediction and traffic-state evolution 
within local waters, the above approximation is sufficient for model input construction 
and prediction-error evaluation. 

To further represent the short-term motion tendency of the vessel, the displacement 
increments between adjacent trajectory points were introduced as motion variation fea-
tures. The historical displacement increments at time step 𝑡𝑡were defined as 

�
𝑑𝑑𝑋𝑋𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝑋𝑋𝑡𝑡 − 𝑋𝑋𝑡𝑡−1
𝑑𝑑𝑌𝑌𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝑌𝑌𝑡𝑡 − 𝑌𝑌𝑡𝑡−1
 (3) 

where 𝑑𝑑𝑋𝑋𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 and 𝑑𝑑𝑌𝑌𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 represent the east–west and north–south motion changes dur-
ing the previous time interval, respectively. For the first point of each continuous trajec-
tory segment, the previous displacement increments were set to zero because no preced-
ing point was available. 

The position state, speed state, historical displacement state, and angular state were 
fused into a nine-dimensional motion-state feature vector for each time step. The input 
feature vector for the 𝑡𝑡-th time step was defined as: 

𝐱𝐱𝑡𝑡 = [𝑋𝑋𝑡𝑡 ,𝑌𝑌𝑡𝑡, 𝑆𝑆𝑆𝑆𝐺𝐺𝑡𝑡 ,𝑑𝑑𝑋𝑋𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑑𝑑𝑌𝑌𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝐶𝐶𝐶𝐶𝐺𝐺𝑠𝑠,𝑡𝑡 ,𝐶𝐶𝐶𝐶𝐺𝐺𝑐𝑐,𝑡𝑡 ,𝐻𝐻𝐻𝐻𝐺𝐺𝑠𝑠,𝑡𝑡 ,𝐻𝐻𝐻𝐻𝐺𝐺𝑐𝑐,𝑡𝑡]𝑇𝑇 (4) 

where 𝑆𝑆𝑆𝑆𝐺𝐺𝑡𝑡 denotes the speed over ground, COGt denotes the course over ground, and 
HDGt denotes the heading. Since COG and HDG are periodic angular variables, their sine 
and cosine components were used to represent the angular states, thereby avoiding nu-
merical discontinuities near 0°/360°. In this way, the model can learn not only the current 
spatial position of the vessel but also its speed, previous displacement variation, and di-
rectional motion characteristics. Similar position-, speed-, and course-related motion fea-
tures have also been commonly used in AIS-based trajectory prediction studies [33,34]. 
The detailed description of the input features is summarized in Table 3. 

Table 3. Motion-state input features for the LSTM-based short-term ship motion prediction model. 

Feature Description Unit/Range 
𝑋𝑋 Local east–west position m 
𝑌𝑌 Local north–south position m 
𝑆𝑆𝑆𝑆𝑆𝑆 Speed over ground kn 
𝑑𝑑𝑑𝑑𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 Previous east–west displacement increment m 
𝑑𝑑𝑑𝑑𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 Previous north–south displacement increment m 
𝐶𝐶𝐶𝐶𝐺𝐺𝑠𝑠 Sine component of course over ground [−1, 1] 
𝐶𝐶𝐶𝐶𝐺𝐺𝑐𝑐 Cosine component of course over ground [−1, 1] 
𝐻𝐻𝐻𝐻𝐺𝐺𝑠𝑠 Sine component of heading [−1, 1] 
𝐻𝐻𝐻𝐻𝐺𝐺𝑐𝑐 Cosine component of heading [−1, 1] 

A sliding-window strategy was then used to extract historical input sequences from 
each continuous trajectory segment. Let 𝐿𝐿𝑖𝑖𝑖𝑖  denote the historical input length. In this 
study, 𝐿𝐿𝑖𝑖𝑖𝑖 = 10, meaning that each input sample contains the motion states of ten consec-
utive historical time steps. The 𝑖𝑖-th input sample can be expressed as 

𝑿𝑿𝒊𝒊 = �𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑖𝑖+1, … , 𝑥𝑥𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖−1� (5) 

Therefore, each LSTM input sample has a dimension of 9 × 𝐿𝐿𝑖𝑖𝑖𝑖. Before model train-
ing, the position, speed, and displacement-related features were normalized using min–
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max normalization based only on the statistics of the training subset, so as to reduce the 
influence of different numerical scales and avoid information leakage from the validation 
and testing subsets. The normalization process can be expressed as 

𝑧̃𝑧 =
𝑧𝑧 − 𝑧𝑧𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝑧𝑧𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝑧𝑧𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (6) 

where 𝑧𝑧 denotes the feature to be normalized, and 𝑧𝑧𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 and 𝑧𝑧𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 denote the mini-
mum and maximum values of the corresponding feature in the training subset, respec-
tively. The angular variables were already represented by sine and cosine components 
within the range of [−1, 1], and were therefore directly used as input features. Through 
the above processing, continuous AIS trajectories were transformed into standardized 
motion-state sequences suitable for LSTM learning, providing the input basis for subse-
quent local-plane displacement prediction. 

2.3.2. Local-Plane Displacement Output Representation 

Based on the input sequence constructed in Section 2.3.1, the prediction target of the 
LSTM model was defined as the next-step displacement increment in the local planar co-
ordinate system, rather than the absolute longitude and latitude of the next position. This 
design was adopted because longitude and latitude are geographic coordinates, whereas 
local planar displacement is expressed in meters and can directly describe the actual short-
term motion change in a vessel. In addition, displacement increments are more suitable 
for representing local motion tendencies than absolute positions. 

For each input sample, the displacement from the last historical point to the next time 
step was used as the prediction label. The target displacement was defined as 

�
Δ𝑋𝑋𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖 = 𝑋𝑋𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖 − 𝑋𝑋𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖−1
Δ𝑌𝑌𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖 = 𝑌𝑌𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖 − 𝑌𝑌𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖−1

 (7) 

Thus, the output label of the 𝑖𝑖-th sample can be expressed as 

𝐲𝐲𝑖𝑖 = [Δ𝑋𝑋𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖 ,Δ𝑌𝑌𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖]𝑇𝑇 (8) 

where Δ𝑋𝑋 and Δ𝑌𝑌 denote the east–west and north–south displacement increments dur-
ing the next sampling interval, respectively. Since the AIS trajectories were uniformly 
resampled at a 1 min interval, the output label represents the local planar displacement of 
the vessel in the next minute. 

The LSTM model can therefore be regarded as a nonlinear mapping from the histor-
ical motion-state sequence to the next-step displacement increment: 

𝐲𝐲�𝑖𝑖 = 𝑓𝑓𝜃𝜃(𝐗𝐗𝑖𝑖) (9) 

where 𝑓𝑓𝜃𝜃(⋅) denotes the mapping function learned by the LSTM network, and 𝜃𝜃 repre-
sents the trainable model parameters. The predicted output can be written as 

𝐲𝐲�𝑖𝑖 = [Δ𝑋𝑋�𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖 ,Δ𝑌𝑌�𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖]𝑇𝑇 (10) 

After obtaining the predicted displacement, the predicted local planar position at the 
next time step was reconstructed by adding the predicted displacement to the last histor-
ical position in the input window: 

�
𝑋𝑋�𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖 = 𝑋𝑋𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖−1 + Δ𝑋𝑋�𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖
𝑌𝑌�𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖 = 𝑌𝑌𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖−1 + Δ𝑌𝑌�𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖

 (11) 

Furthermore, the next-step predicted geographic position can be recovered from the 
predicted local planar displacement and the current longitude and latitude: 
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⎩
⎪
⎨

⎪
⎧𝐿𝐿𝐿𝐿𝐿𝐿� 𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖 = 𝐿𝐿𝐿𝐿𝑛𝑛𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖−1 +

Δ𝑋𝑋�𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖
111320 cos(𝐿𝐿𝐿𝐿𝑡𝑡𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖−1𝜋𝜋/180)

𝐿𝐿𝐿𝐿𝐿𝐿� 𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖 = 𝐿𝐿𝐿𝐿𝑡𝑡𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖−1 +
Δ𝑌𝑌�𝑖𝑖+𝐿𝐿𝑖𝑖𝑖𝑖
111320

 (12) 

This output representation allows the model to maintain a concise two-dimensional 
output structure while still reconstructing the future vessel position. Although the LSTM 
model outputs only two displacement components, these two components directly deter-
mine the predicted position at the next time step. Therefore, this output design is con-
sistent with the subsequent recursive prediction, future multi-ship traffic snapshot gener-
ation, and encounter-structure reconstruction. 

During model training, the output displacement labels were normalized using min–
max normalization based only on the training subset: 

⎩
⎪
⎨

⎪
⎧Δ𝑋𝑋� =

Δ𝑋𝑋 − Δ𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

Δ𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − Δ𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

Δ𝑌𝑌� =
Δ𝑌𝑌 − Δ𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

Δ𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − Δ𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

 (13) 

After prediction, inverse normalization was performed to recover the displacement 
values in meters, which were then used for position reconstruction and prediction-error 
evaluation. 

2.3.3. Training, Validation, and Testing Dataset Partitioning 

After constructing the input features and output labels, the LSTM samples were fur-
ther divided into training, validation, and testing subsets. Since AIS trajectories have 
strong temporal continuity, adjacent sliding-window samples are highly correlated. If all 
samples were randomly divided, adjacent time windows could appear simultaneously in 
the training and testing subsets, resulting in information leakage and an overestimation 
of the model’s generalization performance. Therefore, in this study, the dataset was par-
titioned according to the temporal order within each continuous trajectory segment rather 
than by random sample shuffling. This segment-wise temporal partitioning was applied 
independently to each continuous trajectory segment. 

For a continuous trajectory segment containing 𝑁𝑁 valid resampled trajectory points, 
the proportions of the training, validation, and testing subsets were set to 70%, 15%, and 
15%, respectively. The endpoint of the training part and the endpoint of the validation 
part were defined as 

�𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ⌊0.70𝑁𝑁⌋
𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 = ⌊0.85𝑁𝑁⌋ (14) 

where 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 denotes the endpoint of the training part, 𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 denotes the endpoint of the 
validation part, and the floor operator is used to obtain integer indices. The first 70% of 
the trajectory points were used to construct training samples, the following 15% were used 
to construct validation samples, and the remaining 15% were used to construct testing 
samples. 

To ensure that both the input window and the corresponding prediction label of each 
sample belonged to the same subset, the sample start indices were further selected accord-
ing to the sliding-window position. Let 𝐿𝐿𝑖𝑖𝑖𝑖 denote the input window length. The input 
window of the 𝑖𝑖-th sample covers the historical time steps from 𝑖𝑖 to 𝑖𝑖 + 𝐿𝐿𝑖𝑖𝑖𝑖 − 1, and its 
prediction label corresponds to the time step 𝑖𝑖 + 𝐿𝐿𝑖𝑖𝑖𝑖. The index sets of training, validation, 
and testing samples were therefore defined as 
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�
ℐ𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = {𝑖𝑖 ∣ 𝑖𝑖 + 𝐿𝐿𝑖𝑖𝑖𝑖 ≤ 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡}
ℐ𝑣𝑣𝑣𝑣𝑣𝑣 = {𝑖𝑖 ∣ 𝑖𝑖 ≥ 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 1, 𝑖𝑖 + 𝐿𝐿𝑖𝑖𝑖𝑖 ≤ 𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣}
ℐ𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = {𝑖𝑖 ∣ 𝑖𝑖 ≥ 𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 + 1, 𝑖𝑖 + 𝐿𝐿𝑖𝑖𝑖𝑖 ≤ 𝑁𝑁}

 (15) 

With this partitioning strategy, the training, validation, and testing samples were 
temporally separated, and overlapping sliding windows across different subsets were 
avoided. Continuous trajectory segments that were too short to provide non-empty train-
ing, validation, and testing samples were excluded from model training, ensuring that 
each retained segment contributed complete samples for the three subsets. 

To further clarify the data scale used for model training, the numbers of valid 
resampled AIS trajectory points, continuous trajectory segments, and sliding-window 
samples were summarized, as shown in Table 4. Although the data used for LSTM model 
training were derived from 60 vessel trajectory files, the preprocessing and segmentation 
procedure transformed them into 4667 continuous motion segments and further gener-
ated 615,635 sliding-window samples. This strategy makes full use of the short-term mo-
tion information embedded in continuous AIS trajectories and supports the LSTM model 
in learning local short-term vessel displacement patterns. Meanwhile, to avoid infor-
mation leakage caused by overlapping adjacent sliding windows appearing across differ-
ent subsets, the training, validation, and testing subsets were divided according to the 
temporal order within each continuous trajectory segment rather than by random shuf-
fling of all samples. 

It should be noted that the present dataset partitioning was conducted in a segment-
wise temporal manner rather than in a vessel-disjoint manner. In other words, samples 
from the same vessel trajectory could appear in different subsets, but their temporal order 
was preserved, and overlapping sliding-window samples across the training, validation, 
and testing subsets were avoided. This design was adopted because the main objective of 
the prediction module in this study is to learn short-term cargo-vessel motion patterns 
from continuous AIS trajectories and to provide stable motion-state inputs for subsequent 
ST-TPI pressure assessment. Therefore, the reported prediction errors mainly reflect the 
temporal generalization ability within cargo-vessel trajectory segments under non-over-
lapping time partitions. A fully vessel-disjoint evaluation, in which vessels appearing in 
the training subset are completely excluded from the testing subset, would provide a 
stricter assessment of cross-vessel generalization and will be considered in future work. 

Table 4. Statistics of AIS trajectory sample construction for the LSTM motion prediction model. 

Item Number 
Original vessel trajectory files 60 

Valid resampled trajectory points 714,378 
Continuous trajectory segments 4667 

Available sliding-window samples 615,635 
Training samples 446,337 

Validation samples 84,305 
Testing samples 84,993 

The training subset was used to learn the LSTM network parameters. The validation 
subset was used to monitor model performance during training, select the network with 
the minimum validation loss, and reduce the risk of overfitting. The testing subset was 
not involved in model training or parameter selection and was used only for final predic-
tion accuracy evaluation. In the model training process, the Adam optimizer was adopted, 
the maximum number of epochs was set to 60, the mini-batch size was set to 64, and the 
initial learning rate was set to 0.001. The validation subset was used for performance mon-
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itoring during training, and the network with the best validation loss was retained as the 
final prediction model. This setting allowed the model to learn short-term ship motion 
patterns from the training samples while evaluating its generalization ability using inde-
pendent validation and testing subsets. The main dataset partitioning and model training 
settings are summarized in Table 5. 

Table 5. Dataset partitioning and model training settings. 

Item Setting 
Resampling interval 1 min 

Input sequence length 10 steps 
Training subset 70% 

Validation subset 15% 
Testing subset 15% 

Optimizer Adam 
Maximum epochs 60 

Mini-batch size 64 
Initial learning rate 0.001 

Model selection criterion Best validation loss 

A preliminary hyperparameter tuning process was conducted using the validation 
subset to determine the final LSTM network configuration. Several candidate settings 
were compared, including one-layer and two-layer LSTM structures, hidden-unit sizes 
ranging from 64 to 128, dropout rates from 0 to 0.2, mini-batch sizes from 32 to 128, and 
initial learning rates from 0.0005 to 0.001. The validation loss and testing stability were 
jointly considered during model selection. The final configuration, consisting of two 
LSTM layers with 128 and 64 hidden units, a dropout rate of 0.1, a fully connected layer 
with 32 neurons, a mini-batch size of 64, and an initial learning rate of 0.001, was selected 
because it achieved relatively low validation loss while maintaining stable testing perfor-
mance and moderate computational cost. This configuration provides a balance between 
prediction accuracy, model complexity, and computational efficiency for subsequent fu-
ture multi-ship snapshot generation. 

2.3.4. Prediction-Error Evaluation Metrics 

To quantitatively evaluate the accuracy of the LSTM-based short-term ship motion 
prediction model, prediction errors were calculated in the local planar coordinate system. 
Since the local planar coordinates are expressed in meters, the error values directly repre-
sent the spatial deviation between the predicted and actual ship positions. This avoids the 
scale inconsistency that may occur when longitude and latitude differences are directly 
used. 

For the 𝑖𝑖-th prediction sample, let (𝑋𝑋𝑖𝑖,𝑌𝑌𝑖𝑖) denote the actual position and �𝑋𝑋�𝑖𝑖,𝑌𝑌�𝑖𝑖� de-
note the predicted position. The two-dimensional Euclidean position error was calculated 
as 

𝑒𝑒𝑖𝑖 = ��𝑋𝑋�𝑖𝑖 − 𝑋𝑋𝑖𝑖)2 + (𝑌𝑌�𝑖𝑖 − 𝑌𝑌𝑖𝑖�
2 (16) 

where ei denotes the planar position error of the i-th sample, with the unit of meters. 
Based on the Euclidean position error, the mean position error (MPE) was calculated 

as 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑁𝑁
�𝑒𝑒𝑖𝑖

𝑁𝑁

𝑖𝑖=1

 (17) 
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where 𝑁𝑁  denotes the number of prediction samples, and MPE represents the average 
planar position deviation between the predicted and actual positions. 

