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Abstract

Accurate traffic state estimation (TSE) for port motorway networks is critical for mitigating
congestion and improving operational efficiency in port cities. Port motorways have their
specific traffic patterns, such as surges in container truck demand triggered by vessel arrival
events. Considering this characteristic, we propose a novel TSE method named HGCN-VA,
enabling a real-time inductive inference based on a graph neural network (GNN). The
framework constructs a heterogenous graph comprising both road sensors and ports, while
introducing an influence weight learning module based on attention mechanisms to adap-
tively align vessel events with their traffic consequences. A hierarchical spatial module is
further designed, where initial heterogeneous diffuse graph convolution layers explicitly
model cross-domain interactions between port and sensor nodes, followed by standard
diffusion graph convolution layers to capture traffic propagation patterns. Extensive exper-
iments on a simulation port dataset demonstrate that HGCN-VA outperforms baselines in
TSE accuracy. Ablation studies further validate the effectiveness of incorporating vessel
information and the proposed heterogeneous spatial modeling strategy.
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Due to the high costs associated sensor deployment and maintenance, it is infeasible
to obtain traffic state parameters with high spatial resolution across the entire road network
through detection alone. Traffic state estimation (TSE) addresses this limitation by inferring
unknown traffic parameters from partially observed data [3], thereby provides data support
for network-wide traffic control and management [4]. The effectiveness of TSE, however, is
inherently constrained by the quality and distribution of the deployed sensors. This has
motivated extensive research on the traffic sensor location problem (TSLP), which seeks
to optimize sensor placement to maximize information gain under limited budgets. The
joint consideration of sensor deployment and state estimation offers a promising pathway
toward achieving accurate and cost-effective global traffic state monitoring across the
entire network [5,6]. Existing TSE methods primarily focus on general motorways and pay
attention to road traffic data itself [7,8]. Due to the specific characters of port motorways,
corresponding TSE methods can be further developed, considering upstream port events,
such as vessel arrival information.

Vessel arrivals are the fundamental drivers of demand in port collection and distri-
bution systems. A large number of containers need to be transported by trucks in the
days before and after the vessel arrives at the port. If vessel arrival information could
be integrated into TSE methods, it would enable anticipation of potential traffic pressure,
thereby improving estimation accuracy. However, trucks arrive in a few days before the
Container Yard (CY) closing time, which means a significant spatial and temporal mismatch
exists between vessel arrival information and road traffic data. Therefore, effectively fusing
such heterogeneous and asynchronous multi-source data presents a major challenge for
current research.

Therefore, the overall goal of this study is to develop a TSE method that can not only
complete the unobserved traffic state information, but also integrate the vessel influence. To
addpress this problem, this paper proposes a novel TSE method for port motorways named
Heterogeneous Graph Convolutional Network with Vessel-aware Attention (HGCN-VA)
based on graph neural networks (GNNs), aiming to integrate vessel arrival information as
prior knowledge into traffic state modeling. Specifically, we first introduce an influence
weight learning module based on an attention mechanism to adaptively model the spa-
tiotemporal intensity of vessel events’ impact on the traffic state of the surrounding road
network, thereby resolving the information asynchrony issue. Subsequently, we construct
a heterogeneous graph convolutional network (HGCN) containing both road nodes and
port nodes, where port nodes characterize features of vessel arrival events. Finally, this is
combined with a multi-layer perceptron (MLP) to capture the temporal evolution patterns
of traffic flow.

In summary, our main technical contributions are as follows:

(1) We propose a GNN-based approach for port motorway TSE. This approach integrates
the vessel arrival information, providing a more event-informed modeling perspective
for port collection and distribution systems, different from the traditional TSE that
relies solely on traffic data.

(2) We design a heterogeneous diffusion graph convolutional network that uniformly
models port models and road nodes, and learns the dynamic influence weights of
vessel events using an attention mechanism, effectively addressing the spatiotemporal
mismatch problem.

(3) Evaluations on a simulation-based port dataset demonstrate that our model benefits
from vessel information, which provides better performance than other baselines.

The remainder of this article is organized as follows. Section 2 briefly reviews the
related works. Section 3 presents the methodology. Section 4 discusses the experiment
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results of the proposed model. Section 5 concludes the paper and outlines potential
future directions.

