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Abstract: The contradiction between dynamic pollution events in ports and the assumption of a static graph structure leads
to a significant decline in the prediction performance of existing Graph Convolutional Network-Attention (GCN-Att)
models under abrupt change scenarios. To address this issue, this paper develops a dynamic topology-sensing mechanism
that constructs a dynamic spatial adjacency matrix integrating ship Automatic Identification System (AIS) trajectories and
real-time meteorological data. A real-time edge-weight update unit driven by abrupt change events is designed to enable
the graph structure to adaptively respond to the pollution diffusion process. Experiments show that in ship berthing events,
the Root Mean Square Error (RMSE) of PM..s prediction is 4.2110.63 ¢ g/m’, with an R? of 0.8910.04. Under extreme
weather conditions such as typhoons, the model response latency is reduced to 8.1 seconds; the data missing tolerance
reaches 86%; the Mean Absolute Error (MAE) of PM..s is only 4.7 1 g/m’, significantly outperforming existing methods
and validating its high accuracy, low latency, and strong robustness.
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1. Introduction

As pivotal hubs within global logistics networks, port operations exert a direct and profound impact on surrounding
ecological systems and public health security (Tseng and Ng, 2021; Santos, 2025; Barberi et al., 2021). As international
trade grows, air pollution from a high concentration of ships and heavy cargo activity in the port area has become increasingly
serious (Garbatov and Georgiev, 2022; Tai and Wang, 2022; Kim et al., 2022). Air quality monitoring is an essential
component of environmental management, but current strategies require technologies capable of precisely characterizing
spatiotemporal pollutant diffusion processes (Ye and Geng, 2023; Campos et al., 2021; Sembiring et al., 2024). However,
the presence of unique dynamics and pollution sources in ports causes air quality to exhibit nonlinearity and rapid change,
which prevents traditional monitoring technologies from capturing these changes. This technical bottleneck constrains the
scientific decision-making and precision control of port environmental management.

Graph neural networks, owing to their strongly connected spatial relationship modeling abilities, have emerged as a
valuable and leading technical avenue within the environmental monitoring discipline (Han et al., 2022). In early research,
convolutional neural networks were combined with a residual learning mechanism, showing a significant improvement in
the predictive accuracy of standard air quality models. However, there was almost no ability to adapt to complicated topology
structures (Shi et al., 2024; Benhaddi and Ouarzazi, 2021). As research continues, gated mechanisms are brought to bear on
prediction with the idea that they can enhance predictive abilities through newfound modeling of temporal dynamics in
trajectories, yet these architectures impose a substantially higher computational burden during the training phase (Wang et
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al., 2024). The recently developed GCN-Att fusion model integrates graph convolution with attention mechanisms. It
achieves superior performance in conventional prediction tasks and can capture both spatial dependence and temporal
importance weights (Li et al., 2023; Liu et al., 2023). However, such methods are generally based on fixed spatial adjacency
matrices, and their underlying assumption of “static topology” cannot reflect real-time migration and dynamic reconstruction
of port pollution sources, leading to prediction inaccuracies in sudden scenarios, such as instantaneous ship emissions or
extreme weather. This structural defect indicates that although the existing GCN-Att model is effective in stable
environments, it struggles to adapt to the high dynamism of ports.