The mean absolute error (MAE) was used to evaluate the average absolute deviation 
in the east–west and north–south coordinate directions: 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1

2𝑁𝑁
��∣ 𝑋𝑋�𝑖𝑖 − 𝑋𝑋𝑖𝑖 ∣ +∣ 𝑌𝑌�𝑖𝑖 − 𝑌𝑌𝑖𝑖 ∣�
𝑁𝑁

𝑖𝑖=1

 (18) 

where N denotes the number of prediction samples. MAE reflects the coordinate-level 
absolute error averaged over the east–west and north–south directions, whereas MPE re-
flects the mean Euclidean position error. 

The root mean square error (RMSE) was used to measure the overall magnitude of 
the position prediction error based on the Euclidean position error: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �
1
𝑁𝑁
�𝑒𝑒𝑖𝑖2
𝑁𝑁

𝑖𝑖=1

 (19) 

Compared with MAE, RMSE is more sensitive to large local deviations and can there-
fore indicate whether obvious large-error samples exist in the prediction results. 

For horizon-based multi-step prediction sequences, the average displacement error 
(ADE) and final displacement error (FDE) were further used to evaluate trajectory-level 
prediction performance. Suppose that there are 𝑀𝑀 predicted trajectories, each containing 
𝐻𝐻 prediction steps, and 𝑒𝑒𝑚𝑚,ℎ denotes the Euclidean position error of the 𝑚𝑚-th trajectory 
at the ℎ-th prediction step. ADE and FDE were defined as 

⎩
⎪
⎪
⎨

⎪
⎪
⎧
𝐴𝐴𝐴𝐴𝐴𝐴 =

1
𝑀𝑀𝑀𝑀

��𝑒𝑒𝑚𝑚,ℎ

𝐻𝐻

ℎ=1

𝑀𝑀

𝑚𝑚=1

𝐹𝐹𝐹𝐹𝐹𝐹 =
1
𝑀𝑀
� 𝑒𝑒𝑚𝑚,𝐻𝐻

𝑀𝑀

𝑚𝑚=1

 (20) 

where ADE represents the average position deviation over the whole prediction horizon, 
while FDE represents the terminal-position error at the final prediction step. In this study, 
MAE, MPE, and RMSE were mainly used to evaluate one-step prediction accuracy, 
whereas ADE and FDE were used to describe the error accumulation characteristics of 
horizon-based rolling prediction and future multi-step trajectory generation. 

Overall, MAE describes the average coordinate-level deviation, MPE measures the 
mean Euclidean position deviation, RMSE evaluates the overall position error with sensi-
tivity to large deviations, ADE measures the average trajectory deviation over a prediction 
horizon, and FDE reflects the terminal-position error. These metrics provide the accuracy 
evaluation basis for the LSTM-based short-term motion prediction model and support the 
reliability analysis of subsequent future multi-ship traffic snapshot generation and ST-
TPI-based traffic pressure assessment. 

2.4. Future Multi-Ship Traffic Snapshot Generation and Pairwise Relation Extraction 

2.4.1. Historical Window Extraction and Prediction Input Construction 

After constructing the LSTM-based short-term motion prediction model, the single-
vessel prediction model was further applied to multi-ship traffic scenes. AIS-based multi-
ship encounter studies commonly reconstruct traffic situations by organizing vessel states 
at the same time and extracting inter-ship relations, which provides a basis for subsequent 
encounter analysis and risk assessment [36]. For a given scene snapshot time 𝑡𝑡0, vessel 
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states located within the study area were first extracted from the valid resampled AIS 
trajectories. To ensure that each vessel contained sufficient historical motion information, 
only vessels with 𝐿𝐿𝑖𝑖𝑖𝑖  consecutive valid historical trajectory points before 𝑡𝑡0  were re-
tained for subsequent prediction. Thus, each vessel corresponded to a fixed-length histor-
ical motion window. 

For the 𝑗𝑗-th vessel, the historical window can be expressed as 

�
𝒲𝒲𝑗𝑗(𝑡𝑡0) = [𝐬𝐬𝑗𝑗(𝑡𝑡0 − 𝐿𝐿𝑖𝑖𝑖𝑖 + 1), 𝐬𝐬𝑗𝑗(𝑡𝑡0 − 𝐿𝐿𝑖𝑖𝑖𝑖 + 2), … , 𝐬𝐬𝑗𝑗(𝑡𝑡0)]
𝐬𝐬𝑗𝑗(𝑡𝑡) = [𝐿𝐿𝐿𝐿𝑛𝑛𝑗𝑗(𝑡𝑡), 𝐿𝐿𝐿𝐿𝑡𝑡𝑗𝑗(𝑡𝑡), 𝑆𝑆𝑆𝑆𝐺𝐺𝑗𝑗(𝑡𝑡),𝐶𝐶𝐶𝐶𝐺𝐺𝑗𝑗(𝑡𝑡),𝐻𝐻𝐻𝐻𝐺𝐺𝑗𝑗(𝑡𝑡)]𝑇𝑇 (21) 

where 𝒲𝒲𝑗𝑗(𝑡𝑡0) denotes the historical motion window of the 𝑗𝑗-th vessel before the snap-
shot time 𝑡𝑡0, 𝐿𝐿𝑖𝑖𝑖𝑖 = 10, and 𝐬𝐬𝑗𝑗(𝑡𝑡) represents the basic motion state of the vessel at time 
𝑡𝑡. The trajectory points in the historical window were required to have a uniform time 
interval, namely Δ𝑡𝑡 = 1 min. 

The historical window was then transformed into the same nine-dimensional input 
feature sequence as used in the model training stage in Section 2.3, including local planar 
position, speed over ground, previous displacement increments, and the sine and cosine 
components of COG and Heading. The position-, speed-, and displacement-related fea-
tures were normalized using the normalization parameters saved during model training, 
while the angular variables were kept in their sine and cosine forms. This ensured that the 
input format during multi-ship prediction was consistent with that used during LSTM 
model training. 

2.4.2. Recursive Multi-Step Prediction for Individual Vessels 

Since the LSTM model constructed in this study is a single-step displacement predic-
tion model, its outputs are the local planar displacement increments Δ𝑋𝑋� and Δ𝑌𝑌�  at the 
next time step. To obtain vessel motion states over a future time horizon, a recursive strat-
egy was adopted to extend single-step prediction to multi-step prediction. For each vessel, 
at the ℎ-th prediction step, the LSTM input was first constructed from the current rolling 
historical window. The model then predicted the next-step displacement increment, 
which was added to the current vessel position to reconstruct the predicted position at the 
next time step. 

The recursive prediction process can be expressed as 

⎩
⎪
⎨

⎪
⎧�Δ𝑋𝑋�𝑗𝑗,ℎ,Δ𝑌𝑌�𝑗𝑗,ℎ�

𝑇𝑇 = 𝑓𝑓𝜃𝜃 �𝒲𝒲𝑗𝑗
�ℎ−1��

𝑋𝑋�𝑗𝑗,ℎ = 𝑋𝑋�𝑗𝑗,ℎ−1 + Δ𝑋𝑋�𝑗𝑗,ℎ

𝑌𝑌�𝑗𝑗,ℎ = 𝑌𝑌�𝑗𝑗,ℎ−1 + Δ𝑌𝑌�𝑗𝑗,ℎ

 (22) 

where 𝑓𝑓𝜃𝜃(⋅)  denotes the trained LSTM model, 𝒲𝒲𝑗𝑗
�ℎ−1�  denotes the rolling historical 

window of the 𝑗𝑗-th vessel at prediction step ℎ − 1, and �𝑋𝑋�𝑗𝑗,ℎ
,𝑌𝑌�𝑗𝑗,ℎ� denotes the predicted 

local planar position at the ℎ-th prediction step. 
The predicted position was further converted back into geographic coordinates using 

the predicted displacement and the previous predicted longitude and latitude: 

⎩
⎪
⎨

⎪
⎧𝐿𝐿𝐿𝐿𝐿𝐿� 𝑗𝑗,ℎ = 𝐿𝐿𝐿𝐿𝐿𝐿� 𝑗𝑗,ℎ−1 +

Δ𝑋𝑋�𝑗𝑗,ℎ

111320 cos�𝐿𝐿𝐿𝐿𝐿𝐿� 𝑗𝑗,ℎ−1𝜋𝜋/180�

𝐿𝐿𝐿𝐿𝐿𝐿� 𝑗𝑗,ℎ = 𝐿𝐿𝐿𝐿𝐿𝐿� 𝑗𝑗,ℎ−1 +
Δ𝑌𝑌�𝑗𝑗,ℎ

111320

 (23) 

where 𝐿𝐿𝐿𝐿𝐿𝐿� 𝑗𝑗,0 = 𝐿𝐿𝐿𝐿𝑛𝑛𝑗𝑗(𝑡𝑡0)  and 𝐿𝐿𝐿𝐿𝐿𝐿� 𝑗𝑗,0 = 𝐿𝐿𝐿𝐿𝑡𝑡𝑗𝑗(𝑡𝑡0) , indicating that the recursive prediction 
starts from the observed vessel position at the current snapshot time. 

When the predicted state was used to update the rolling window, the complete mo-
tion-state variables required by the next LSTM input were reconstructed from the pre-
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dicted displacement. The predicted SOG was calculated from the magnitude of the pre-
dicted displacement and converted from m/min to knots: 

𝑆𝑆𝑆𝑆𝑆𝑆�𝑗𝑗,ℎ =
��Δ𝑋𝑋�𝑗𝑗,ℎ)2 + (Δ𝑌𝑌�𝑗𝑗,ℎ�

2

Δ𝑡𝑡
×

60
1852

 
(24) 

where Δ𝑡𝑡 = 1 min in this study. The predicted COG was calculated from the east–west 
and north–south displacement components: 

𝐶𝐶𝐶𝐶𝐶𝐶�𝑗𝑗,ℎ = mod �atan 2�Δ𝑋𝑋�𝑗𝑗,ℎ,Δ𝑌𝑌�𝑗𝑗,ℎ�
180
𝜋𝜋

, 360� (25) 

The predicted heading was set equal to the predicted COG in the current implemen-
tation. This approximation is acceptable for ordinary underway cargo-vessel motion be-
cause the difference between heading and COG is usually small when vessels sail steadily 
at normal speed. In such cases, COG can provide a reasonable directional representation 
for short-term encounter reconstruction and ST-TPI pressure calculation. 

However, this assumption may introduce uncertainty during sharp maneuvers, low-
speed movement, berthing or unberthing operations, or strong current and wind condi-
tions. In these situations, the vessel heading may differ noticeably from the actual course 
over ground, and using COG as a proxy for heading may affect heading-difference calcu-
lation, encounter-angle classification, motion-disorder estimation, and the reconstructed 
pressure contribution of local vessel pairs. Therefore, the predicted heading in this study 
should be interpreted as an approximate directional state for short-term traffic-pressure 
assessment rather than as an exact maneuvering-state prediction. Future work may fur-
ther incorporate direct heading prediction or maneuvering-aware models to improve the 
representation of vessel attitude under complex motion conditions. 

Then, the predicted longitude, latitude, SOG, COG, and heading were combined with 
the reconstructed local planar position and previous displacement increments to form a 
complete predicted motion state. This predicted state was appended to the rolling win-
dow, while the earliest historical state was removed, so that the next-step LSTM input 
could be constructed recursively. This recursive updating process was repeated until the 
entire prediction horizon was completed. In the predictive ST-TPI assessment, the rolling 
window was updated recursively using the predicted states, so that the future traffic snap-
shots were generated in a prediction-driven manner. 

2.4.3. Future Multi-Ship Traffic Snapshot Generation 

After recursive multi-step prediction was completed for each vessel, the prediction 
results of all vessels were organized according to the same future time steps to generate 
future multi-ship traffic snapshots. In this study, recursive prediction was performed at a 
1 min time step, consistent with the resampled AIS interval. The intermediate one-minute 
predicted states were used for recursive trajectory propagation. For pressure assessment 
and visualization, future snapshots at 5 min intervals within the 30 min prediction horizon 
were selected, namely 5, 10, 15, 20, 25, and 30 min. These selected snapshots were then 
used for predictive ST-TPI assessment and visualization. Each future snapshot represents 
the predicted state set of all vessels in the scene at a specific prediction time. For prediction 
step h, the future snapshot can be expressed as 

𝒮𝒮𝑡𝑡0+ℎΔ𝑡𝑡 = �𝐬𝐬�1(𝑡𝑡0 + ℎΔ𝑡𝑡), 𝐬𝐬�2(𝑡𝑡0 + ℎΔ𝑡𝑡), … , 𝐬𝐬�𝑛𝑛ℎ(𝑡𝑡0 + ℎΔ𝑡𝑡)� (26) 

where 𝒮𝒮𝑡𝑡0+ℎΔ𝑡𝑡 denotes the future multi-ship traffic snapshot at prediction time 𝑡𝑡0 + ℎΔ𝑡𝑡, 
𝑛𝑛ℎ denotes the number of vessels in the snapshot, and 𝐬𝐬�𝑗𝑗(𝑡𝑡) represents the predicted mo-
tion state of the 𝑗𝑗-th vessel at time 𝑡𝑡. Each snapshot contains vessel identifiers and pre-
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dicted motion-state variables, including ShipID, TrackID, predicted longitude, predicted 
latitude, SOG, COG, and heading. 

In the implementation, the current snapshot was constructed from the last state in 
the historical window of each vessel, while each future snapshot was constructed by com-
bining the predicted states of all vessels at the same prediction step. For each future pre-
diction step, the predicted longitude, latitude, speed, course, and heading information of 
all vessels were extracted and organized into a snapshot table with a consistent structure. 
The resulting future snapshot sequence describes the temporal evolution of the predicted 
multi-ship traffic state and provides a unified input for the subsequent ST-TPI pressure 
evaluation. 

2.4.4. Pairwise Relation Extraction for ST-TPI Evaluation 

After future multi-ship traffic snapshots were generated, pairwise vessel relations 
were further constructed within each snapshot to provide the basis for the subsequent ST-
TPI-based multi-level pressure evaluation. Similar pairwise-relation extraction has been 
widely used in AIS-based encounter analysis, where relative distance, relative speed, 
course difference, DCPA, and TCPA are important variables for describing ship interac-
tions [36]. For a given future snapshot 𝒮𝒮𝑡𝑡0+ℎΔ𝑡𝑡, all vessels in the snapshot were paired to 
form a candidate vessel-pair set: 

𝒫𝒫𝑡𝑡0+ℎΔ𝑡𝑡 = � (𝑖𝑖, 𝑗𝑗) ∣∣ 1 ≤ 𝑖𝑖 < 𝑗𝑗 ≤ 𝑛𝑛ℎ, 𝑖𝑖, 𝑗𝑗 ∈ 𝒮𝒮𝑡𝑡0+ℎΔ𝑡𝑡 � (27) 

where 𝒫𝒫𝑡𝑡0+ℎΔ𝑡𝑡 denotes the candidate vessel-pair set at prediction time 𝑡𝑡0 + ℎΔ𝑡𝑡. For each 
vessel pair, pairwise kinematic quantities such as relative distance, relative speed, DCPA, 
and TCPA can be further extracted. These pairwise kinematic relations are not expanded 
as independent pressure formulas in this section; instead, they are used as inputs for the 
ST-TPI ship-pair pressure calculation in Section 2.5. 

2.5. ST-TPI-Based Multi-Level Traffic Pressure Evaluation 

After obtaining the current and future multi-ship traffic snapshots, an ST-TPI-based 
multi-level traffic pressure evaluation model was further constructed to quantitatively 
characterize local ship-pair conflicts, individual-ship pressure, regional traffic pressure, 
overall scene pressure, and their temporal evolution. This hierarchical design follows the 
idea that multi-ship traffic safety should be interpreted not only from local ship-pair rela-
tions, but also from regional and scene-level traffic states [37]. Unlike risk assessment 
methods based only on a single distance or encounter indicator, the ST-TPI framework 
evaluates traffic pressure progressively from the ship-pair level to the individual-ship, 
regional, and overall scene levels. 

Specifically, for each current or future multi-ship snapshot, all vessels were first 
paired to calculate pairwise kinematic variables, including relative position, relative ve-
locity, DCPA, TCPA, closing speed, and heading difference. These variables were then 
used to calculate pairwise spatial pressure and encounter-conflict pressure. Based on these 
pairwise relations, four pressure components were calculated for each vessel, including 
local density pressure, spatial proximity pressure, encounter-conflict pressure, and mo-
tion-disorder pressure. These components were then combined to obtain the individual-
ship ST-TPI pressure. Subsequently, individual-ship pressures were aggregated into re-
gional pressure, and the overall scene-pressure index was finally calculated by integrating 
the ship-pressure distribution, regional pressure, maximum pair pressure, ship-number 
pressure, and high-pressure pair ratio. 

Therefore, the ST-TPI evaluation process can be summarized in Figure 5: 
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Figure 5. ST-TPI-based multi-level traffic pressure evaluation framework. 