2. Literature Review
2.1. GNN-Based Traffic Kriging and State Estimation

Kriging is a geostatistical interpolation technique widely used for spatial prediction,
while TSE refers to the process of inferring unobserved traffic variables from limited
measurements. Both approaches aim to estimate traffic conditions at locations without
direct observations. Ordinary Kriging (OKriging) [9], the most widely used Kriging method,
estimates unobserved values by modeling spatial dependence through covariance and
variogram functions. These functions quantify how correlation decays with spatial distance.

In recent years, GNN-based inductive methods have emerged to conduct spatiotempo-
ral Kriging. Appleby et al. [10] proposed a Kriging model based on a graph convolutional
network (GCN) to conduct estimation using neighbor observations. Wu et al. [11] further
designed a diffusion graph convolutional network (DGCN) model by means of training
procedure for inductivity. Liang et al. [12] developed a spatial-temporal-aware GNN model
to handle random, segment and blockout missing tasks.

These methods are developed based on predefined adjacency matrices. However,
spatial dependencies between nodes are complex, influenced not only by topological struc-
tures but also by potential implicit correlations, which predefined graph structures may
fail to adequately capture. To address this issue, dynamic graph neural network techniques
have emerged, enabling the generation and analysis of time-evolving graph structures.
Nie et al. [13] proposed a speed pattern adaptive graph neural network that leverages
observed node speed measurements from floating car data to estimate traffic flow at unob-
served locations. Pan et al. [14] introduced a graph transformer model that enhances the
model’s receptive field to mitigate the challenge of edge information aggregation, thereby
effectively capturing spatiotemporal features. Wei et al. [15] proposed an inductive frame-
work that fuses learnable node embeddings for dynamic graphs with pre-defined static
graph structures, while also adding an auxiliary objective to compensate for information
loss due to random subgraph sampling. However, since the embedding learning relies on
loss functions that require full node attributes, the resulting dynamic features cannot be
easily transferred to unobserved nodes without those attributes. To tackle this problem,
Wau et al. [16] introduced a different strategy that employs multiple aggregation functions
in spatial message passing, which captures richer spatial dependencies and ultimately
boosts both generalization and estimation performance.

Most of the above studies rely solely on data collected from detectors. Given the limited
capacity of single data sources, some research has begun exploring the integration of multi-
source data into traffic state estimation models to improve estimation accuracy by fusing
richer information. Yao et al. [17] constructed a spatial interaction graph convolutional
network using the location attributes and flow attributes of geographic units to impute
missing origin—destination (OD) flow data. Zheng at al. [18] incorporated multi-source
data, including points of interest and OD information, to enhance model accuracy.

In addition to real-time state estimation, traffic prediction constitutes another impor-
tant research direction in intelligent transportation systems. Leveraging the capability of
graph neural networks to model complex spatial dependencies, they have also become a
significant technical approach in traffic prediction, with representative models including
Spatial-Temporal Graph Convolutional Networks (STGCNs) [19], Diffusion Convolutional
Recurrent Neural Networks (DCRNNSs) [20], and Attention-Based Spatial-Temporal Graph
Convolutional Networks (ASTGCNs) [21]. However, these methods typically assume
the availability of observations at all locations and cannot be directly applied to unob-

https://doi.org/10.3390/su18157735


https://doi.org/10.3390/su18157735

Sustainability 2026, 18, 7735

4 0f22

served locations lacking historical data. Therefore, many studies have further investigated
traffic prediction for unobserved locations while accounting for real-time spatial inter-
polation. Roth and Liebig [22] proposed an enhanced graph attention mechanism that
adaptively assigns different weights to neighboring nodes based on node embeddings
to model spatiotemporal correlations for global prediction. Mei et al. [23] developed an
uncertainty-aware framework based on a diffusion graph convolutional model to predict
traffic states at locations without historical data, generating probabilistic predictions with
uncertainty quantification. Zhou et al. [24] introduced an inductive spatiotemporal graph
model that incorporates a mixture of graph experts with a sparse gating mechanism to
dynamically and efficiently capture heterogeneous spatial dependencies for global traffic
prediction. Zhou et al. [25] proposed the Directed Graph Autoencoder (DGAE) that tackles
TSE under sparse sensors by introducing a Dirichlet energy-based feature propagation
for directed graphs (DEFP4D), eliminating zero-filling bias while separately handling con-
gested and free-flow patterns. Zhao et al. [26] proposed a structure-inductive meta-learning
scheme (SIML) to learn a mask-agnostic initialization via volatility-guided task curriculum,
structure consistency regularization, and structure-aware replay.