In response to the specific circumstances of ports, some studies have sought to introduce dynamic modeling approaches.
Zhou et al. (2022) constructed a real-time measurement modeling system for ship emission factors, emphasizing the necessity
of dynamically coupling ship operation status with pollution emissions. Pan et al. (2024) revealed the spatiotemporal
heterogeneity of complex emissions in port areas through a high-density air quality sensor network, providing a data basis
for refined mapping. On this basis, Li et al. (2024) analyzed the causes of multi-source pollution in Shanghai Port. Lee et al.
(2021) used AIS data and the Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm to mine
ship activity patterns to construct spatial correlations. However, existing dynamic map methods are still limited by two
shortcomings: first, relying on preset concentration thresholds to adjust the connection relationship of stations makes it
difficult to adapt to the rapid changes in port operation modes and meteorological conditions; second, although the sliding
window mechanism can reflect historical dynamics, it applies a large computational overhead and response latency. More
importantly, current research has not effectively integrated the synergistic effects of ship trajectory dynamics and
meteorological fields on pollutant diffusion paths. As Motlagh et al. (2023) noted, multi-source heterogeneous sensing
required collaborative modeling to accurately capture abrupt events. Although Geng et al. (2023) and Liu et al. (2021) have
provided technical support for ship motion prediction and trajectory visualization, respectively. Transforming such dynamic
information into the topological evolution mechanism of graph neural networks in real-time remains an unsolved problem.

This paper directly addresses the aforementioned core contradictions, proposing a paradigm shift from “static topology”
to “dynamic topology”. By constructing an adaptive adjacency matrix driven by ship AIS trajectories and real-time
meteorological data and designing a real-time edge-weight update mechanism triggered by abrupt events, the online
reconstruction of the port pollution diffusion process using graph structures is achieved. This method breaks the GCN-A(tt
model's dependence on a fixed topology and, for the first time, internalizes the essential characteristics of dynamic port
pollution into the model’s topological evolution logic. This work directly addresses the three major challenges revealed in
the introduction: inaccuracy, response latency, and insufficient robustness. It not only provides a new paradigm for intelligent
port environmental monitoring but also opens up new avenues for applying dynamic graph neural networks in high-abrupt-
change scenarios.

2. Method

The air quality monitoring in the port region presents a key dilemma: dynamic pollution events/sources, and static monitoring
models, especially during sudden or abrupt event scenarios, such as instantaneous ship emissions, where traditional fixed
topology models struggle to depict the spatiotemporal evolution of pollutants. This chapter introduces a novel dynamic
topological sensing GCN-Att facility fusion model that addresses the unique challenge of monitoring accuracy in the port
environment through adaptive graph construction and feature extraction mechanisms.

2.1. Multi-Source Driven Dynamic Topology Construction Mechanism

The topological relationship between each port monitoring station is dynamically influenced by both ship activity and
prevailing meteorological conditions, making it difficult for traditional fixed-topology models to accurately reflect real-time
daily pollution diffusion processes. By proposing a dynamic topology construction method based on multi-source data fusion,
this study addresses the topology model for real-time multi-data coupling. First, ship AIS trajectories are combined with
meteorological observation data to produce an adaptively constructed spatial adjacency matrix that describes real-time
pollution.

First, the port monitoring network is defined as a graph structure G:=(V,E,A;). Among them, V is the set of nodes of N
monitoring stations. E, is the set of edges at time t. A, €ER™N is the dynamic spatial adjacency matrix. The element a,?j of the
adjacency matrix is calculated using the Eq. (1) (Ren et al., 2023; Gu et al., 2023).

_ 1 vt
a}j—m -max(0, cos (0;-0,))-€™ i (1)

In Eq. (1), d;; represents the Euclidean distance between stations I and j; 0j; is the azimuth angle from station i to j; , is
the prevailing wind direction at time t; 5% represents the intensity of ship activity near station i at time t; a, B, and vy are

adjustment parameters that control the distance attenuation rate, effective radius of influence, and intensity of ship activity
influence, respectively.

To accurately reflect the impact of instantaneous ship emissions on pollutant diffusion, a ship trajectory influence factor
C;J, is applied (Li et al., 2024; Jia et al., 2023).

E
G~ Zhes, —kd;k (| pop; | <rmax) - max(0, cos (B5-)) @)
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In Eq. (2), S; represents the set of ships within the port area at time t; E, represents the estimated emission intensity of
ship k; k, represents the atmospheric diffusion coefficient; p, and p, represent the position coordinates of ship k and station
1, respectively; 1., represents the maximum radius of influence; I(-) represents the indicator function.
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Based on the above calculations, the final dynamic spatial adjacency matrix A, is obtained through normalization,
providing an accurate spatial relationship representation basis for subsequent feature extraction.
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Fig. 1. Overall framework diagram of the model

Fig. 1 illustrates the overall framework of this study, presenting the complete technical process from AIS/meteorological
data input, processing through the dynamic topology sensing module, to the final output of abrupt event prediction.