This multi-level structure can reflect both local ship-pair conflicts and the overall traf-
fic pressure of the scene, providing the computational basis for the future pressure snap-
shots and pressure-evolution curves presented in Section 3. The detailed parameter set-
tings and justification of the ST-TPI model are provided in Appendix A. 

To improve the readability of the ST-TPI formulation, the key symbols, hierarchical 
outputs, and pressure-level definitions used in the proposed framework are summarized 
in Table 6. In this study, P denotes a normalized pressure value on a 0–100 scale, and the 
pressure-level intervals are mainly used for scene-level interpretation. 

Table 6. Consolidated summary of ST-TPI symbols, hierarchical pressure outputs, and vessel/scene-
level measures. 

Level/Quantity Symbol Meaning and Interpretation 

Pairwise kinematic in-
put 

Dij, DCPAij, TCPAij 
Inter-vessel distance, distance at closest point of approach, 

and time to closest point of approach; used to describe 
proximity and encounter urgency. 

Pairwise pressure com-
ponents 

Qijspa, Cijconf 
Spatial-proximity pressure and encounter-conflict pressure 
between vessels i and j; used to describe local compression 

and pairwise urgency. 

Ship-pair pressure Pijpair 
ST-TPI pressure of vessel pair ij; used to identify high-

pressure vessel pairs. 
Individual-ship compo-

nents Piden, Pispa, Piconf, Pimot 
Density, spatial-proximity, encounter-conflict, and motion-

disorder pressure components of vessel i. 

Individual-ship pressure Piship 
Comprehensive ST-TPI pressure of vessel i; used to iden-

tify dominant pressure vessels. 

Regional pressure Pmeanreg, P95reg, PSTTPIreg 
Mean ship pressure, 95th-percentile ship pressure, and re-

gional ST-TPI pressure. 

Scene pressure and 
dominant objects 

Pscene; arg maxi Piship; arg maxi,j Pijpair 
Overall scene pressure, dominant vessel, and dominant 

vessel pair; used to summarize scene state and trace main 
pressure sources. 

https://doi.org/10.3390/jmse14131233


J. Mar. Sci. Eng. 2026, 14, 1233 23 of 62 
 

https://doi.org/10.3390/jmse14131233 

Pressure levels Pscene in [0, 100] Low: 0≤ P < 20; Low-medium: 20 <= P < 40; Medium-high: 
40 <= P < 60; High: 60 <= P < 80; Very high: 80 <= P <= 100. 

2.5.1. Ship-Pair Kinematic Variables and Pairwise Pressure 

Ship-pair pressure is the basis of the ST-TPI-based multi-level traffic pressure evalu-
ation. For each multi-ship traffic snapshot, all vessels in the snapshot were first paired to 
form candidate vessel pairs. For vessels 𝑖𝑖  and 𝑗𝑗 , their geographic positions were con-
verted into a local planar coordinate system and expressed in nautical miles. Let 𝐩𝐩𝑖𝑖 =
[𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖]𝑇𝑇 and 𝐯𝐯𝑖𝑖 = [𝑣𝑣𝑥𝑥,𝑖𝑖 , 𝑣𝑣𝑦𝑦,𝑖𝑖]𝑇𝑇 denote the local planar position and velocity vector of vessel 
𝑖𝑖, respectively, where the velocity direction is determined by COG. The velocity vector 
was converted from knots to nautical miles per minute for TCPA and DCPA calculation, 
so that TCPA was obtained in minutes. The closing speed was further converted back to 
knots for calculating the closing-speed factor. The relative position, relative velocity, and 
current distance of the vessel pair 𝑖𝑖, 𝑗𝑗 were defined as 

�
𝐫𝐫𝑖𝑖𝑖𝑖 = 𝐩𝐩𝑗𝑗 − 𝐩𝐩𝑖𝑖
𝐯𝐯𝑖𝑖𝑖𝑖 = 𝐯𝐯𝑗𝑗 − 𝐯𝐯𝑖𝑖
𝐷𝐷𝑖𝑖𝑖𝑖 =∥ 𝐫𝐫𝑖𝑖𝑖𝑖 ∥

 (28) 

where 𝐫𝐫𝑖𝑖𝑖𝑖 denotes the relative position vector from vessel 𝑖𝑖 to vessel 𝑗𝑗, 𝐯𝐯𝑖𝑖𝑖𝑖 denotes the 
relative velocity vector, and 𝐷𝐷𝑖𝑖𝑖𝑖 denotes the current distance between the two vessels. 

Based on the relative motion relationship, the distance at the closest point of ap-
proach (DCPA) and the time to the closest point of approach (TCPA) were further calcu-
lated. When the relative velocity was nonzero, TCPA and DCPA were calculated as 

⎩
⎪
⎨

⎪
⎧𝑇𝑇𝑇𝑇𝑇𝑇𝐴𝐴𝑖𝑖𝑖𝑖 = −

𝐫𝐫𝑖𝑖𝑖𝑖 ⋅ 𝐯𝐯𝑖𝑖𝑖𝑖
∥ 𝐯𝐯𝑖𝑖𝑖𝑖 ∥2

𝐷𝐷𝐷𝐷𝐷𝐷𝐴𝐴𝑖𝑖𝑖𝑖 =∥ 𝐫𝐫𝑖𝑖𝑖𝑖 + 𝐯𝐯𝑖𝑖𝑖𝑖max(𝑇𝑇𝑇𝑇𝑇𝑇𝐴𝐴𝑖𝑖𝑖𝑖 , 0) ∥

𝑉𝑉𝑐𝑐,𝑖𝑖𝑖𝑖 = 60 max�0,−
𝐫𝐫𝑖𝑖𝑖𝑖 ⋅ 𝐯𝐯𝑖𝑖𝑖𝑖
𝐷𝐷𝑖𝑖𝑖𝑖

�

 (29) 

where 𝑇𝑇𝑇𝑇𝑇𝑇𝐴𝐴𝑖𝑖𝑖𝑖 denotes the time to the closest encounter state, 𝐷𝐷𝐷𝐷𝐷𝐷𝐴𝐴𝑖𝑖𝑖𝑖 denotes the mini-
mum distance at the closest encounter state, and 𝑉𝑉𝑐𝑐,𝑖𝑖𝑖𝑖 denotes the closing speed in knots. 

The pairwise spatial proximity pressure describes the pressure caused by the current 
spatial proximity between two vessels. If the inter-vessel distance is within the perception 
radius 𝑅𝑅𝑝𝑝, the spatial pressure decays exponentially with distance; otherwise, it is set to 
zero: 

𝑄𝑄𝑖𝑖𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 = �exp �− �

𝐷𝐷𝑖𝑖𝑖𝑖
𝐷𝐷𝑠𝑠
�
2

� , 𝐷𝐷𝑖𝑖𝑖𝑖 ≤ 𝑅𝑅𝑝𝑝

0, 𝐷𝐷𝑖𝑖𝑖𝑖 > 𝑅𝑅𝑝𝑝
 (30) 

where 𝐷𝐷𝑠𝑠 is the spatial safety scale and 𝑅𝑅𝑝𝑝 is the vessel perception radius. 
Furthermore, the pairwise encounter-conflict pressure jointly considers DCPA, 

TCPA, heading difference, and closing speed. It is defined as 

𝐶𝐶𝑖𝑖𝑖𝑖
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = exp �−

𝐷𝐷𝐷𝐷𝐷𝐷𝐴𝐴𝑖𝑖𝑖𝑖
𝐷𝐷0

� exp �−
𝑇𝑇𝑇𝑇𝑇𝑇𝐴𝐴𝑖𝑖𝑖𝑖
𝑇𝑇0

�𝐹𝐹𝜃𝜃,𝑖𝑖𝑖𝑖𝐹𝐹𝑐𝑐,𝑖𝑖𝑖𝑖 (31) 

where 𝐷𝐷0 is the DCPA decay scale, 𝑇𝑇0 is the TCPA decay scale, 𝐹𝐹𝜃𝜃,𝑖𝑖𝑖𝑖 is the heading-an-
gle pressure factor, and 𝐹𝐹𝑐𝑐,𝑖𝑖𝑖𝑖 is the closing-speed factor. The approaching condition is de-
fined as 0 < 𝑇𝑇𝑇𝑇𝑇𝑇𝐴𝐴𝑖𝑖𝑖𝑖 ≤ 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 and 𝐷𝐷𝑖𝑖𝑖𝑖 ≤ 𝑅𝑅𝑝𝑝. If the vessel pair does not satisfy this condi-
tion, 𝐶𝐶𝑖𝑖𝑖𝑖

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 0. The closing-speed factor is defined as 

𝐹𝐹𝑐𝑐,𝑖𝑖𝑖𝑖 = min �1,𝑉𝑉𝑐𝑐,𝑖𝑖𝑖𝑖
𝐶𝐶0

� (32) 

where 𝐶𝐶0 is the reference closing speed. 
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Finally, the pairwise spatial pressure and encounter-conflict pressure were combined 
to obtain the ship-pair pressure: 

𝑃𝑃𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚�𝑤𝑤𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑠𝑠𝑠𝑠𝑠𝑠 �𝑄𝑄𝑖𝑖𝑖𝑖

𝑠𝑠𝑠𝑠𝑠𝑠�
2

+ 𝑤𝑤𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 �𝐶𝐶𝑖𝑖𝑖𝑖
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐�

2
 (33) 

where 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 = 100 is the upper bound of the pressure index, and 𝑤𝑤𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑠𝑠𝑠𝑠𝑠𝑠 and 𝑤𝑤𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 
are the weights of spatial pressure and conflict pressure, respectively. In this study, they 
were set to 0.35 and 0.65. A higher ship-pair pressure indicates that the vessel pair con-
tributes more strongly to the local traffic pressure in the current or future snapshot. 

2.5.2. Individual-Ship ST-TPI Pressure 

After obtaining ship-pair pressures and pairwise kinematic relations, the traffic pres-
sure experienced by each individual vessel was further evaluated. The individual-ship 
ST-TPI pressure consists of four components: local density pressure, spatial proximity 
pressure, encounter-conflict pressure, and motion-disorder pressure. These components 
are consistent with previous traffic-complexity and regional-risk studies, in which vessel 
density, proximity, encounter conflict, speed variation, and course variation are regarded 
as important descriptors of complex maritime traffic situations [38]. These components 
reflect the local traffic density around a vessel, the spatial proximity of neighboring ves-
sels, the potential encounter conflict, and the inconsistency of local motion states, respec-
tively. 

For vessel 𝑖𝑖, its neighboring-vessel set within the perception radius is defined as 

𝒩𝒩𝑖𝑖 = � 𝑗𝑗 ∣∣ 𝐷𝐷𝑖𝑖𝑖𝑖 ≤ 𝑅𝑅𝑝𝑝, 𝑗𝑗 ≠ 𝑖𝑖 � (34) 

where 𝒩𝒩𝑖𝑖 denotes the set of neighboring vessels located within the perception radius 𝑅𝑅𝑝𝑝 
of vessel 𝑖𝑖. To avoid describing local traffic density only by the number of vessels, a dis-
tance-weighted effective number of neighboring vessels was calculated, and the local den-
sity pressure was then defined as 

⎩
⎪
⎨

⎪
⎧𝑁𝑁𝑖𝑖

𝑒𝑒𝑒𝑒𝑒𝑒 = � exp
𝑗𝑗∈𝒩𝒩𝑖𝑖

�−�
𝐷𝐷𝑖𝑖𝑖𝑖
𝑅𝑅𝑝𝑝
�
2

�

𝑃𝑃𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑 = 1 − exp�−
𝑁𝑁𝑖𝑖
𝑒𝑒𝑒𝑒𝑒𝑒

𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟
�

 (35) 

where 𝑁𝑁𝑖𝑖
𝑒𝑒𝑒𝑒𝑒𝑒 is the distance-weighted effective number of neighboring vessels, and 𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟 

is the reference effective vessel number. This component increases with the number of 
nearby vessels and is constrained within the range of [0, 1] by the exponential form. 

Based on the pairwise spatial pressure 𝑄𝑄𝑖𝑖𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 and encounter-conflict pressure 𝐶𝐶𝑖𝑖𝑖𝑖

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 
defined at the ship-pair level, the individual spatial proximity pressure and encounter-
conflict pressure of vessel 𝑖𝑖 were calculated as 

⎩
⎪
⎨

⎪
⎧ 𝑃𝑃𝑖𝑖

𝑠𝑠𝑠𝑠𝑠𝑠 = 1 − ��1 − 𝑄𝑄𝑖𝑖𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠�

𝑗𝑗∈𝒩𝒩𝑖𝑖

𝑃𝑃𝑖𝑖
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 1 − ��1 − 𝐶𝐶𝑖𝑖𝑖𝑖

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐�
𝑗𝑗∈𝒩𝒩𝑖𝑖

 (36) 

The spatial proximity pressure Pi
spa  increases when vessel i is involved in one or 

more high spatial-proximity pairs, while the encounter-conflict pressure Piconf reflects the 
potential encounter conflict caused by DCPA, TCPA, closing speed, and heading relations. 

In addition to spatial proximity and encounter conflict, the local consistency of traffic 
motion was also considered. Course and speed variations have been used to describe ma-
neuvering complexity and motion disorder in traffic-complexity assessment, especially in 
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crossing or nonlinear waterways [15,38]. For vessel 𝑖𝑖 and its neighboring vessels, the dis-
tance weight used for calculating motion disorder was defined as 

𝑤𝑤𝑖𝑖𝑖𝑖 = �

1, 𝑗𝑗 = 𝑖𝑖

exp �−�
𝐷𝐷𝑖𝑖𝑖𝑖
𝑅𝑅𝑝𝑝
�
2

� , 𝑗𝑗 ∈ 𝒩𝒩𝑖𝑖
 (37) 

To avoid ambiguity in trigonometric expressions, the course angle was converted 
into radians as 𝜃𝜃𝑗𝑗 = 𝐶𝐶𝐶𝐶𝐺𝐺𝑗𝑗𝜋𝜋/180 . The course-disorder pressure was then calculated ac-
cording to the resultant length of the weighted course unit vectors within the neighbor-
hood: 

𝑃𝑃𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 1 −
��� 𝑤𝑤𝑖𝑖𝑖𝑖𝑗𝑗∈{𝑖𝑖}∪𝒩𝒩𝑖𝑖

sin𝜃𝜃𝑗𝑗�
2

+ �� 𝑤𝑤𝑖𝑖𝑖𝑖𝑗𝑗∈{𝑖𝑖}∪𝒩𝒩𝑖𝑖
cos𝜃𝜃𝑗𝑗�

2

� 𝑤𝑤𝑖𝑖𝑖𝑖𝑗𝑗∈{𝑖𝑖}∪𝒩𝒩𝑖𝑖

 (38) 

When vessels in the neighborhood have similar courses, the resultant vector length 
approaches the total weight, and 𝑃𝑃𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  is small. When the courses are dispersed or 
crossing, 𝑃𝑃𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  increases. The speed-disorder pressure was calculated using the 
weighted standard deviation of SOG within the neighborhood, and the motion-disorder 
pressure was then obtained by combining course disorder and speed disorder: 

�
𝑃𝑃𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = min �1, 𝜎𝜎𝑣𝑣,𝑖𝑖

𝑤𝑤

𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠
�

𝑃𝑃𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚 = 𝑤𝑤𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑃𝑃𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑃𝑃𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

 (39) 

where 𝜎𝜎𝑣𝑣,𝑖𝑖
𝑤𝑤  denotes the weighted standard deviation of SOG within the neighborhood of 

vessel 𝑖𝑖, and 𝑤𝑤𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 and 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 are the weights of course disorder and speed disorder, 
respectively. In this study, they were set to 0.70 and 0.30. 

Finally, the four components were integrated to obtain the individual-ship ST-TPI 
pressure of vessel 𝑖𝑖: 

𝑃𝑃𝑖𝑖
𝑠𝑠ℎ𝑖𝑖𝑖𝑖 = 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚�𝑤𝑤𝑑𝑑𝑑𝑑𝑑𝑑(𝑃𝑃𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑)2 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠�𝑃𝑃𝑖𝑖

𝑠𝑠𝑠𝑠𝑠𝑠�2 + 𝑤𝑤𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐�𝑃𝑃𝑖𝑖
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐�

2
+ 𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚(𝑃𝑃𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚)2 (40) 

where 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 = 100 is the upper bound of the pressure index, and 𝑤𝑤𝑑𝑑𝑑𝑑𝑑𝑑, 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠, 𝑤𝑤𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐, and 
𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚 are the weights of the local density, spatial proximity, encounter-conflict, and mo-
tion-disorder pressure components, respectively. In this study, these four weights were 
set to 0.25, 0.20, 0.40, and 0.15. A higher individual-ship ST-TPI pressure indicates that the 
vessel is subject to greater comprehensive traffic pressure in the current or future snap-
shot. 

2.5.3. Regional Traffic Pressure 

After obtaining the individual-ship ST-TPI pressure, the traffic pressure was further 
aggregated at the regional level. Regional traffic pressure characterizes the overall pres-
sure state of the water area in a current or future traffic snapshot. It reflects not only the 
average pressure experienced by all vessels but also the influence of high-pressure vessels 
and local extreme pressure on the regional traffic situation. 