However, the applicability of these GNN-based Kriging methods to port motorways
is inherently limited. Most of these methods assume homogeneous node types and prede-
fined road network topologies, treating all nodes as identical traffic sensors. Their graph
structures are either fixed or updated purely based on traffic flow dynamics. These designs
overlook cross-domain interactions from external entities such as port terminals, whose
operational events are primary drivers of downstream truck demand.

2.2. Traffic Research on Roads Surrounding Ports

Much research focuses on roads surrounding ports due to their special traffic char-
acteristics. About the bidirectional influence between road traffic systems and ports,
Pope et al. [27] identified that fluctuations in port cargo throughput and the carrying capac-
ity of surrounding arterial roads significantly affect port operational efficiency, with port
activities also inducing long-distance congestion effects on adjacent areas. Yang et al. [28]
developed a traffic demand model for container trucks based on ship operation sched-
ules and truck arrival patterns, further incorporating external corrective factors. Focusing
on the negative impacts of port activities on urban road networks. Ziemska-Osuch and
Guze [29] conducted a case study at the Port of Gdynia, revealing that even slight increases
in heavy truck flows can substantially degrade road service levels during evening peak
hours, and suggested that bypass roads could enhance network connectivity to mitigate
port—city conflicts. Bernacki et al. [30] decomposed the urban port transportation system
into a road subsystem directly accessing the port transfer area and a mixed road subsys-
tem, providing long-term traffic and freight flow predictions to support system planning.
Caldeira et al. [2] developed a dynamic road—port passage model and validated its appli-
cability for evaluating port—city relationships at the Port of Santos. Bernacki et al. [31]
further quantified the sustainability benefits of road infrastructure improvements in local
urban port transportation systems, demonstrating that such investments reduce congestion
and increase truck speeds. Zhang et al. [32] employed the traditional four-step method to
plan a comprehensive transportation hub in the Mississippi port area based on cargo flow
survey data.

In conclusion, the roads around the port area have their unique traffic characteristics,
and these characteristics are closely interrelated with the port. Although there is still a lack
of sufficient research specifically on the traffic state estimation of the port’s collection and
distribution road network at present, many studies have focused on the prediction of road
truck traffic. For instance, Xie and Huang [33] established Gaussian processes and e-SVM
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(e-support vector machine based on the Sigmoid kernel function) to predict the daily arrival
volume of pick-up and delivery trucks at container terminals. Kourounioti et al. [34] used a
fully connected neural network (FCNN) combined with auxiliary factors such as container
and yard information to improve the fitting performance of the port container dwell time
distribution and analyzed the influence of various forms of information. Gao et al. [35]
utilized the Long Short-Term Memory (LSTM) model to predict the daily number of
containers entering the yard. Luo et al. [36], based on the theory of cargo traffic flow
induced by port vessel operations, constructed a short-term truck flow prediction model
based on the remaining distribution weight of vessel cargo. Nadi et al. [37] used operational
logistics information among terminal operators, carriers and shippers, and adopted a
feedforward neural network to predict the short-term arrival volume of trucks at major
container terminals in seaports. Li et al. [38] for the first time incorporated factors such
as vessel-related information, working days of arrival and weather conditions into the
long-term sequence of truck arrivals at the port, and applied a deep learning model to
predict the daily arrival volume of trucks.

While these studies recognize the importance of interactions between port activities
and road traffic, they predominantly concentrate on aggregate traffic demand forecasting
rather than on estimating real-time, segment-level traffic states, which are more helpful for
network-wide traffic control, ramp metering, and dynamic route guidance. Moreover, these
studies rarely employ spatial interpolation to reconstruct unobserved locations from sparse
detector data; they either rely on historical averages or require full coverage of observations,
which is infeasible given the high cost of sensor deployment on extensive port motorway
networks. Consequently, the critical link between vessel-induced demand generation and
the resulting spatiotemporal evolution of road traffic states remains underexplored in
the domain of state estimation, leaving a clear gap between port activity awareness and
operational traffic management.

3. Methodology

In this section, we formally present the mathematical formulation of the traffic state
estimation (TSE) problem. First, we outline the framework of the proposed model to
illustrate how the estimation problem is solved through the organization and collaboration
of the modular components. Subsequently, we detail three core modules designed to handle
different types of correlation: feature generation, spatial, and temporal modules.