2.2. GCN-Att Spatiotemporal Feature Extraction Benchmark Model

Based on the dynamic topology A, an architecture combining a dual-channel graph convolutional network and a temporal
attention mechanism is designed to systematically extract spatiotemporal features of port air quality. Considering the non-
Euclidean spatial structure characteristics of port monitoring data, the spatial feature extraction channel uses a stacked two-
layer graph convolutional layer processing (Malek, 2023; Pan et al., 2021).

1 1
H V=g (ﬁ-zgﬁ-zHa)@(l)) 3)

In Eq. (3), A is the adjacency matrix with self-loops. D is the corresponding degree matrix, and its diagonal elements are
di= 2 s H® € RN is the node feature matrix of the I-th layer; 0" eRFIFi is the learnable parameter matrix; o(+) is the
ReLU activation function; F; represents the feature dimension of the 1-th layer.

The temporal feature extraction channel employs a multi-head self-attention mechanism to dynamically assign weights
to historical monitoring sequences (Wang et al., 2024; Jun et al., 2023).
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.
Attn(Q,K,V)=softmax (% +M) A% 4)

In Eq. (4), Q, K, and V are the query, key, and value vectors, respectively; T is the time step, dy is the dimension of the
key vector. ME R is the mask matrix used to prevent future information leakage.

The fusion of spatial and temporal features provides a key basis for the subsequent detection of abrupt events, enabling
the model to accurately identify dynamic pollution events in the port environment.

2.3. Mutation Event-Driven Dynamic Topology Adaptive Update Mechanism

Based on the features extracted in Section 2.2, a mutation event detection unit is designed to capture potential contamination
mutations (Johnson et al., 2024).

P 5w T(Jecep,, D]Pe0r () ATV LD <ve) (5)

In Eq. (5), ¢, (i) is the pollutant concentration at station i at time 7, p_ (i) and o..,,(i) represent the mean and standard
deviation within the sliding window [t—w,1—1], respectively, € represents the anomaly detection threshold, Vg, (t.i)
represents the average speed of ships near station i at time t, vy, represents the berthing determination threshold. W and w
represent the short-term and long-term sliding window sizes, respectively, A represents the ship activity weighting coefficient.

When ¥, (i)>y,, , a mutation event is determined to have occurred near station i, triggering a topology update. The edge

weight update algorithm dynamically adjusts the graph structure based on the characteristics of the mutation event (Li, 2024;
Islam et al., 2024).

AA=p-B,OF,O(1-A,)-e™Fteven) (6)

In Eq. (6), E € RMN is the event impact matrix; F, € RN is the wind direction impact matrix; p is the update intensity
coefficient; « is the time decay rate; t.,n 1S the event occurrence time.

The final dynamic topology update rule is (Liang et al., 2022).
Ap=ATAA, Vstab” (At © (At>Tconn)) (7)

In Eq. (7), v, 1s the structural stability coefficient; T .y, is the connection strength threshold, used to prevent excessive
density of the graph structure. Table 1 lists the core parameter configurations of this mechanism.

Table 1. Core parameters of the model

Parameter Name Symbol Value Description
Anomaly detection . . .
threshold € 0.15 For concentration spike detection in Eq. (5)
Event trigger threshold WV 1.2 Composite score to activate topology update
Berthing determination . .
threshold Vin 2.3 Knots; identifies vessel docking Eq. (5)
Update intensity coefficient o 0.42 Scales AA; in dynang)adjacency update Eq.
Structural stability 0.05 Prevents over-dense graph connections Eq.
coefficient Vstab ' (7)

2.4. Multi-Task Loss Optimization Strategy

To balance the prediction accuracy and topological stability of the model in the mutation scenario, a dual-objective joint
optimization framework is designed. The prediction error loss is weighted to highlight the prediction accuracy during the
mutation event (Sun et al., 2022).