Assume that there are 𝑁𝑁 vessels in a snapshot, and the individual-ship pressure of 
vessel 𝑖𝑖 is denoted as 𝑃𝑃𝑖𝑖

𝑠𝑠ℎ𝑖𝑖𝑖𝑖. The basic regional pressure statistics were defined as 
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⎩
⎪
⎪
⎪
⎪
⎨

⎪
⎪
⎪
⎪
⎧𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑟𝑟𝑟𝑟𝑟𝑟 =
1
𝑁𝑁
�𝑃𝑃𝑖𝑖

𝑠𝑠ℎ𝑖𝑖𝑖𝑖
𝑁𝑁

𝑖𝑖=1

𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚
𝑟𝑟𝑟𝑟𝑟𝑟 = max

1≤𝑖𝑖≤𝑁𝑁
𝑃𝑃𝑖𝑖
𝑠𝑠ℎ𝑖𝑖𝑖𝑖

𝑃𝑃95
𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑄𝑄0.95�𝑃𝑃1

𝑠𝑠ℎ𝑖𝑖𝑖𝑖,𝑃𝑃2
𝑠𝑠ℎ𝑖𝑖𝑖𝑖, … ,𝑃𝑃𝑁𝑁

𝑠𝑠ℎ𝑖𝑖𝑖𝑖�

𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠
𝑟𝑟𝑟𝑟𝑟𝑟 = �𝑃𝑃𝑖𝑖

𝑠𝑠ℎ𝑖𝑖𝑖𝑖
𝑁𝑁

𝑖𝑖=1

𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝑟𝑟𝑟𝑟𝑟𝑟 = 0.6𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑟𝑟𝑟𝑟𝑟𝑟 + 0.4𝑃𝑃95
𝑟𝑟𝑟𝑟𝑟𝑟

 (41) 

where 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑟𝑟𝑟𝑟𝑟𝑟  denotes the mean individual-ship pressure in the region, representing the 

overall average pressure level; 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚
𝑟𝑟𝑟𝑟𝑟𝑟   denotes the maximum individual-ship pressure; 

𝑃𝑃95
𝑟𝑟𝑟𝑟𝑟𝑟 denotes the 95th percentile of individual-ship pressure, representing the upper pres-

sure level in the region; 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠
𝑟𝑟𝑟𝑟𝑟𝑟 denotes the total individual-ship pressure; and 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

𝑟𝑟𝑟𝑟𝑟𝑟  de-
notes the regional ST-TPI pressure index. In this study, the regional ST-TPI was calculated 
as a weighted combination of the mean pressure and the 95th percentile pressure, with 
weights of 0.6 and 0.4, respectively. This formulation reflects the overall average pressure 
while retaining the influence of high-pressure vessels that may otherwise be smoothed by 
the mean value. 

In addition to the regional pressure statistics, the number of high-pressure vessels, 
the number of high-pressure vessel pairs, and the maximum pairwise pressure were also 
calculated to identify whether the regional traffic pressure was dominated by local high-
risk objects. Let 𝑃𝑃𝑖𝑖𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 denote the pairwise pressure of vessel pair 𝑖𝑖, 𝑗𝑗, 𝒫𝒫 denote the can-
didate vessel-pair set in the snapshot, and 𝑇𝑇ℎ𝑖𝑖𝑖𝑖ℎ denote the high-pressure threshold. The 
auxiliary regional indicators were defined as 

⎩
⎪⎪
⎨

⎪⎪
⎧𝑁𝑁𝑠𝑠ℎ𝑖𝑖𝑖𝑖

ℎ𝑖𝑖𝑖𝑖ℎ = �𝟏𝟏
𝑁𝑁

𝑖𝑖=1

� 𝑃𝑃𝑖𝑖
𝑠𝑠ℎ𝑖𝑖𝑖𝑖 ≥ 𝑇𝑇ℎ𝑖𝑖𝑖𝑖ℎ �

𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
ℎ𝑖𝑖𝑖𝑖ℎ = � 𝟏𝟏

(𝑖𝑖,𝑗𝑗)∈𝒫𝒫

� 𝑃𝑃𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ≥ 𝑇𝑇ℎ𝑖𝑖𝑖𝑖ℎ �

𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚 = max
(𝑖𝑖,𝑗𝑗)∈𝒫𝒫

𝑃𝑃𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

 (42) 

where 𝟏𝟏(⋅) is an indicator function that equals 1 when the condition is satisfied and 0 
otherwise. 𝑁𝑁𝑠𝑠ℎ𝑖𝑖𝑖𝑖

ℎ𝑖𝑖𝑖𝑖ℎ denotes the number of high-pressure vessels, 𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
ℎ𝑖𝑖𝑖𝑖ℎ denotes the num-

ber of high-pressure vessel pairs, and 𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚 denotes the maximum pairwise pressure in 
the region. In this study, the high-pressure threshold 𝑇𝑇ℎ𝑖𝑖𝑖𝑖ℎ was set to 60. These indicators 
help determine whether the regional pressure is caused by the overall dense traffic situa-
tion or is dominated by a few high-risk vessels and vessel pairs. 

Regional traffic pressure serves as an intermediate level between individual-ship 
pressure and the overall scene pressure. It preserves the distribution characteristics of ship 
pressure within the region and provides regional-scale input for the subsequent calcula-
tion of the overall scene-pressure index. Through this level, local ship-pair conflicts and 
individual-ship pressure states can be further elevated to the regional traffic situation level 
for evaluation. 

2.5.4. Overall Scene-Pressure Index 

After obtaining ship-pair pressure, individual-ship pressure, and regional pressure, 
an overall scene-pressure index was further constructed to represent the comprehensive 
traffic pressure level of a current or future multi-ship traffic snapshot. Unlike regional 
pressure, which mainly reflects the distribution of individual-ship pressure, the overall 
scene pressure simultaneously considers the mean individual-ship pressure, the high-per-
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centile individual-ship pressure, the regional ST-TPI, the maximum pairwise pressure, the 
ship-number pressure, and the high-pressure pair ratio. Therefore, it can reflect both the 
global traffic congestion level and local high-risk encounter relationships. 

Assume that a snapshot contains 𝑁𝑁 vessels and 𝑀𝑀 candidate vessel pairs. The indi-
vidual-ship pressure is denoted as 𝑃𝑃𝑖𝑖

𝑠𝑠ℎ𝑖𝑖𝑖𝑖, and the pairwise pressure is denoted as 𝑃𝑃𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝. 

The mean individual-ship pressure, the 95th percentile individual-ship pressure, and the 
regional ST-TPI have been defined in Section 2.5.3. To further describe the pressure asso-
ciated with the number of vessels and high-pressure vessel pairs, the following auxiliary 
terms were defined: 

⎩
⎪
⎪
⎨

⎪
⎪
⎧𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

ℎ𝑖𝑖𝑖𝑖ℎ =
1
𝑀𝑀

� 𝟏𝟏
(𝑖𝑖,𝑗𝑗)∈𝒫𝒫

� 𝑃𝑃𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ≥ 𝑇𝑇ℎ𝑖𝑖𝑖𝑖ℎ �

𝑃𝑃𝑛𝑛𝑛𝑛𝑛𝑛 = 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚min �𝑁𝑁𝑁𝑁0
, 1�

𝑃𝑃ℎ𝑖𝑖𝑖𝑖ℎ = 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
ℎ𝑖𝑖𝑖𝑖ℎ

𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚 = max
(𝑖𝑖,𝑗𝑗)∈𝒫𝒫

𝑃𝑃𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

 (43) 

where 𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
ℎ𝑖𝑖𝑖𝑖ℎ denotes the ratio of high-pressure vessel pairs, 𝑇𝑇ℎ𝑖𝑖𝑖𝑖ℎ is the high-pressure 

threshold, and 𝟏𝟏(⋅) is an indicator function. 𝑃𝑃𝑛𝑛𝑛𝑛𝑛𝑛 denotes the ship-number pressure, 𝑁𝑁0 
is the reference number of vessels, 𝑃𝑃ℎ𝑖𝑖𝑖𝑖ℎ denotes the pressure term caused by the high-
pressure pair ratio, and 𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚 denotes the maximum pairwise pressure in the snapshot. 
If no valid vessel pair exists in the snapshot, both the high-pressure pair ratio and the 
maximum pairwise pressure are set to zero. 

Based on these terms, the overall scene-pressure index was defined as 

�
𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = min�𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚, max�0,𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑠𝑠ℎ𝑖𝑖𝑖𝑖 + 𝑤𝑤95𝑃𝑃95
𝑠𝑠ℎ𝑖𝑖𝑖𝑖 + 𝑤𝑤𝑟𝑟𝑟𝑟𝑟𝑟𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

𝑟𝑟𝑟𝑟𝑟𝑟 + 𝑤𝑤𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑚𝑚𝑚𝑚𝑚𝑚𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚 + 𝑤𝑤𝑛𝑛𝑛𝑛𝑛𝑛𝑃𝑃𝑛𝑛𝑛𝑛𝑛𝑛 + 𝑤𝑤ℎ𝑖𝑖𝑖𝑖ℎ𝑃𝑃ℎ𝑖𝑖𝑖𝑖ℎ��

𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠01 =
𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚

 (44) 

where 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  denotes the overall scene pressure, and 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠01   denotes the normalized 
scene pressure. 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑠𝑠ℎ𝑖𝑖𝑖𝑖   and 𝑃𝑃95
𝑠𝑠ℎ𝑖𝑖𝑖𝑖  are the mean and 95th percentile of individual-ship 

pressure, respectively; 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝑟𝑟𝑟𝑟𝑟𝑟   is the regional ST-TPI pressure; 𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚  is the maximum 

pairwise pressure; 𝑃𝑃𝑛𝑛𝑛𝑛𝑛𝑛 is the ship-number pressure; and 𝑃𝑃ℎ𝑖𝑖𝑖𝑖ℎ is the pressure associ-
ated with the high-pressure pair ratio. 𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚, 𝑤𝑤95, 𝑤𝑤𝑟𝑟𝑟𝑟𝑟𝑟, 𝑤𝑤𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑚𝑚𝑚𝑚𝑚𝑚, 𝑤𝑤𝑛𝑛𝑛𝑛𝑛𝑛, and 𝑤𝑤ℎ𝑖𝑖𝑖𝑖ℎ are 
the weights of the corresponding components. To ensure that the overall scene pressure 
remains within [0,𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚] , the weighted result was constrained by lower and upper 
bounds. In the implementation, these scene-pressure weights were normalized before ag-
gregation to keep the overall scene pressure within a consistent scale. 

To facilitate the interpretation and visualization of the overall scene pressure, the 
scene pressure was further divided into five pressure levels according to four thresholds, 
namely 20, 40, 60, and 80. The pressure-level classification used in this study is summa-
rized in Table 7. 

Table 7. Classification of overall scene-pressure levels. 

Scene-Pressure Range Pressure Level Interpretation 

𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 < 20 Low The traffic situation is generally safe, with weak interaction 
pressure. 

20 ≤ 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 < 40 Low-medium Mild traffic pressure exists, but no obvious high-risk interac-
tion dominates. 

40 ≤ 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 < 60 Medium-high Noticeable traffic pressure exists, and some vessels or pairs 
require attention. 
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60 ≤ 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 < 80 High Strong traffic pressure exists, usually associated with high-
risk vessels or pairs. 

𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ≥ 80 Very high The traffic situation is highly compressed or conflict-prone. 
Note: Background colors are used to visually distinguish the five scene-pressure levels. 

In addition, the dominant pressure vessel and dominant pressure pair were recorded 
for each snapshot. The dominant vessel was identified as the vessel with the maximum 
individual-ship pressure, while the dominant pair was identified as the vessel pair with 
the maximum pairwise pressure. Through the overall scene-pressure index, local ship-
pair conflict, individual-ship pressure, regional pressure, and overall traffic congestion 
can be integrated into a unified pressure scale, providing the basis for the pressure-evolu-
tion curves and future pressure snapshot analysis in Section 3. 

2.5.5. Temporal Pressure Series for Predictive Assessment 

After completing the ST-TPI-based multi-level pressure evaluation for a single multi-
ship traffic snapshot, the evaluation process was further extended to the current snapshot 
and future multi-step prediction snapshots to construct a temporal pressure series for pre-
dictive assessment. This time series describes the evolution of multi-ship traffic pressure 
over the prediction horizon and provides the basis for the pressure-evolution curves and 
representative pressure snapshot analysis in Section 3. 

Let 𝑡𝑡0 denote the current snapshot time, Δ𝑡𝑡 denote the prediction time interval, and 
𝐻𝐻 denote the number of future prediction steps. Based on the future multi-ship traffic 
snapshot sequence generated in Section 2.4, the current and future snapshots can be ex-
pressed as 

�
𝒮𝒮(0) = 𝒮𝒮𝑡𝑡0
𝒮𝒮(ℎ) = 𝒮𝒮𝑡𝑡0+ℎΔ𝑡𝑡 ,ℎ = 1,2, … ,𝐻𝐻

 (45) 

where 𝒮𝒮(0) denotes the current multi-ship traffic snapshot, and 𝒮𝒮(ℎ) denotes the multi-
ship traffic snapshot at the ℎ-th future prediction step. For each snapshot, ship-pair pres-
sure, individual-ship pressure, regional pressure, and overall scene pressure were calcu-
lated sequentially according to the procedures defined in Sections 2.5.1–2.5.4. This process 
can be uniformly expressed as 

�
𝒫𝒫ℎ
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ,𝒫𝒫ℎ

𝑠𝑠ℎ𝑖𝑖𝑖𝑖,𝑃𝑃ℎ
𝑟𝑟𝑟𝑟𝑟𝑟 = Φ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆�𝒮𝒮(ℎ)�

𝑃𝑃ℎ𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = Ψ�𝒫𝒫ℎ
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝒫𝒫ℎ

𝑠𝑠ℎ𝑖𝑖𝑖𝑖,𝑃𝑃ℎ
𝑟𝑟𝑟𝑟𝑟𝑟�

 (46) 

where Φ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(⋅)  denotes the process of calculating ship-pair, individual-ship, and re-
gional pressure for a snapshot; Ψ(⋅) denotes the overall scene-pressure aggregation func-
tion; and 𝒫𝒫ℎ

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 , 𝒫𝒫ℎ
𝑠𝑠ℎ𝑖𝑖𝑖𝑖 , 𝑃𝑃ℎ

𝑟𝑟𝑟𝑟𝑟𝑟 , and 𝑃𝑃ℎ𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  denote the ship-pair pressure set, individual-
ship pressure set, regional pressure, and overall scene pressure corresponding to the ℎ-
th snapshot, respectively. 

Accordingly, the overall scene-pressure series and regional pressure series over the 
prediction horizon can be expressed as 

�
𝐏𝐏𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = [𝑃𝑃0𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ,𝑃𝑃1𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 , … ,𝑃𝑃𝐻𝐻𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠]
𝐏𝐏𝑟𝑟𝑟𝑟𝑟𝑟 = [𝑃𝑃0

𝑟𝑟𝑟𝑟𝑟𝑟,𝑃𝑃1
𝑟𝑟𝑟𝑟𝑟𝑟, … ,𝑃𝑃𝐻𝐻

𝑟𝑟𝑟𝑟𝑟𝑟]  (47) 

where 𝑃𝑃0𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 and 𝑃𝑃0
𝑟𝑟𝑟𝑟𝑟𝑟 represent the overall scene pressure and regional pressure of the 

current snapshot, respectively, while 𝑃𝑃ℎ𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 and 𝑃𝑃ℎ
𝑟𝑟𝑟𝑟𝑟𝑟 represent the pressure values of 

the ℎ-th future snapshot. This temporal pressure series can be used to analyze the increas-
ing, decreasing, or fluctuating trend of future multi-ship traffic pressure, and to identify 
the peak-pressure moment and the dominant pressure stage. 
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In the implementation, the current snapshot and future snapshots were input into 
the ST-TPI pressure calculation functions to generate the current pressure result and the 
pressure results of all future prediction steps. These outputs were further organized into 
regional pressure and overall scene-pressure time tables. The resulting temporal pressure 
series directly supports the pressure-evolution curves, pressure-level variation analysis, 
and pressure snapshot visualization in Section 3. For each selected prediction time, the 
corresponding ship-level pressure distribution and overall scene pressure were used to 
generate the pressure snapshots and temporal pressure curves. 

2.5.6. Sensitivity Analysis of ST-TPI Parameters and Thresholds 

To examine whether the ST-TPI results were overly dependent on a particular pa-
rameter setting, a sensitivity analysis was conducted for the main weights, scale parame-
ters, and pressure-level thresholds. The tested parameter groups included the individual-
ship component weights, ship-pair pressure weights, motion-disorder weights, scene-
pressure aggregation weights, physical scale parameters, and pressure-level thresholds. 
For most weights and scale parameters, each parameter was perturbed by ±20% while the 
corresponding weight group was normalized in the same way as in the implementation. 
For the pressure-level thresholds, the four thresholds were jointly scaled by ±10% and 
±20%. 