3.1. Problem Formulation

In our study, TSE is defined as the task of inferring continuous traffic variables over a
road network from sparse observations. We formulate TSE as a spatial Kriging problem,
which is a geostatistical interpolation technique. The topological constraints that regu-
late traffic state propagation make graph representations a natural choice for modeling
transportation networks. Accordingly, as shown in Figure 1, we represent the whole net-
work as a directed heterogeneous graph G(V, E, A), with V being the node set and E the
edge set. In this paper, V comprises two types of nodes, namely road nodes V; and port
nodes V). Let the set of sensor nodes be V; = {v1,---,vn,} and the set of port nodes be
Vp = {v1,-++,oNn ) }, where N, and N, denote the numbers of sensors and ports, respec-
tively. Correspondingly, E consists of two types of connections: edges between sensor
nodes and edges between sensor nodes and port nodes. We define A as the weighted
adjacency matrix whose elements storing the corresponding edge weights.
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Figure 1. [llustration of heterogeneous graph construction. The orange dots are sensors on the roads,

and the red ones are ports.

In the literature, a commonly used distance-based adjacency matrix A is computed
as [20]:
 — {exp<—<

where dist(-) is the travel distance between two nodes which can be road sensors or port,

2
) ),if dist(vi, Z)]) S € (1)
0, otherwise

dist(vl-,v/-)
0

¢ is a scaling parameter which can be selected as the standard deviation of distance, and
¢ is the threshold. As shown in Equation (1), A is asymmetric because the traffic graph
is directed.

Based on Equation (1), we define four types of adjacency matrices:

. . u up . .
Sensor-sensor upstream adjacency matrix A¢!: each element a ; ].p indicates that sensor

node i is upstream of sensor node j.

Sensor-sensor downstream adjacency matrix A%®": each element a9°“" indicates that

ij

sensor node i is downstream of sensor node j.

Port-sensor adjacency matrix Ays: each element af}s indicates that port node i points to
sensor node j. It is computed as the travel distance between the two nodes via the road
network, weighted by a Gaussian kernel. This captures the influence of port activities
(e.g., truck departures from the port) propagating to downstream road sensors.

Sensor-port adjacency matrix Asp, where each element a?-p indicates that sensor node i
points to port node j. It is computed as the travel distance between the two nodes via
the road network, weighted by a Gaussian kernel. This captures the influence of traffic
conditions on road segments toward the port (e.g., trucks approaching the port).

Based on this heterogeneous graph, we formulate the TSE problem as follows. Road
and port measurements operating on the graph can be recorded as graph signals. We define
the following notations:

e Road sensor features X; € RNs*T: N; is the number of sensor nodes and T is the
number of time intervals. Each element x,; represents the traffic speed at sensor s
during time interval £.

e  Dort features X, € RN»*M: N, is the number of port nodes and M is the number of
days. Each element x, ; represents the vessel arrival count at port p on day d. The
port feature matrix is defined over a (n + 30)-day window (15 days before and after
the simulation days), where each entry represents the daily vessel arrival count for a
given port.
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The objective of TSE is to reconstruct the current traffic speeds at all sensor nodes
given the incomplete observations and the heterogeneous graph structure. Formally, our
task is to achieve a mapping function f parameterized by 6 that estimates the target traffic

state X from the input X and the graph G as follows:

—~

X = f(X,G;0) (2)

At the operational stage, the trained model consumes real-time measurements from
arbitrary sensors and reconstructs the full-scale traffic states over the whole road network.

3.2. Framework of HGCN-VA

The overall framework of HGCN-VA is presented in Figure 2, which consists of three
core components: the influence weight learning module, the DGCN-based spatial module,
and MLP-based temporal module. In the framework, port data need to be put into the
influence factor learning module firstly in order to align with road traffic data. Then,
incomplete traffic data and influence factor are put into the model, it can handle spatial
and temporal dependencies through corresponding modules. Finally, we can get the
reconstructed traffic data.

Spatial Module

Speed / Sensor Graph \
( Temporal Module

DGCN / 5 \

Speed

T
U000

N——— GCN
\ /
Vessel
— — Port-sensor Graph
APIN

Figure 2. Overall architecture of HGCN-VA. Yellow and blue dots indicate observed and unobserved
nodes, respectively; red dots indicate ports.