L_1

p_ﬁzﬁl P ocl@, oy, ) o=t I(¥>y,) (8)

In Eq. (8), L, is the weighted prediction error loss; ¥, and y,  are the predicted value and the true value, respectively.
1(+,) is the Huber loss function, o, is the time weight, p is the weight coefficient of the sudden event.

Topological stability loss is measured by calculating the Frobenius norm of the structural changes in the inter-step
graph over continuous time:

1
L= 2l 7/ A-Au //E+vReg(A) ©)

In Eq. (9), //-// is the Frobenius norm. Reg(A,) is the graph sparsity regularization term, and v is the sparsity
coefficient.
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The two loss terms are balanced using adaptive weighting coefficients to form the final optimization objective:

) 10)

In Eq. (10), &(t) is the prediction error loss weight; T am 18 the warm-up period, set to 50; t is the current training step
number. The model training uses the AdamW optimizer, with an initial learning rate of 0.001, a weight decay coefficient of
0.01, and a batch size of 32, and gradient clipping is implemented to prevent gradient explosion. The experimental evaluation
utilizes a multi-modal dataset comprising air quality station readings, meteorological tower observations, and vessel AIS
logs collected from the target port area. Data preprocessing involved temporally aligning heterogeneous streams to a
synchronized five-minute resolution and spatially mapping vessel coordinates to the monitoring network grid. The dataset
is partitioned chronologically, with the initial portion used for training and the subsequent segment reserved for testing to
strictly evaluate temporal generalization. Input features underwent Z-score normalization to accelerate convergence during
the gradient descent optimization process.

3. Result

Lyoqa=E(0)- Ly H(1-E(1))- Ly,&(1)=0.3+0.4-min (1,

warm

3.1. Quantification of the Prediction Accuracy of Mutation Events

Five periods of concentrated ship berthing are selected as test cases. Monitoring data for key pollutants, such as Particulate
Matter < 2.5 pm (PM..s) and Nitrogen Oxides (NOy), are collected. RMSE, MAE, Mean Absolute Percentage Error
(MAPE), Coefficient of Determination (R?). The F1-score is calculated between the model’s predicted and actual values.
For each abrupt change event, a +15-minute time window is set, and the trend of prediction error changes before and after
the abrupt change point is statistically analyzed. The prediction error values of each monitoring station are marked on the
port plan. The prediction performance for ship berthing events is visualized in Fig. 2, and the statistical results of each
indicator are shown in Table 2.
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Fig. 2. Visualization of prediction performance under ship berthing events
Table 2. Model prediction performance indicators under ship berthing events
Pollutants RMS};: MAE MAPE (%) R F1-score
(ng/m?)
PM:z.s 4.21+0.63 3.15+£048 12.7+2.1 0.89 £0.04 0.84 £0.05
NO« 6.84+£1.02 5.03+£0.76 153+2.8 0.85£0.05 0.79 £ 0.06

Fig. 2 illustrates the model’s predictive performance during abrupt ship berthing events. Fig. 2(a) presents a time-series
comparison curve of PM..s concentration within a +15-minute window (horizontal axis: time, vertical axis: concentration,
unit: pg/m?®). The actual value shows a significant jump at the berthing moment (t=0), while the predicted curve closely
tracks this abrupt change, with only a slight lag after the peak. Fig. 2(b) uses the port plane as a base map and maps the mean
absolute error for each station through a heat map. High error values are concentrated around the berths, while stations far
from the operating area generally have lower errors, indicating that the model has a good ability to characterize the spatial
heterogeneity of pollution diffusion.