The robustness of ST-TPI was evaluated using four metrics. First, the mean and max-
imum absolute changes in scene pressure were calculated to measure the numerical sen-
sitivity of the overall scene-pressure value. Second, Spearman’s rank correlation coeffi-
cient was used to compare the ship-pair pressure rankings before and after parameter 
perturbation. Third, the overlap ratio of the top-5 high-pressure vessel pairs was calcu-
lated to examine whether the main warning targets remained stable. Finally, the scene-
level change rate was used to evaluate whether the categorical pressure level was affected 
by parameter perturbation. 

2.5.7. Design of Prediction-Error Perturbation Analysis 

To further examine how trajectory prediction uncertainty may affect the subsequent 
ST-TPI pressure assessment, a prediction-error perturbation analysis was designed. The 
original predicted multi-ship traffic snapshots were used as the baseline. Artificial posi-
tion perturbations with different magnitudes were added only to the predicted vessel po-
sitions, while the historical AIS observations, model parameters, ST-TPI weights, physical 
scale parameters, and pressure-level thresholds were kept unchanged. 

For each perturbation magnitude, the perturbed vessel positions were used to recon-
struct the future multi-ship traffic snapshots. Pairwise kinematic relations, including in-
ter-vessel distance, DCPA, TCPA, encounter relations, ship-pair pressure, individual-ship 
pressure, regional pressure, and overall scene pressure, were then recalculated according 
to the same ST-TPI procedure. The perturbed results were compared with the baseline 
results to quantify the propagation of position uncertainty into pressure-evaluation un-
certainty. 

The tested position perturbation magnitudes were 0 m, 25 m, 50 m, 100 m, and 150 
m, where 0 m represents the baseline without position perturbation. For each perturbation 
magnitude, 50 Monte Carlo realizations were generated for each future multi-ship snap-
shot, and the ST-TPI results were recalculated after perturbing only the predicted vessel 
positions. The stability of the ST-TPI outputs was evaluated at the ship-pair, individual-
ship, regional, and scene levels. The selected metrics included pair-ranking Spearman cor-
relation, top-5 high-pressure pair overlap ratio, dominant vessel consistency, mean abso-
lute change in regional pressure, mean absolute change in scene pressure, and pressure-
level change rate. These metrics were used to examine whether prediction-position uncer-
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tainty affected the ranking of high-pressure vessel pairs, the identification of dominant 
pressure-contributing vessels, regional pressure magnitude, scene-pressure magnitude, 
and pressure-level classification. 

3. Results 
This section presents the experimental validation of the proposed LSTM–ST-TPI pre-

dictive traffic pressure assessment framework. First, the prediction performance of the 
LSTM-based short-term motion model is evaluated to verify the reliability of future ship-
position estimation and subsequent multi-ship snapshot generation. Then, the proposed 
predictive ST-TPI assessment method is applied to five typical multi-ship traffic scenarios, 
including low-density traffic, dense but ordered traffic, crossing encounter, complex 
multi-ship interaction, and pressure-rising traffic scenarios. For each scenario, future traf-
fic states are generated over a 30 min prediction horizon, and the evolution of scene pres-
sure, mean ship pressure, maximum ship pressure, and representative pressure snapshots 
is analyzed. Finally, a real-world case study in the Laotieshan Channel is conducted to 
further examine the applicability of the proposed framework in a complex practical wa-
terway. In addition, parameter sensitivity, prediction-error perturbation, and consistency 
analyses are conducted to examine the robustness and practical validity of the proposed 
ST-TPI results. 

To make the validation logic of the proposed framework clearer, the experimental 
validation was organized into five aspects. First, the competitiveness and stability of the 
LSTM-based prediction module were examined using one-step prediction errors, multi-
horizon rolling prediction errors, and comparison with representative baseline methods. 
Second, a preprocessing ablation study was conducted to quantify the effect of AIS clean-
ing, temporal resampling, and continuous trajectory reconstruction on prediction perfor-
mance. Third, the predictive ST-TPI framework was evaluated in five typical multi-ship 
scenarios and one real-waterway case to examine whether different pressure-evolution 
patterns could be identified. Fourth, the robustness of the ST-TPI model was tested 
through parameter sensitivity analysis and prediction-error perturbation analysis. Finally, 
the practical validity and statistical reliability of the ST-TPI results were further examined 
through consistency analysis with conventional DCPA/TCPA/CRI-based encounter-risk 
indicators. These validation steps jointly assess prediction accuracy, preprocessing neces-
sity, parameter robustness, uncertainty propagation, and agreement with established 
maritime encounter-risk interpretation. 

All experiments were implemented in MATLAB R2024a on a Lenovo laptop 
equipped with an Intel Core i9-12900H CPU, 16 GB RAM, and an NVIDIA GeForce RTX 
3060 Laptop GPU with 6 GB dedicated video memory. The LSTM model was trained us-
ing the MATLAB Deep Learning Toolbox, with GPU acceleration enabled during neural 
network training. The same computational workflow was used for AIS data prepro-
cessing, LSTM-based recursive prediction, future multi-ship traffic snapshot generation, 
and ST-TPI-based pressure calculation, ensuring consistency between the method imple-
mentation and the result analysis. 

From the computational perspective, the LSTM model training is performed offline 
and is not required during real-time operation. During online or near-real-time use, the 
main computational tasks include AIS preprocessing, LSTM inference for each vessel, fu-
ture multi-ship snapshot generation, pairwise encounter-relation extraction, and ST-TPI 
pressure calculation. For a traffic snapshot containing 𝑛𝑛vessels and a prediction horizon 
of 𝐻𝐻  time steps, the recursive LSTM prediction cost increases approximately linearly 
with 𝑛𝑛𝑛𝑛, whereas the pairwise encounter-relation extraction and ship-pair pressure cal-
culation increase approximately with 𝐻𝐻𝐻𝐻(𝑛𝑛 − 1)/2 . Therefore, the main computational 
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burden comes from pairwise relation calculation when the number of vessels becomes 
large. 

In the present experiments, the typical scenarios contained 3–8 vessels and the Lao-
tieshan Channel case contained 6 vessels. Under these scene sizes, the computational load 
is relatively small and suitable for offline analysis and near-real-time rolling assessment. 
For high-density VTS areas involving a much larger number of vessels, computational 
efficiency can be further improved by restricting pairwise calculations to vessels within 
the perception radius, dividing the monitored water area into subregions, and updating 
the pressure assessment only when new AIS observations are received. Therefore, the pro-
posed framework has the potential to support near-real-time VTS applications, although 
operational deployment still requires further testing with live AIS streams and larger-
scale traffic scenes. 

3.1. Prediction Performance of the LSTM-Based Motion Model 

To verify the reliability of subsequent future multi-ship traffic snapshot generation, 
the performance of the LSTM-based short-term vessel motion prediction model was first 
evaluated. The training, validation, and testing of the model were conducted using the 
AIS sliding-window samples described in Section 2.3.3. The LSTM model takes historical 
motion-state sequences as input and predicts the local-plane displacement increments at 
the next time step, which are then reconstructed into predicted geographic positions. The 
one-step prediction errors were evaluated using MAE, MPE, and RMSE, while the multi-
horizon rolling prediction errors were further evaluated using MAE, ADE, FDE, and 
RMSE, as defined in Section 2.3.4. All position errors were calculated in the local planar 
coordinate system, with the unit of meters. The purpose of this evaluation is not only to 
examine the one-step position prediction accuracy, but also to confirm whether the pre-
dicted results can provide reliable motion-state inputs for subsequent future multi-ship 
traffic snapshot generation and ST-TPI-based pressure assessment. 

As shown in Table 8, the prediction errors on the validation and testing subsets were 
relatively close. On the testing subset, the MAE, MPE, and RMSE were 14.812 m, 23.379 
m, and 39.039 m, respectively. No obvious discrepancy was observed between the valida-
tion and testing results, indicating that the model maintained relatively stable prediction 
performance on unseen trajectory samples and did not show evident overfitting. 

Table 8. One-step prediction accuracy of the LSTM-based short-term motion model. 

Dataset MAE (m) MPE (m) RMSE (m) 
Validation 12.655 19.934 34.087 

Testing 14.812 23.379 39.039 

To explicitly quantify the influence of AIS preprocessing on trajectory prediction per-
formance, a preprocessing ablation study was conducted. The complete preprocessing 
pipeline was compared with a raw-AIS direct-training setting. The complete pipeline in-
cludes abnormal-record removal, speed-jump filtering, 1 min temporal resampling, sine–
cosine transformation of angular variables, and continuous trajectory reconstruction us-
ing the 5 min gap threshold. In contrast, the raw-AIS setting retains only basic field valid-
ity checking and duplicate removal. Therefore, this comparison directly evaluates 
whether the full preprocessing procedure is necessary for reliable short-term trajectory 
prediction. 

As shown in Figure 6, direct training using raw AIS records led to substantially larger 
prediction errors, whereas the proposed preprocessing pipeline greatly improved predic-
tion accuracy. Compared with the raw-AIS direct-training setting, the complete prepro-
cessing pipeline reduced the test MAE from 344.64 m to 14.02 m, ADE from 568.01 m to 
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22.08 m, FDE from 302.18 m to 13.00 m, and RMSE from 3394.66 m to 36.05 m. These results 
indicate that AIS cleaning, temporal regularization, and continuous trajectory reconstruc-
tion are necessary for obtaining stable and reliable LSTM-based short-term vessel motion 
prediction results. 

 

Figure 6. Preprocessing ablation study: comparison between raw-AIS direct training and the com-
plete AIS preprocessing pipeline. 

To further evaluate the competitiveness of the LSTM-based prediction module, a 
baseline comparison was conducted using several representative short-term motion pre-
diction methods. The compared methods included two constant-velocity baselines, a Kal-
man filtering model, and a GRU network. The constant-velocity baselines were included 
because many cargo-vessel trajectories in the dataset exhibit nearly steady short-term mo-
tion, making them strong references for one-step position prediction. The Kalman filtering 
model represents a classical state-estimation approach, while the GRU network was se-
lected as another recurrent neural-network predictor for comparison with the LSTM 
model. CV-LastDisp used the most recent observed displacement between two consecu-
tive AIS points as the predicted next-step displacement. CV-SOG/COG predicted the next 
position according to the current speed over ground and course over ground after con-
verting speed from knots to meters per minute. The GRU model used the same input fea-
tures, training-validation-testing partition, and error metrics as the LSTM model, with the 
recurrent unit replaced by a GRU unit. 

The baseline comparison results are shown in Figure 7. The constant-velocity base-
lines achieved the lowest FDE values in this observation-updated rolling evaluation, 
which is reasonable for smooth cargo-vessel cruising trajectories. The GRU and LSTM 
models showed slightly larger but stable errors, while the Kalman filtering model pro-
duced larger errors under the present configuration. The relatively strong performance of 
the constant-velocity baselines is reasonable because short-term cargo-vessel motion in 
the training data is often close to uniform motion. This also indicates that simple kinematic 
assumptions can be effective for stable cargo-vessel trajectories over a short prediction 
interval. 
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Figure 7. FDE comparison of different short-term prediction methods under observation-updated 
rolling evaluation. 

To make the competitiveness of the prediction module clearer, the comparison in 
Figure 7 was designed as a baseline and representative prediction-method comparison. 
The two constant-velocity methods represent simple kinematic baselines, Kalman filtering 
represents a classical state-estimation baseline, and GRU represents a recurrent neural-
network predictor comparable to LSTM. Therefore, the comparison covers both standard 
motion baselines and a representative learning-based trajectory prediction method. Alt-
hough the constant-velocity baselines achieved lower FDE values in the observation-up-
dated rolling evaluation, this result is reasonable for smooth cargo-vessel cruising trajec-
tories that are close to uniform motion over short time intervals. In this study, the LSTM 
model is retained not because it outperforms all possible predictors, but because it pro-
vides a stable, reproducible, data-driven, and replaceable prediction module for future 
multi-ship snapshot generation and ST-TPI pressure assessment. More advanced predic-
tors can be incorporated into the same framework in future applications without changing 
the subsequent future-snapshot generation and ST-TPI pressure-assessment procedure. 

To further investigate the forecasting stability of the LSTM-based motion prediction 
model over various future horizons, the multi-horizon rolling prediction error evaluation 
was undertaken. Prediction horizons for this experiment were set at 5, 10, 15, 20, 25 and 
30 min, respectively. Errors were evaluated using 3000 trajectory samples for each predic-
tion horizon. In the multi-horizon rolling prediction evaluation, the errors are computed 
in the local planar coordinate system using MAE, ADE, FDE and RMSE, as shown in Table 
9. The variation trends of these four metrics with the prediction horizon are further de-
picted in Figure 8. 

It should be noted that this multi-horizon error evaluation was conducted under an 
observation-updated rolling protocol. For each prediction horizon, the input window was 
reconstructed using the latest available AIS observations, rather than using a purely open-
loop prediction starting only from the initial snapshot. 

Table 9. LSTM prediction errors under different observation-updated rolling evaluation horizons. 

Prediction Horizon (min) MAE (m) ADE (m) FDE (m) RMSE (m) 
5 14.017 21.589 22.060 40.721 

10 14.225 21.520 22.327 40.590 
15 14.445 21.675 22.702 39.964 
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20 14.755 21.913 23.286 39.684 
25 14.812 22.207 23.435 37.731 
30 15.308 22.548 24.130 38.681 

 

Figure 8. Variation in LSTM prediction errors under different observation-updated rolling evalua-
tion horizons. 

As shown in Table 9, the LSTM model maintained relatively stable prediction perfor-
mance under the observation-updated rolling evaluation. The MAE increased slightly 
from 14.017 m at the 5 min horizon to 15.308 m at the 30 min horizon. Similarly, ADE 
increased from 21.589 m to 22.548 m, while FDE increased from 22.060 m to 24.130 m. This 
moderate variation is mainly because the historical input window was updated using the 
latest available AIS observations at each rolling evaluation horizon. Therefore, the results 
in Table 9 should be interpreted as rolling prediction stability under continuous AIS ob-
servation updates, rather than as purely open-loop 30 min recursive prediction accuracy. 

The RMSE remained within a relatively stable range across different prediction hori-
zons, varying between 37.731 m and 40.721 m. This suggests that large local deviations 
did not increase substantially under the observation-updated rolling evaluation. The rel-
atively stable RMSE is also consistent with the evaluation protocol described above, in 
which the historical input window was refreshed using the latest available AIS observa-
tions for each rolling assessment horizon. 

Overall, the multi-horizon prediction-error evaluation demonstrates that the LSTM 
model can preserve stable short-term forecasting capability under the observation-up-
dated rolling evaluation within the target 30 min assessment period. This provides an im-
portant basis for the subsequent generation of future multi-ship traffic snapshots. Since 
the ST-TPI assessment relies on the reconstructed future positions, relative distances, 
DCPA, TCPA, and encounter relationships among vessels, the stability of the prediction 
results supports the use of predicted vessel states as input data for predictive traffic pres-
sure evaluation. 
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It should be noted that the rolling prediction evaluation in this section is mainly used 
to examine the forecasting stability of the LSTM model under different prediction hori-
zons. In the subsequent multi-ship scenario analysis, the predicted states of all vessels at 
the same future time step are combined to form synchronized future traffic snapshots, and 
the pairwise encounter relationships are recalculated for ST-TPI-based pressure assess-
ment. Therefore, the trajectory prediction results in this section serve as the motion-state 
foundation for the following pressure-evolution analysis. 

To further examine the distribution characteristics of the prediction errors, a histo-
gram of position prediction errors on the testing subset was plotted, as shown in Figure 9. 
Most prediction errors were concentrated within a relatively low range, although a small 
number of large-error samples still existed. This error distribution indicates that the LSTM 
model can effectively capture the short-term motion tendency of vessels, while relatively 
large deviations may still occur in some complex motion-changing or locally discontinu-
ous trajectory samples. 

 

Figure 9. Distribution of position prediction errors on the testing subset. 

In addition to the quantitative error evaluation, a representative multi-ship traffic 
segment was selected to visually examine whether the LSTM prediction results can pre-
serve the basic spatial structure of a future traffic situation. A representative prediction 
result at the 15 min horizon is shown in Figure 10. The predicted trajectories generally 
extend along the historical motion directions of the vessels, without obvious abrupt jumps 
or unrealistic discontinuities. This indicates that the model can capture the short-term mo-
tion inertia of vessels and provide reasonable predicted states for future multi-ship traffic 
snapshot generation. 
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Figure 10. Visualization of representative multi-ship trajectory prediction at the 15 min horizon. 

The purpose of this visualization is not to demonstrate exact point-by-point repro-
duction of future vessel positions, but to verify whether the relative spatial distribution 
and encounter structure among multiple vessels can be reasonably retained. This is im-
portant for the subsequent ST-TPI assessment, because traffic pressure calculation de-
pends on inter-vessel distance, relative motion, DCPA, TCPA, and local spatial compres-
sion rather than isolated single-vessel position errors alone. Although prediction uncer-
tainty may still increase when vessels perform turning, speed-changing, or local maneu-
vering behaviors, the result in Figure 10 suggests that the predicted trajectories preserve 
the main motion directions and geometric relationships of the multi-ship scene. 