Table 2 quantifies the overall performance under five berthing events: PMz.s’s RMSE is 4.21+£0.63 pg/m®*. MAE is
3.15+0.48 pg/m?; MAPE is 12.7%+2.1%; R? reaches 0.89+0.04. The F1-score is 0.84+0.05. The NOy index is generally
robust. The low standard deviation reflects the model’s consistent performance across different events, while the F1-score
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demonstrates its effective ability to identify high-pollution states, validating the synergistic optimization effect of the dual
objectives of regression and classification.

The above results stem from the dynamic topology sensing mechanism at the model’s core: by fusing AIS trajectory and
wind direction data, the edge weights of the adjacency matrix are updated in real time, enhancing the connection strength
between the pollution source and downwind stations when abrupt changes occur in the graph structure, thereby guiding
GCN-ALtt to accurately propagate instantaneous emission signals. This not only explains the rapid response and spatial error
focusing phenomena in Fig. 2, but also supports the systematic improvement of various indicators in Table 2, fundamentally
alleviating the modelling mismatch problem of static GCN-Att in dynamic pollution scenarios at ports.

3.2. Spatiotemporal Representation Efficiency of Dynamic Topological Mechanisms

The graph structure changes at each time step during model execution are recorded, and the correspondence between edge
weight update frequency and ship activity events is statistically analysed. Static and dynamic topology models are run under
the same input conditions, and the attention weight distributions of the two models are extracted and compared. For critical
periods of abrupt events such as ship berthing, the change in the dynamic topology mechanism’s ability to represent spatial
correlations is analysed. The results are shown in Fig. 3.
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Fig. 3. Spatiotemporal characteristics of dynamic topology mechanism

Fig. 3 shows the spatiotemporal characteristics of the dynamic topology mechanism. Sub-graph in fig. 3(a) with time
series as the horizontal axis and edge weights as the vertical axis, reveals the dynamic evolution of key edge weights triggered
by ship berthing events. The abrupt changes in edge weights at the four typical berthing events correspond to ship activities,
and different edges show varying response amplitudes in the same event. Sub-graph in fig. 3(b) compares the attention
distribution characteristics of static and dynamic topologies through port spatial layout visualization. Static topology does
not show a clear spatial concentration trend. In dynamic topology, nodes in some areas are darker, indicating higher attention
weights. The arrows in fig. 3 indicates the prevailing wind direction, and the weight distribution extends roughly along this
direction, suggesting that dynamic correlations may be affected by wind direction.

This phenomenon originates from the adaptive topology-sensing approach developed in this paper, which creates an
event-driven graph structure adaptive evolution framework by merging ship AIS trajectories and meteorological data in real
time. When sudden events, such as a ship tying up, occur, the sudden event detection unit immediately activates the edge
weight update algorithm to dynamically modify the adjacency matrix employing information about the ship's position, the
emission intensity of the source, and the wind direction to enhance the time-dependent topological connection between the
pollution source and the downwind station. This addresses the static nature of GCN-Att’s traditional topology, allowing
graph neural networks to isolate unique dynamic paths of pollution diffusion associated with ports. It allows rapid response
times to abrupt events, accurately models spatial association, resolves the mismatch between dynamic pollution events and
static port modelling, and provides theoretical support for high-precision air quality monitoring in complex environments.

3.3. Robustness Verification of Real-Time Monitoring Scenarios

To address the actual monitoring needs of ports under extreme weather conditions such as typhoons, this section
systematically verifies the robustness of the proposed model from five aspects: response, fault tolerance for lost data, update
frequency, energy consumption, and cross-port generalization error.