Based on these predicted states, future multi-ship traffic snapshots are generated at 
5 min intervals within the 30 min prediction horizon. For each snapshot, pairwise encoun-
ter relationships are recalculated and then input into the ST-TPI model to obtain ship-
level, ship-pair, regional, and overall scene pressure indicators. Therefore, the trajectory 
prediction results in this section provide the spatiotemporal basis for the subsequent pres-
sure-evolution analysis. 

Overall, the results in Section 3.1 indicate that the proposed LSTM model can provide 
stable short-term prediction results under the target rolling evaluation setting. The quan-
titative error metrics, rolling prediction analysis, error distribution, and representative 
multi-ship trajectory visualization jointly support the use of predicted vessel states for 
future multi-ship traffic snapshot generation. These snapshots provide the basis for pres-
sure-level identification, peak-pressure detection, and dominant vessel and vessel-pair 
analysis in the following typical traffic scenarios. 

3.2. Predictive ST-TPI Assessment in Typical Multi-Ship Scenarios 

To evaluate the applicability of the proposed LSTM–ST-TPI framework under differ-
ent traffic structures, five typical multi-ship scenarios were selected from the AIS dataset. 
These cases include low-density traffic, dense but ordered flow, crossing encounter, com-
plex multi-ship interaction, and pressure-rising traffic. They differ in vessel number, spa-
tial distribution, motion consistency, local proximity, and encounter structure, and thus 
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provide a comparative basis for examining the response of the proposed pressure assess-
ment method. 

For each scenario, the trained LSTM model was used to predict the future motion 
states of all vessels within a 30 min prediction horizon. Future multi-ship traffic snapshots 
were generated at 5 min intervals, and the ST-TPI model was then applied to each snap-
shot. The scene pressure, mean ship pressure, maximum ship pressure, and ship-level 
pressure distribution were analyzed to describe the temporal evolution and spatial con-
centration of traffic pressure. 

The basic information of the five selected scenarios is summarized in Table 10. These 
cases are not intended to cover all possible traffic conditions, but to represent several com-
mon multi-ship structures that are relevant to maritime supervision. 

Table 10. Basic information on the five typical multi-ship scenarios. 

Case Traffic Type Period Number of Ships Main Traffic Characteristic 
A Low-density traffic 18:13–18:43 3 Sparse distribution 
B Dense but ordered traffic 21:52–22:22 4 Compact but orderly flow 
C Crossing encounter 10:32–11:02 6 Local crossing interaction 
D Complex multi-ship interaction 06:12–06:42 8 Multiple overlapping interactions 
E Pressure-rising traffic 01:14–01:44 4 Late-stage pressure escalation 

3.2.1. Case A: Low-Density Traffic Scenario 

Case A was selected as the low-pressure reference case. During 18:13–18:43, only 
three vessels were involved in the scene, and their spatial separation remained relatively 
large within the prediction horizon. No clear close-range encounter or local convergence 
was observed. This case therefore provides a low-pressure reference for interpreting the 
pressure increases observed in the following scenarios. 

As shown in Figure 11a–f, the ship-level ST-TPI values stayed at a low level in all 
future snapshots. The scene pressure was 13.7 at 5 min, decreased to 10.4 at 10 min, and 
then increased slightly to 16.4 at 30 min. These changes were small and did not alter the 
pressure level of the scene. Throughout the 30 min prediction horizon, the overall scene 
pressure remained below the Low-medium threshold, and no dominant pressure vessel 
or local pressure concentration appeared. 

  
(a) (b) 
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Figure 11. Predictive ST-TPI assessment results in the low-density traffic scenario. (a) A 5 min pres-
sure snapshot; (b) 10 min pressure snapshot; (c) 15 min pressure snapshot; (d) 20 min pressure snap-
shot; (e) 25 min pressure snapshot; (f) 30 min pressure snapshot; (g) pressure-evolution curve. 

The pressure curve in Figure 11g is consistent with the snapshot results. Scene pres-
sure, mean ship pressure, and maximum ship pressure all remained within the Low level, 
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with no sharp peak or sustained upward trend. In other words, the low pressure was not 
caused only by the small number of vessels, but more importantly by the absence of close-
range interaction. This reference case provides a clear contrast for the subsequent dense, 
crossing, complex, and pressure-rising scenarios. 

3.2.2. Case B: Dense but Ordered Traffic Scenario 

Case B was selected to represent a compact but relatively orderly traffic flow. During 
21:52–22:22, four vessels were present in the scene. Compared with Case A, the vessels 
were closer to each other, but their motion directions were still relatively consistent. This 
case is therefore useful for examining a common supervisory situation: traffic may become 
locally compressed without immediately developing into a strongly disordered encoun-
ter. 

As shown in Figure 12a–f, the scene pressure increased during the first half of the 
prediction horizon. It reached 33.5 at 5 min, 41.9 at 10 min, and further increased to 51.0 
at 15 min, entering the Medium-high level. During this stage, vessels S2, S3, and S4 
showed higher ship-level pressures, indicating that the pressure was mainly associated 
with a compact local formation rather than a single isolated vessel. The maximum ship 
pressure was also higher than the mean ship pressure, which suggests that the pressure 
was concentrated on part of the traffic flow. 
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(c) (d) 
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Figure 12. Predictive ST-TPI assessment results in the dense but ordered traffic scenario. (a) 5 min 
pressure snapshot; (b) 10 min pressure snapshot; (c) 15 min pressure snapshot; (d) 20 min pressure 
snapshot; (e) 25 min pressure snapshot; (f) 30 min pressure snapshot; (g) pressure-evolution curve. 

After 15 min, the pressure was released quickly. The scene pressure decreased to 23.0 
at 20 min and then returned to the Low level, with values of 12.3 and 12.4 at 25 and 30 
min, respectively. The pressure curve in Figure 12g shows the same process of compres-
sion and release. The useful point in this case is the contrast between density and order: 
the compact vessel formation was sufficient to raise the pressure temporarily, but the rel-
atively consistent motion pattern allowed the pressure to dissipate once the vessels passed 
through the compressed segment. This distinguishes Case B from both the sparse baseline 
in Case A and the later pressure escalation in Case E. 

3.2.3. Case C: Crossing Encounter Scenario 

Case C was selected to examine a crossing encounter situation involving six vessels. 
The prediction period lasted from 10:32 to 11:02. Unlike Case B, where pressure was 
mainly caused by short-term spatial compression, the main feature of this case is the grad-
ual development of crossing geometry among several vessels. Therefore, this case helps 
determine whether the ST-TPI model can capture a delayed pressure increase before the 
scene becomes strongly compressed. 

https://doi.org/10.3390/jmse14131233


J. Mar. Sci. Eng. 2026, 14, 1233 41 of 62 
 

https://doi.org/10.3390/jmse14131233 

As shown in Figure 13a–f, the scene pressure remained relatively stable during the 
early and middle stages. The pressure values were 22.0, 22.1, 23.2, and 21.4 at 5, 10, 15, 
and 20 min, respectively, all within the Low-medium level. At this stage, although cross-
ing tendencies were already present, the vessels had not yet formed a strong close-range 
interaction. The ship-level pressure distribution was also mild, and no dominant high-
pressure vessel appeared. 
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(c) (d) 

  
(e) (f) 
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Figure 13. Predictive ST-TPI assessment results in the crossing encounter scenario. (a) A 5 min pres-
sure snapshot; (b) 10 min pressure snapshot; (c) 15 min pressure snapshot; (d) 20 min pressure snap-
shot; (e) 25 min pressure snapshot; (f) 30 min pressure snapshot; (g) pressure-evolution curve. 

In the later stage, the crossing structure became more influential. The scene pressure 
increased to 24.2 at 25 min and further rose to 32.4 at 30 min. This increase was not abrupt, 
but it showed that the local interaction was gradually becoming more organized around 
the crossing area. The pressure curve in Figure 13g shows the same delayed-growth pat-
tern: the pressure remained almost unchanged in the first two-thirds of the prediction 
horizon and then increased near the end. 

The value of Case C lies in this delay. A crossing situation does not necessarily pro-
duce high traffic pressure immediately; its pressure may become evident only after the 
relative geometry develops for a period of time. For supervision, this means that a mod-
erate but steadily developing crossing structure should not be ignored simply because its 
early pressure value is not high. This case therefore differs from the temporary compres-
sion in Case B and provides an intermediate pattern between low-pressure interaction and 
stronger pressure formation. 

3.2.4. Case D: Complex Multi-Ship Interaction Scenario 

Case D was selected to examine a more complicated multi-ship traffic structure. Dur-
ing 06:12–06:42, eight vessels were involved in the scene, and several neighboring rela-
tions existed at the same time. Compared with Cases B and C, the traffic structure in this 
case was less regular: local proximity, overlapping vessel relations, and different motion 
directions appeared together. This case was therefore used to test whether the ST-TPI 
model can describe pressure variation when several local interactions coexist. 

As shown in Figure 14a–f, the scene pressure was already at a relatively elevated 
level in the early stage. The pressure values were 56.1, 52.2, and 54.0 at 5, 10, and 15 min, 
respectively, all within the Medium-high level. The pressure was not produced by a single 
isolated vessel. Instead, it appeared along several adjacent vessels within the compact lo-
cal structure. This suggests that the early pressure was mainly associated with the com-
bined effect of vessel density, spatial proximity, and multiple overlapping encounter re-
lations. 
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Figure 14. Predictive ST-TPI assessment results in the complex multi-ship interaction scenario. (a) 
A 5 min pressure snapshot; (b) 10 min pressure snapshot; (c) 15 min pressure snapshot; (d) 20 min 
pressure snapshot; (e) 25 min pressure snapshot; (f) 30 min pressure snapshot; (g) pressure-evolu-
tion curve. 

After 15 min, the traffic structure began to loosen, and the pressure decreased rap-
idly. The scene pressure dropped to 26.1 at 20 min and further decreased to 17.9 and 14.7 
at 25 and 30 min, respectively. The pressure curve in Figure 14g shows the same transition 
from an elevated-pressure state to a low-pressure state. Although the maximum ship pres-
sure remained higher than the mean ship pressure during the early stage, both values 
declined as the vessels separated. 

Therefore, Case D is not a case of sustained pressure accumulation. Its value lies in 
showing that a complex and compact initial structure does not necessarily lead to persis-
tent pressure. When the local vessel relations are gradually released, both the overall scene 
pressure and the local pressure concentration decrease. This case helps distinguish tem-
porary traffic complexity from sustained pressure accumulation, and it provides a useful 
contrast with the pressure-rising process in Case E. 

3.2.5. Case E: Pressure-Rising Traffic Scenario 

Case E was selected to represent a pressure-rising traffic scenario. The prediction pe-
riod lasted from 01:14 to 01:44, and four vessels were involved in the scene. Unlike Case 
D, this case did not begin with an already compact and complex structure. At the begin-
ning of the prediction horizon, the vessels were still relatively separated, and the interac-
tion pressure was weak. Its value therefore lies in showing how a low-pressure traffic state 
can develop into a High-level pressure state within a short prediction horizon. 

As shown in Figure 15a–c, the scene pressure remained low during the first 15 min. 
The pressure values were 9.6, 9.8, and 9.5 at 5, 10, and 15 min, respectively. The ship-level 
pressures were also low, indicating that no obvious local pressure source had yet formed. 
In this stage, the model response is consistent with the traffic structure: several vessels 
were present in the scene, but their relative positions did not yet create a compressed en-
counter situation. 
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Figure 15. Predictive ST-TPI assessment results in the pressure-rising traffic scenario. (a) A 5 min 
pressure snapshot; (b) 10 min pressure snapshot; (c) 15 min pressure snapshot; (d) 20 min pressure 
snapshot; (e) 25 min pressure snapshot; (f) 30 min pressure snapshot; (g) pressure-evolution curve. 

After 20 min, the pressure began to increase. The scene pressure rose to 25.5, and 
vessels S2 and S4 showed higher ship-level pressures of 27.9 and 27.5, respectively. This 
indicates that the pressure increases initially emerged around a local encounter rather 
than across the whole scene. At 25 min, the scene pressure reached 60.3 and entered the 
High-level pressure state. The ship-level pressures of S2 and S4 reached 70.8 and 70.5, 
respectively, making them the main pressure-contributing vessels. At 30 min, the scene 
pressure further increased to 67.7, and the ship-level pressures of all four vessels exceeded 
60. This indicates that the initially local pressure increase developed into a wider high-
pressure state. 

The pressure curve in Figure 15g makes this process clearer. Scene pressure, mean 
ship pressure, and maximum ship pressure remained stable in the early stage and then 
increased rapidly after approximately 20 min. From a supervisory perspective, the inter-
val before 25 min is the most important part of this case. Before the scene pressure crossed 
the High-level threshold, the upward trend had already become evident. Case E therefore 
complements the previous scenarios by showing a complete pressure-rising process from 
a low initial state to a High-level pressure state. It also shows that the proposed framework 
can provide an advanced attention window before local interaction develops into scene-
level pressure escalation. 

To further compare the pressure responses of the five scenarios, the main predictive 
ST-TPI results are summarized in Table 11. 

Table 11. Summary of pressure evolution in typical scenarios. 

Case Pressure Pattern Peak Pressure Key Finding 
A Low → Low 16.4 at 30 min Low-pressure baseline 
B Low-medium → Medium-high → Low 51.0 at 15 min Compression and release 
C Low-medium → Low-medium 32.4 at 30 min Delayed crossing pressure 
D Medium-high → Low 56.1 at 5 min Complex interaction release 
E Low → Low-medium → High 67.7 at 30 min High-level pressure formation 

The comparison in Table 11 shows that the five cases do not simply differ in pressure 
magnitude; they represent different ways in which traffic pressure may appear. Case A 
remains low and serves as a sparse-traffic reference. Case B reaches a temporary Medium-
high level and then releases, while Case C shows a delayed increase associated with cross-
ing geometry. Case D starts from a relatively complex structure but later dissipates. Case 
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E is the only case that develops into the High level, with the scene pressure increasing 
from a low state to 67.7 at 30 min. Taken together, these cases suggest that the proposed 
framework can describe not only whether a future scene is pressured, but also how the 
pressure is formed, transferred, or released. 

3.3. Case Study in the Western Precautionary Area of the Laotieshan Channel 

To further examine how the proposed method behaves under practical AIS condi-
tions, a real-waterway case was selected from the western precautionary area of the Lao-
tieshan Channel. This area is a typical supervisory waterway where vessel routes may 
converge, diverge, or pass through the same local traffic area within a short time. Different 
from the representative scenarios discussed in Section 3.2, this case was not selected to 
reproduce a specific pressure pattern. It is used here as a practical case to check whether 
the predicted multi-ship states can be further converted into interpretable pressure infor-
mation in an actual navigation environment. 

The case involved six vessels observed near the western precautionary area. For each 
vessel, the historical AIS trajectory before the initial snapshot was first resampled at a 1 
min interval and then used to construct the input window for the LSTM model. The vessel 
states were then recursively predicted over a 30 min horizon. Future multi-ship snapshots 
were extracted at 5 min intervals and evaluated using the ST-TPI model. The basic infor-
mation of this real-waterway case is given in Table 12. 

Table 12. Basic information of the Laotieshan Channel real-waterway case. 

Item Description 
Study area Western precautionary area of the Laotieshan Channel 
Data source Historical AIS records from a ship-tracking platform 
Case period 29 May 2026 12:36–13:06 

Prediction horizon 30 min 
Snapshot interval 5 min 
Number of vessels 6 

Main traffic characteristic Low and Low-medium pressure fluctuations with local pressure transfer 
Purpose of the case Real-waterway applicability validation 

To aid the comprehension of the ship-level pressure distribution shown in Figure 16, 
the six AIS tracks used in this study were labeled S1–S6. The same labels are used for all 
pressure snapshots. Table 13 summarizes the associated vessel data. 

Table 13. Vessel information used in the Laotieshan Channel real-waterway case. 

Ship Label Vessel Name MMSI Vessel Type 
S1 BRAVEHEART I 636018158 Bulk carrier 
S2 HAMIT K 352001306 Bulk carrier 
S3 HONG TAI 829 414968000 Unspecified dry cargo ship 
S4 QICHENG 6 413388410 Yacht 
S5 RUNTONG 6 414301000 Bulk carrier 
S6 XIANG MING YANG 412378000 Bulk carrier 

 

https://doi.org/10.3390/jmse14131233


J. Mar. Sci. Eng. 2026, 14, 1233 48 of 62 
 

https://doi.org/10.3390/jmse14131233 

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 

https://doi.org/10.3390/jmse14131233


J. Mar. Sci. Eng. 2026, 14, 1233 49 of 62 
 

https://doi.org/10.3390/jmse14131233 

 
(g) 

Figure 16. Predictive ST-TPI assessment results in the Laotieshan Channel real-waterway case. (a) 
A 5 min pressure snapshot; (b) 10 min pressure snapshot; (c) 15 min pressure snapshot; (d) 20 min 
pressure snapshot; (e) 25 min pressure snapshot; (f) 30 min pressure snapshot; (g) pressure-evolu-
tion curve. 

Figure 16 shows the predicted pressure snapshots and the corresponding pressure-
evolution curve. The scene pressure was 23.5 at 5 min and increased to 30.6 at 10 min, 
which was the highest value during the prediction horizon. After that, the pressure did 
not continue to accumulate. It decreased slightly to 28.7 at 15 min and 27.9 at 20 min, and 
then dropped to 22.2 at 25 min and 19.7 at 30 min. According to the pressure-level thresh-
olds defined in Table 7, the scene mainly remained in the Low-medium level and returned 
to the Low level at the end of the prediction horizon. 

This result is consistent with the visual traffic structure in the snapshots. The selected 
Laotieshan case did not develop into a high-pressure scene; instead, it showed a moderate 
pressure fluctuation followed by pressure release. Around the 10 min snapshot, several 
vessels in the local traffic area contributed more evidently to the pressure level, while the 
remaining vessels mainly formed the surrounding traffic background. As the relative po-
sitions of the vessels changed, the local pressure source also shifted, which can be ob-
served from the variation in ship-level ST-TPI values across the snapshots. 

The significance of this case is therefore different from that of the pressure-rising sce-
nario in Section 3.2.5. The value of the Laotieshan case is not that it reaches an extreme 
pressure level, but that it shows how the framework can be used in a real supervisory 
waterway. Even under a Low and Low-medium pressure condition, the method still pro-
vides useful information, including the pressure peak, pressure release process, and local 
pressure-contributing vessels. This indicates that the LSTM–ST-TPI framework can sup-
port practical traffic monitoring not only by warning against high-pressure situations, but 
also by describing moderate pressure variation and its temporal migration in real AIS-
based traffic scenes. 

3.4. Sensitivity Analysis of ST-TPI Weights, Scale Parameters, and Pressure-Level Thresholds 

To directly evaluate the robustness of the ST-TPI model with respect to different 
weights, scale parameters, and pressure-level thresholds, a sensitivity analysis was con-
ducted using the six traffic scenarios considered in this study. A total of 186 snapshots 
were evaluated, including the five representative multi-ship scenarios and the Laotieshan 
Channel real-waterway case. This analysis was designed to examine whether the contin-
uous scene-pressure values, ship-pair pressure rankings, top-5 high-pressure vessel-pair 
identification, and pressure-level classification remained stable under moderate parame-
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ter perturbations. The sensitivity results are summarized in Table 14, and the mean abso-
lute scene-pressure changes for different perturbation groups are shown in Figure 17. 

Overall, the ST-TPI results remained stable under reasonable parameter perturba-
tions. For the individual-ship component weights, ship-pair pressure weights, motion-
disorder weights, and scene-pressure aggregation weights, the mean absolute changes in 
scene pressure were all below 0.5 on the 0–100 pressure scale. Meanwhile, the ship-pair 
pressure rankings remained highly consistent, with Spearman rank correlation coeffi-
cients close to 1.0. The top-5 high-pressure pair overlap ratios were also close to or equal 
to 100%, indicating that the main pressure-contributing vessel pairs were not substantially 
affected by moderate weight perturbations. 

Among all tested groups, the physical scale parameters showed the largest influence, 
with a mean absolute scene-pressure change of 0.455 and a maximum change of 12.805. 
This is reasonable because parameters such as the perception radius directly determine 
the set of neighboring vessels and potential encounter relations. Nevertheless, the mean 
pair-ranking correlation remained 0.989, and the top-5 high-pressure pair overlap ratio 
was 99.07%, suggesting that the main warning targets were still largely preserved. 

The pressure-level thresholds had little influence on the continuous scene-pressure 
value and ship-pair ranking. The mean absolute scene-pressure change caused by thresh-
old perturbation was only 0.009, and the top-5 high-pressure pair overlap remained 100%. 
However, the scene-level change rate reached 12.90%, indicating that threshold perturba-
tion mainly affects categorical pressure labels rather than the continuous ST-TPI value or 
the ranking of high-pressure vessel pairs. 

 

Figure 17. Mean absolute scene-pressure changes under different ST-TPI parameter perturbation 
groups. 

Table 14. Sensitivity analysis of ST-TPI parameters, weights, and pressure-level thresholds. 

Perturbation Group Perturbed Parameters Range Mean 
|𝜟𝜟𝑷𝑷𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔| 

Max 
|𝜟𝜟𝑷𝑷𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔| 

Pair-Ranking 
𝝆𝝆 

Top-5 
Overlap 

(%) 

Scene-Level 
Change (%) 

Individual-ship component 
weights 

𝑤𝑤𝑑𝑑𝑑𝑑𝑑𝑑, 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠, 𝑤𝑤𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐, 𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚 ±20% 0.267 1.516 1.000 100.00 0.27 

Ship-pair pressure weights 𝑤𝑤𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑠𝑠𝑠𝑠𝑠𝑠, 𝑤𝑤𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ±20% 0.069 1.520 1.000 99.95 0.00 
Motion-disorder weights 𝑤𝑤𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐, 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ±20% 0.182 0.996 1.000 100.00 0.00 
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Scene aggregation weights 
𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚, 𝑤𝑤95, 𝑤𝑤𝑟𝑟𝑟𝑟𝑟𝑟, 

𝑤𝑤𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑚𝑚𝑚𝑚𝑚𝑚, 𝑤𝑤𝑛𝑛𝑛𝑛𝑛𝑛, 𝑤𝑤ℎ𝑖𝑖𝑖𝑖ℎ 
±20% 0.394 1.684 1.000 100.00 0.40 

Physical scale parameters 
𝑅𝑅𝑝𝑝, 𝐷𝐷𝑠𝑠, 𝐷𝐷0, 𝑇𝑇0, 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚, 𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟, 

𝐶𝐶0, 𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠, 𝑁𝑁0 
±20% 0.455 12.805 0.989 99.07 1.14 

Pressure-level thresholds 𝜏𝜏1, 𝜏𝜏2, 𝜏𝜏3, 𝜏𝜏4 
±10%, 
±20% 

0.009 1.515 1.000 100.00 12.90 

Note: The results were calculated from 186 snapshots extracted from six traffic scenarios. 𝜌𝜌 denotes 
the mean Spearman rank correlation coefficient of ship-pair pressure rankings before and after per-
turbation. 

3.5. Prediction-Error Perturbation Analysis 

Since the proposed LSTM–ST-TPI framework uses predicted vessel states as the input 
for subsequent pressure assessment, trajectory prediction errors may propagate into 
DCPA, TCPA, encounter relations, and pressure-source identification. To examine this 
effect, a prediction-error perturbation analysis was conducted. The original predicted 
multi-ship traffic snapshots were used as the baseline, and artificial position perturbations 
with magnitudes of 0 m, 25 m, 50 m, 100 m, and 150 m were added to the predicted vessel 
positions, where 0 m denotes the no-perturbation baseline. For each perturbation level, 50 
Monte Carlo realizations were generated, and the pairwise kinematic relations and all hi-
erarchical ST-TPI outputs were recalculated using the same parameter settings. 

Figure 18 shows the stability of ST-TPI outputs under different prediction-position 
perturbation magnitudes. The mean absolute change in scene pressure increased gradu-
ally as the perturbation magnitude became larger. However, even under the 150 m per-
turbation level, the mean absolute scene-pressure change remained below 1.5 on the 0–
100 ST-TPI scale. This indicates that prediction-position uncertainty can propagate into 
the continuous scene-pressure value, but the magnitude of the change remained limited 
within the tested perturbation range. 

 

Figure 18. Stability of ST-TPI outputs under different prediction-position perturbation magnitudes. 
(a) Mean absolute change in scene pressure. (b) Pressure-level change rate. (c) Top-5 high-pressure 
pair overlap ratio. 

Table 15 summarizes the perturbation results at different assessment levels. At the 
ship-pair level, the pair-pressure rankings changed only slightly, with Spearman correla-
tion coefficients remaining above 0.98. The top-5 high-pressure pair overlap ratios were 
also higher than 98%, showing that the main high-pressure vessel pairs were largely un-
changed. At the individual-ship level, the dominant vessel consistency stayed at approx-
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imately 80% or above. At the regional and scene levels, the mean absolute pressure 
changes increased with perturbation magnitude, but the values remained small on the 0–
100 ST-TPI scale. The pressure-level change rate was below 10% in all perturbation cases, 
indicating that most categorical changes occurred only near pressure-level thresholds. 
These results indicate that position prediction errors can influence local encounter varia-
bles and pressure values, but they do not substantially change the main pressure-contrib-
uting pairs or the overall pressure-evolution interpretation in the tested cases. 

Table 15. Stability metrics of ST-TPI outputs under prediction-position perturbations. 

Assessment Level Stability Metric 25 m 50 m 100 m 150 m 
Ship-pair level Pair-ranking Spearman ρ 0.999 0.995 0.987 0.982 
Ship-pair level Top-5 pair overlap (%) 99.56 99.23 98.92 98.29 

Individual-ship level Dominant vessel consistency (%) 86.60 84.33 80.60 80.00 
Regional level Mean |ΔP_regional| 0.162 0.418 0.877 1.269 

Scene level Mean |ΔP_scene| 0.196 0.485 1.012 1.447 
Scene level Pressure-level change rate (%) 0.27 1.73 4.67 8.27 

3.6. Consistency Analysis Between ST-TPI and Conventional Encounter-Risk Indicators 

In this study, the conventional encounter-risk reference was constructed from DCPA 
and TCPA. Smaller DCPA values and shorter positive TCPA values indicate higher en-
counter urgency. Vessel pairs with negative TCPA were treated as non-approaching or 
post-encounter pairs and were assigned a lower encounter-risk contribution. The 
DCPA/TCPA-based CRI was then used as an external reference to examine whether high 
ST-TPI ship-pair pressure was consistent with conventional close-encounter risk. 

Expert judgments, historical maritime incident records, and operational VTS logs 
were not available for the selected scenarios. Therefore, this study used conventional en-
counter-risk indicators, including DCPA, TCPA, and a DCPA/TCPA-based collision-risk 
index (CRI), as objective external references for practical validity checking. Although 
these indicators cannot fully replace expert or operational validation, they provide widely 
accepted quantitative references for spatial proximity and temporal encounter urgency. 
The consistency analysis between ST-TPI and these conventional indicators was therefore 
used to examine whether the proposed pressure index is aligned with established encoun-
ter-risk interpretation. 

To further examine the practical validity of the proposed ST-TPI, a consistency anal-
ysis was conducted between ST-TPI and conventional encounter-risk indicators. 

For each ship pair in the 186 traffic snapshots, DCPA, TCPA, and the DCPA/TCPA-
based CRI were calculated using the same spatial and temporal scale parameters as those 
adopted in the ST-TPI model. In this way, the comparison was performed under con-
sistent reference scales. The consistency was evaluated from both ship-pair and scene lev-
els. At the ship-pair level, Spearman rank correlation coefficients were calculated between 
ST-TPI pair pressure and conventional risk scores. In addition, the overlap between the 
top-5 ship pairs identified by ST-TPI and those identified by CRI was calculated. At the 
scene level, the ST-TPI scene pressure was compared with the maximum CRI and the 
mean CRI of the top-5 risky ship pairs in each snapshot. 

The overall consistency results are shown in Figure 19 and Table 16. To provide sta-
tistical support for the consistency results, two-sided significance tests were conducted for 
all Spearman rank-correlation results. The corresponding p-values and sample sizes are 
reported in Table 16. All reported Spearman correlations were statistically significant with 
p < 0.001, indicating that the observed consistency between ST-TPI and conventional en-
counter-risk indicators was unlikely to be caused by random ranking variation. 
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At the ship-pair level, ST-TPI pair pressure showed a moderate positive correlation 
with the DCPA score, with a Spearman coefficient of 0.413. When only encounter-relevant 
ship pairs with non-zero CRI were considered, the correlation between ST-TPI pair pres-
sure and CRI increased to 0.498, and the correlation with the TCPA score reached 0.616. 
This indicates that, for ship pairs with actual encounter urgency, higher ST-TPI pressure 
generally corresponds to higher conventional encounter risk. The mean overlap between 
the top-5 ST-TPI ship pairs and the top-5 CRI ship pairs was 68.26%, suggesting that the 
proposed method and the conventional risk indicator identify largely consistent high-at-
tention ship pairs. 

At the scene level, the consistency became more evident. The Spearman correlation 
between ST-TPI scene pressure and the top-5 mean CRI was 0.610, while the correlation 
between ST-TPI scene pressure and the maximum CRI was 0.633. These results indicate 
that scenes with higher ST-TPI pressure usually contain more severe conventional en-
counter-risk relationships. 

 

Figure 19. Consistency between ST-TPI and conventional encounter-risk indicators. 

Table 16. Consistency metrics between ST-TPI and conventional encounter-risk indicators. 

Scale Reference Indicator Metric Value p-Value N 
Ship-pair DCPA score Spearman ρ (Ppair, DCPA score) 0.413 <0.001 2233 
Ship-pair CRI Spearman ρ (Ppair, CRI), CRI > 0 0.498 <0.001 823 
Ship-pair TCPA score Spearman ρ (Ppair, TCPA score), CRI > 0 0.616 <0.001 823 
Ship-pair Top-5 CRI pairs Mean Top-5 overlap (%) 68.26 - 167 

Scene Top-5 mean CRI Spearman ρ (Pscene, Top-5 mean CRI) 0.610 <0.001 186 
Scene Maximum CRI Spearman ρ (Pscene, maximum CRI) 0.633 <0.001 186 
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In Table 16, CRI > 0 denotes encounter-relevant ship pairs with non-zero 
DCPA/TCPA-based collision-risk scores. The top-5 overlap was calculated only for snap-
shots with a non-zero and non-tied CRI ranking, and N denotes the number of ship pairs 
or snapshots used for each metric. For the Spearman rank-correlation results, two-sided 
significance tests were also conducted, and all reported Spearman correlations were sta-
tistically significant with p < 0.001. This indicates that the observed consistency between 
ST-TPI and conventional encounter-risk indicators is unlikely to be caused by random 
ranking variation. 

To further illustrate the temporal consistency between ST-TPI and conventional en-
counter-risk indicators, the complex multi-ship interaction scenario was selected as a rep-
resentative case, as shown in Figure 20. The ST-TPI scene pressure and top-5 mean CRI 
exhibit similar increasing and decreasing trends. In the middle stage of the scenario, both 
indicators increase rapidly and reach high values, indicating the accumulation of multi-
ship traffic pressure and conventional encounter risk. In the later stage, both indicators 
decrease as the encounter relationships are released. This result suggests that ST-TPI can 
capture not only static high-pressure states, but also the temporal accumulation and re-
lease process of encounter-related traffic pressure. 

 

Figure 20. Time-series comparison between ST-TPI scene pressure and top-5 mean CRI in the com-
plex multi-ship interaction scenario. 

It should be noted that ST-TPI is not designed to be a direct substitute for conven-
tional collision-risk indices. DCPA, TCPA, and CRI mainly describe local pairwise en-
counter danger, whereas ST-TPI further incorporates vessel density, spatial compression, 
multi-ship aggregation, and motion disorder. Therefore, moderate differences between 
ST-TPI and CRI are expected. The above results suggest that ST-TPI is reasonably con-
sistent with conventional encounter-risk indicators, while providing additional infor-
mation on multi-ship traffic pressure and supervisory workload. 

4. Discussion 
The results of this study should be understood in the context of the relation between 

future motion prediction and traffic-pressure assessment. In the proposed system, the tra-
jectory prediction is not used as a separate final output. Instead, it provides the motion-
state basis for reconstructing future multi-ship traffic snapshots. The subsequent ST-TPI 
calculation translates these predicted snapshots into pressure information relevant to 
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maritime supervision, including pressure levels, pressure variation, peak-pressure mo-
ments, and local pressure-contributing vessels or vessel pairs. 

Therefore, the LSTM model in this work serves as a support module for future traffic-
state reconstruction. The goal is to estimate realistic future vessel states, such as position, 
speed, and direction, for creating synchronized multi-ship snapshots over the prediction 
horizon. Local prediction errors may occur when vessels turn, accelerate, decelerate, or 
maneuver inside a confined area. However, the results in Section 3.1 show that the pre-
diction errors are reasonably consistent within the 30 min horizon. The fundamental re-
quirement for the future ST-TPI assessment is not the exact point-by-point reproduction 
of every vessel route, but the preservation of the basic relative spatial structure and en-
counter relations among vessels. These reconstructed relationships form the basis for com-
puting inter-ship distance, DCPA, TCPA, local compression, and traffic-pressure indica-
tors. 

The five typical scenarios further show that traffic pressure cannot be explained by 
vessel number alone. In the low-density case, the pressure remained low because the ves-
sels were spatially separated and weakly interacting. In the dense but ordered case, local 
compression raised the pressure temporarily, but the pressure was released when the ves-
sels moved out of the compact formation. In the crossing encounter case, pressure growth 
appeared later, indicating that crossing-related pressure may become evident only after 
the relative geometry has developed for a period of time. In the complex multi-ship inter-
action case, an initially elevated pressure level gradually decreased as the local structure 
loosened. In the pressure-rising case, the scene evolved from a low-pressure state into the 
High level within the prediction horizon. These results indicate that the proposed frame-
work is able to distinguish not only different pressure magnitudes but also different pres-
sure-evolution mechanisms, such as persistence, temporary compression, delayed 
growth, release, and escalation. 