The comparison methods include: (1) Static GCN-Att, which uses a fixed adjacency matrix GCN-Att fusion model as
the ablation baseline of the proposed method. (2) Dynamic Graph Neural Network (DGNN), which adaptively constructs an
adjacency matrix based on historical monitoring data, but does not integrate AIS or meteorological information. (3) Spatio-
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Temporal Transformer (ST-Transformer), which combines graph convolution and a multi-head self-attention mechanism
into a spatiotemporal model with a static graph structure but strong temporal modelling ability. (4) Threshold-Adaptive
Graph (TAG), which dynamically adjusts the station connection relationship according to a pre-set pollutant concentration
threshold, representing a common heuristic mapping strategy in port monitoring. All baselines are retrained and tested on
the same dataset and hardware environment to ensure the fairness of the comparison. All baseline models employed identical
input feature dimensions and prediction horizons to ensure comparable evaluation metrics. Hyperparameters regarding
learning rates and hidden layer dimensions remained consistent across all graph-based architectures to isolate the
performance contribution of the dynamic topology module. The Spatio-Temporal Transformer uses the standard multi-head
attention configuration without the dynamic adjacency matrix injection.

To simulate typhoon weather conditions, three sets of comparative experiments are designed: (1) the proportion of
missing data is gradually increased (0%-50%), and the sudden change response latency is measured. (2) The model is run
continuously for 72 hours, and the model update frequency and system energy consumption are recorded. (3) The trained
model is transferred to three different ports to evaluate the cross-regional generalization ability. The results are shown in
Table 3.

Table 3. Comparison of indicators between model and baseline methods under typhoon weather

Missing Data Update Energy Cross-Port
Response . Generalization
Method Latency (s) Tolerance Frequency Consumption Error (MAE
Y (%) (times/hour) (W-h/24h) b
pg/m?)
Static GCN-Att 15.3 60 0.5 39.8 7.1
DGNN 12.1 71 2.8 56.4 6
ST-Transformer 10.4 67 1.7 68.2 6.3
TAG 13.8 58 1.2 44.1 6.8
GCN-Att + Dynamic 8.1 86 43 51.6 47
Topology

Table 3 compares the proposed method (GCN-Att + Dynamic Topology) with four baselines under typhoon disturbances
across five robustness metrics. The proposed model, with a mutation response latency of 8.1 seconds, significantly
outperforms baselines such as Static GCN-Att (15.3 seconds) and DGNN (12.1 seconds). Its data missing tolerance reaches
86%, surpassing other methods; it exhibits the lowest cross-port generalization error (MAE = 4.7 pg/m?), validating its
transferability. Despite an update frequency of 4.3 times/hour, its energy consumption (51.6 W-h/24h) is still lower than ST-
Transformer (68.2 W-h/24h), demonstrating a balance between dynamism and energy efficiency.

This paper presents a collaborative multi-source dynamic mapping approach that fuses AIS trajectory data with wind
direction data to reconstruct an adjacency matrix in real time, update edge weights when sudden events are identified, such
as docking, and to learn how pollution signals can propagate towards the actual diffusion path. Conversely, Static GCN-Att
has a fixed topology; DGNN lacks physical drivers. TAG relies on threshold lag responses, and all are challenging to
incorporate when predicting a rapidly changing pollution field due to storm fluctuations. Using multi-source, event-driven,
collaborative mapping allows for faster, more accurate monitoring, enabling a better, more generalized response, even during
extreme weather conditions.

4. Conclusion

In response to the modelling paradox of dynamic pollution events occurring in ports and static graph models, this research
proposes a dynamic spatial adjacency matrix generated by a topological sensing GCN-Att fusion model by using ship AIS
trajectories and meteorological data. The event-driven dynamic spatial adjacency matrix, in combination with a real-time
edge-weight update mechanism that reacts to sudden events, and allows for the adaptive evolution of the graph structure to
reflect the diffusion path of pollution. The results show a significant improvement in prediction accuracy in sudden event
scenarios for ships berthing, a reduction in the time response to the sudden edge latency to 8.1 seconds for extreme
disturbances, such as typhoons, the ability to tolerate 86% missing data in sudden disturbances, and a cross-port
generalization error of only 4.7 pg/m?, demonstrating high accuracy, low latency, and robustness. Current reliance on AIS
data streams limits model performance in signal-blind zones where trajectory continuity degrades. Future research targets
integrating satellite remote sensing to mitigate terrestrial sensing blind spots and developing lightweight edge-computing
frameworks to reduce data transmission latency.
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