The real-waterway case in the western precautionary area of the Laotieshan Channel 
provides a further check under practical AIS conditions. Unlike the pressure-rising typical 
scenario, this case did not develop into a High-level pressure state. Its value lies in show-
ing that the framework can still provide meaningful information when the traffic pressure 
remains within the Low to Low-medium range. The case captured a moderate pressure 
fluctuation, a peak at the early prediction stage, and a subsequent release process. It also 
showed that the local pressure source may shift with the change in vessel relative posi-
tions. This is important for real supervision, because not every useful warning situation 
appears as an extreme high-pressure event. In many practical waterways, identifying 
moderate pressure variation, pressure release, and the migration of local attention targets 
is also valuable for continuous monitoring. 

These findings also clarify the difference between traffic pressure and conventional 
collision risk. Collision-risk assessment usually focuses on whether a vessel pair may enter 
a dangerous encounter state. Traffic pressure, as used in this study, describes a broader 
supervisory load caused by vessel density, spatial compression, encounter urgency, and 
inconsistency of motion states. A traffic scene may therefore produce noticeable pressure 
even when no individual-ship pair has reached an extreme collision-risk condition. Con-
versely, a scene with a seemingly complex initial structure may release quickly if vessel 
relations become less compact. This distinction is useful for VTS operation, because su-
pervisors need not only to identify dangerous ship pairs, but also to judge whether the 
whole scene is becoming more difficult to monitor and manage. 

Interpretability is another significant property of the proposed system. The ST-TPI 
model does not provide only a single scene-level pressure value. It also outputs ship-level 
pressure, ship-pair pressure, regional pressure, pressure-level transitions, dominant ves-
sels, and dominant vessel pairs. These outputs allow pressure changes to be traced from 
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the overall scene back to local contributing objects. For maritime supervision, this means 
that the scene is not considered uniformly risky, but rather one can focus on those vessels 
or pairs of vessels that contribute the most to the pressure. 

The sensitivity analysis in Section 3.4 further shows that the ST-TPI results are gen-
erally robust to moderate perturbations of weights and pressure-level thresholds. The 
physical scale parameters, especially those determining the neighboring-vessel set, have 
a relatively larger influence on the pressure magnitude. This suggests that such parame-
ters should be adjusted carefully when the framework is transferred to waterways with 
substantially different traffic density, navigational width, or supervisory requirements. 

The prediction-error perturbation analysis further clarifies how trajectory uncer-
tainty may propagate into pressure assessment. Position perturbations can affect inter-
vessel distance, DCPA, TCPA, encounter relations, and local pressure values. However, 
the tested perturbation results show that the overall scene-pressure change remained lim-
ited, the pressure-level change rate stayed below 10%, and the top-5 high-pressure pair 
overlap ratio remained above 98%. This suggests that the main pressure-evolution trend 
and dominant high-pressure vessel-pair identification were relatively stable under the 
tested prediction-position uncertainty. Nevertheless, the present analysis is still a deter-
ministic perturbation test rather than a full probabilistic uncertainty-propagation model. 
Future work should further incorporate uncertainty-aware trajectory prediction and prob-
abilistic pressure assessment. 

The proposed prediction-driven pressure-assessment framework may also be con-
nected with future digital supervisory-support systems. In maritime engineering, co-sim-
ulation and digital-twin concepts have been regarded as important technologies for inte-
grating ship models, operational environments, and decision-support functions [39]. 
From this perspective, the future development of the LSTM–ST-TPI framework could be 
further linked with digital-twin-oriented VTS platforms, where live AIS streams, short-
term traffic prediction, pressure assessment, and warning visualization are updated in a 
rolling manner. Such integration would help extend the present offline-validated frame-
work toward proactive monitoring and early-warning support in practical supervisory 
waters. 

It is also worth mentioning that there are some limitations. First, the LSTM model 
adopted in this work mainly depends on the past AIS motion states and does not explicitly 
take into account the navigation intention, planned routes, hydrometeorological circum-
stances, traffic laws and ship-handling constraints. Thus, forecast uncertainty can be 
higher when vessels do significant maneuvers or make decisions that are not represented 
in their recent motion history. In addition, the current implementation approximates the 
predicted heading by the predicted COG. This treatment is reasonable for steady under-
way cargo-vessel motion, but may be less accurate during low-speed navigation, sharp 
turning, berthing or unberthing, or under strong drift conditions. Such uncertainty may 
affect heading-related encounter features and should be further improved by incorporat-
ing direct heading prediction or maneuvering-aware motion models. LSTM was utilized 
to construct a robust and reproducible framework for pressure prediction in this study. In 
future work, we can incorporate more advanced forecasting models, such as attention-
based sequence models, Transformer-based models, graph-based interaction-aware mod-
els, or probabilistic trajectory prediction approaches into the same framework to enhance 
the prediction of complex maneuvering and multi-ship interaction behaviors. Second, the 
ST-TPI weights and pressure-level thresholds offer an interpretable pressure scale for this 
study, but the transferability to other waterways still requires further calibration. Third, 
although a prediction-error perturbation analysis was conducted to examine the stability 
of ST-TPI outputs under position uncertainty, the current approach still does not provide 
a full probabilistic uncertainty-propagation model from trajectory prediction to pressure 
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evaluation. Future work should therefore include more accurate and interaction-aware 
motion prediction, uncertainty-aware pressure assessment, and broader real-waterway 
validation in port approaches, narrow channels, precautionary regions, and crossing wa-
terways. 

Overall, the proposed LSTM–ST-TPI framework provides a practical way to convert 
future multi-ship motion states into interpretable traffic-pressure information. The exper-
imental results show that the framework can describe pressure accumulation, pressure 
release, delayed pressure growth, and High-level pressure formation in typical scenarios, 
while also capturing moderate pressure fluctuation in a real supervisory waterway. This 
supports a shift from passive risk observation to predictive traffic-pressure monitoring 
and provides quantitative information for proactive maritime traffic supervision. 

5. Conclusions 
This study proposed a predictive multi-ship traffic-pressure assessment framework 

for maritime supervision by integrating LSTM-based short-term vessel motion prediction 
with the Spatio-Temporal Encounter Traffic Pressure Index (ST-TPI). The framework first 
reconstructs future multi-ship traffic snapshots from AIS-based motion prediction and 
then evaluates traffic pressure at ship-pair, individual-ship, regional, and overall scene 
levels. In this way, the output of trajectory prediction is further converted into interpret-
able pressure information rather than being limited to future position estimation. 

We used the LSTM-based motion prediction model as the foundation for future traf-
fic-state reconstruction. The prediction results demonstrate that the model maintained sta-
ble short-term forecasting performance under the observation-updated rolling evaluation 
setting. Local prediction errors may still occur during turning, speed-changing, or maneu-
vering processes. However, the predicted trajectories kept the primary motion directions 
and geometric relations of the multi-ship scenario. This supports their use in future multi-
ship snapshot generation and subsequent ST-TPI-based pressure assessment. 

The predictive ST-TPI results in five typical scenarios demonstrated that the pro-
posed framework can distinguish different pressure-evolution patterns. The method 
maintained low pressure in sparse traffic, captured temporary pressure accumulation and 
release in dense but ordered traffic, identified delayed pressure growth in crossing en-
counters, reflected pressure release in complex multi-ship interaction, and detected a tran-
sition from low pressure to High-level pressure in the pressure-rising case. These results 
indicate that the framework can describe not only pressure magnitude, but also the way 
in which traffic pressure forms, persists, transfers, or dissipates. 

The real-waterway case in the western precautionary area of the Laotieshan Channel 
further examined the applicability of the framework under practical AIS conditions. Alt-
hough this case did not reach a High-level pressure state, it showed a clear Low and Low-
medium pressure fluctuation, a local peak, and a subsequent release process. The result 
indicates that the proposed method is not limited to extreme high-pressure events; it can 
also support the interpretation of moderate pressure variation and local pressure-source 
transfer in real supervisory waterways. The sensitivity analysis, prediction-error pertur-
bation analysis, and consistency comparison with conventional encounter-risk indicators 
further showed that the main pressure-evolution trends, high-pressure vessel-pair identi-
fication, and scene-level pressure interpretation were relatively stable under the tested 
conditions. 

In summary, the proposed method provides a quantitative and interpretable tool for 
proactive supervision of marine traffic. Future work will include uncertainty-aware pres-
sure assessment and validation using more real-world supervisory waterways, including 
precautionary zones, port approaches, restricted channels, and crossing waterways. 
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There are still many aspects to be further studied. The existing LSTM model mainly 
depends on the past AIS motion states and does not explicitly consider the navigation 
purpose, environmental conditions, and COLREGs-based maneuvering behavior. In this 
work, it obtains reliable short-term forecasts, but future research could incorporate more 
advanced trajectory prediction models such as attention-based models, Transformer-
based architectures, graph neural networks, or probabilistic forecasting methods for a bet-
ter representation of complex maneuvers and multi-ship interactions. Furthermore, the 
weights of ST-TPI and pressure-level thresholds should be further adjusted by using more 
traffic data from different waterways. 
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Appendix A. ST-TPI Parameter Settings 
The main parameter settings of the ST-TPI model are listed in Table A1. 

Table A1. Main parameter settings of the ST-TPI model. 

Symbol Meaning Value Unit Basis/Justification 

𝐶𝐶max 
Upper bound of pressure in-

dex 
100 — 

Used to normalize ship-pair pressure, individual-
ship pressure, regional pressure, and scene pressure 

into an interpretable 0–100 scale. This scale is conven-
ient for pressure-level classification and visualiza-

tion. 

𝑅𝑅𝑝𝑝 Perception radius 3.0 n mile 

Used to define the local neighboring-vessel set con-
sidered in ST-TPI calculation. This radius reflects the 
local traffic-supervision range in which nearby ves-

sels may contribute to spatial compression, encounter 
urgency, and VTS monitoring workload. 

𝐷𝐷𝑠𝑠 Spatial safety scale 0.5 n mile 

Used as the exponential decay scale for spatial prox-
imity pressure. Smaller inter-vessel distances pro-

duce stronger spatial-compression pressure, and this 
parameter controls how quickly the spatial pressure 

decreases with distance. 

𝐷𝐷0 DCPA decay scale 0.5 n mile 
Used as the DCPA decay scale in the encounter-con-
flict component. A smaller DCPA indicates stronger 

close-encounter pressure. The value is also consistent 

https://doi.org/10.3390/jmse14131233


J. Mar. Sci. Eng. 2026, 14, 1233 59 of 62 
 

https://doi.org/10.3390/jmse14131233 

with the near-miss and close-encounter interpretation 
used in conventional DCPA-based risk analysis. 

𝑇𝑇0 TCPA decay scale 10 min 

Used as the TCPA decay scale to represent short-term 
encounter urgency. A shorter positive TCPA indi-

cates that a potential closest-approach situation is ap-
proaching soon and should therefore contribute more 

strongly to traffic pressure. 

𝑇𝑇max Maximum time window for 
approaching encounters 

30 min 

Used as the maximum short-term look-ahead win-
dow for identifying approaching encounter relation-
ships. It is consistent with the 30 min traffic-pressure 
trend assessment horizon used in this study. Longer-
horizon results are interpreted mainly as trend-sup-
porting information rather than deterministic trajec-

tory forecasts. 

𝑁𝑁ref 
Reference effective neighbor 

number 6 — 

Used to normalize the local density-pressure compo-
nent. It represents a reference level of neighboring-
vessel load within the perception radius and allows 

the density contribution to be mapped into a 
bounded pressure scale. 

𝐶𝐶0 Reference closing speed 5 kn 

Used to normalize the closing-speed factor in the en-
counter-conflict component. A larger closing speed 
indicates faster spatial compression between vessels 
and therefore contributes more strongly to encounter 

pressure. 

𝑉𝑉std Speed-disorder normaliza-
tion scale 3 kn 

Used to normalize the speed-disorder component. It 
represents a reference scale for local SOG variation 
among neighboring vessels and helps quantify mo-

tion inconsistency in the local traffic scene. 

𝑇𝑇high High-pressure threshold for 
ships and pairs 

60 — 

Used to identify high-pressure vessels and high-pres-
sure vessel pairs. This threshold corresponds to the 

boundary between Medium-high and High pressure 
on the 0–100 ST-TPI scale. 

𝑤𝑤pair,spa Weight of pairwise spatial 
pressure 0.35 — 

Used to represent the contribution of current spatial 
proximity to ship-pair pressure. It captures the pres-

sure caused by short inter-vessel distance. 

𝑤𝑤pair,conf 
Weight of pairwise encoun-

ter-conflict pressure 0.65 — 

Assigned a larger value because DCPA, TCPA, head-
ing relation, and closing speed more directly reflect 
encounter urgency and potential conflict between 

vessel pairs. 

𝑤𝑤den Weight of local density pres-
sure 

0.25 — 
Used to represent the contribution of neighboring-

vessel load and local aggregation to individual-ship 
pressure. 

𝑤𝑤spa Weight of spatial proximity 
pressure 0.20 — 

Used to represent the contribution of local spatial 
compression around an individual vessel. 

𝑤𝑤conf 
Weight of encounter-conflict 

pressure 0.40 — 

Assigned the largest weight among the individual-
ship components because encounter urgency, re-

flected by DCPA/TCPA-related relations, is directly 
associated with supervision priority and collision-

avoidance attention. 

𝑤𝑤mot 
Weight of motion-disorder 

pressure 
0.15 — Used to represent the contribution of local course and 

speed inconsistency to individual-ship pressure. It 
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supplements the density, proximity, and encounter-
conflict components. 

𝑤𝑤course Weight of course-disorder 
pressure 

0.70 — 

Assigned a larger value in the motion-disorder com-
ponent because course differences are more directly 
related to crossing, converging, and diverging traffic 

structures. 

𝑤𝑤speed Weight of speed-disorder 
pressure 

0.30 — 
Used to supplement the course-disorder component 

by representing local SOG variation among neighbor-
ing vessels. 

𝑤𝑤𝑅𝑅,mean Weight of mean ship pres-
sure in regional ST-TPI 

0.60 — Used to reflect the overall average pressure level of 
vessels in the region. 

𝑤𝑤𝑅𝑅,95 Weight of P95 ship pressure 
in regional ST-TPI 

0.40 — Used to retain the influence of high-pressure vessels 
that may be smoothed by the mean pressure alone. 

𝑤𝑤mean Weight of mean ship pres-
sure in scene pressure 

0.35 — Used to represent the general traffic-pressure level of 
the whole scene. 

𝑤𝑤95 Weight of P95 ship pressure 
in scene pressure 

0.20 — Used to retain the influence of high-pressure vessels 
at the upper tail of the ship-pressure distribution. 

𝑤𝑤reg Weight of regional ST-TPI in 
scene pressure 

0.20 — Used to include the regional-level pressure state in 
the overall scene-pressure aggregation. 

𝑤𝑤pair,max 
Weight of maximum pair 
pressure in scene pressure 

0.20 — Used to emphasize the contribution of the most criti-
cal ship-pair interaction to the overall scene pressure. 

𝑤𝑤num Weight of ship-number pres-
sure in scene pressure 

0.10 — Used to reflect the traffic-load contribution caused by 
the number of vessels in the scene. 

𝑤𝑤high Weight of high-pressure pair 
ratio in scene pressure 0.05 — 

Used to represent the proportion of high-pressure 
vessel pairs among all candidate pairs. It supple-

ments the maximum-pair-pressure term by consider-
ing whether high pair pressure is isolated or wide-

spread. 

𝑁𝑁0 Reference vessel number for 
ship-number pressure 6 — 

Used to normalize the ship-number pressure term in 
scene-pressure aggregation. It provides a reference 

scale for evaluating the vessel-number load of a 
multi-ship scene. 

𝜏𝜏1, 𝜏𝜏2, 𝜏𝜏3, 𝜏𝜏4 Scene pressure level thresh-
olds 

20, 40, 60, 
80 — 

Used to classify the continuous scene-pressure value 
into five interpretable levels: Low, Low-medium, Me-

dium-high, High, and Very high. These thresholds 
provide an operationally readable pressure scale for 

traffic monitoring and visualization. Their robustness 
was further examined through threshold perturba-

tion in the sensitivity analysis. 
Note: The scene-pressure aggregation weights are normalized in the implementation before calcu-
lating the final scene-pressure value. The above parameters were selected according to the require-
ments of local-waterway traffic supervision, DCPA/TCPA-based encounter interpretation, AIS-
based short-term assessment scale, and the interpretability of the 0–100 pressure scale. Since traffic 
characteristics may differ across waterways, the robustness of these parameters was further exam-
ined through the sensitivity analysis of parameter perturbations, weight changes, and pressure-level 
thresholds. 
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