3.3. Influence Weight Learning Module

The heterogeneity between traffic flow data and vessel data makes direct alignment
challenging. Simply concatenating vessel features with traffic speed observations fails
to capture the dynamic influence of port activities on road traffic. To address this issue,
we propose an Adaptive Port Influence Network (APIN) module based on the attention
mechanism. APIN dynamically estimates the time-varying impact of each port on the
surrounding road network, using the current speed state as contextual information, as
shown in Figure 3.

Specifically, the module takes as input the road speed tensor and the port feature
matrix, and outputs a weight matrix that represents the influence intensity of each port at
each time step. The computation proceeds as follows.

Firstly, we aggregate the observable road speed data along the spatial dimension to
obtain a global speed pattern of the road network. The average speed at time t is computed
as Equation (3):
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Figure 3. Mechanism of APIN model.

Next, we project the aggregated speed and the port features into a common latent
space via separate linear transformations, as shown in Equation (4):

H, =c(W,- X, +by) @
Hy =0(Wp- X, +bp)
where W(-) and b(+) are learnable parameters, and o(-) is a nonlinear activation function
(e.g., ReLU or sigmoid).
Then, we utilize attention mechanism to calculate the influence weights of ports. Here,
the query is derived from the speed context, while the key is derived from the port features,
as shown in Equation (5):

Q= WQHp
K = WKH, (5)
vV =W"H,

The attention score between each port and each time step is then computed as
Equation (6) [39]:

QK"

Vi

Xzy" = softmax(

)-V (6)

where d is a scaling factor to stabilize gradients.

The result matrix Xﬁy " € RNPXT quantifies the influence of each port at each time step,
conditioned on the current road speed pattern. This impact factor is then used to modulate
the integration of port information into the downstream graph convolution layers.

In both training and inference, the average speed in Equation (3) is computed only
over the set of currently observed sensor nodes. During training, this set corresponds to the
unmasked nodes in the sampled subgraph; during inference, it corresponds to the actual
available sensors in the deployment scenario.

3.4. HGCN-Based Spatial Module

To capture the complex bidirectional spatial dependencies within the port motorways,
we propose a hierarchical spatial module based on homogeneous and heterogeneous
DGCNs. As illustrated in the framework, this module consists of two stages: the first
several layers employ heterogeneous DGCNs to model information propagation across
different node types, while the subsequent layers employ standard DGCNs to capture the
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pure traffic flow dynamics within the road network. The hierarchical design allows the
model to first integrate the exogenous influence of vessel events into the road network
representation, and then refine the spatial dependencies among road segments using the
learned contextualized features.

For any node on a sensor graph, both inflows and outflows decide its instant traffic
state. Therefore, bidirectional traffic networks encourage a model that can deal with
asymmetric adjacency matrix. We adopt DGCN model as the propagation layer to handle
this directed graph. DGCN treats forward edges and backward edges separately by two
adjacency matrices [11]. We denote the diffusion steps as K, and the diffusion graph
convolution layer can be written as

K
Y = ) (ARXWis + ApX W) ?)

where Ai‘[ and A]lj are the forward and backward transition matrix at the kth diffusion

step, K is the total steps of diffusion, and Wj r W f € RCinxCout are learnable parameters
of DGCN layer. The bidirectional transition matrices can be obtained from the adjacency
matrix of sensor graphs as follows:

. R . R
rowsum(Ap)’ 0 rowsum(Ay)

Af (8)

A f and Aj are in fact the row-wise normalization of A, and A,;, in order to sum the
weights to one. This diffusion convolution operator can take into account the influence of
inflows and out flows simultaneously.

The standard DGCN assumes homogeneous node types and uniform edge semantics,
which is sufficient for our task where port nodes and sensor nodes have distinct feature
spaces and interaction patterns. To address this, we propose a heterogeneous graph
convolutional network (HGCN) model that explicitly accounts for node heterogeneity. The
basic form is as follows:

K
T
Y =) (ARXWE+ ApXWy + AL XWE, + (Ag,) XW}) 9)
k=0

In Equation (9), the HGCN performs forward and backward diffusion to capture
spatial dependencies, while conducting single graph convolution to extract port correlations.
In this way, we inject the port information into HGCN-VA adaptively and can capture
multiresolution dependencies in a unified module. Graph convolution is performed on
each time slot, which can be parallelized across time.

The overall spatial module stacks L layers of the HGCN followed by L, layers of
the standard DGCN. The initial layers focus on integrating cross-domain information
from port events, learning the spatial influence patterns. The later layers then refine the
representations by focusing on the traffic dynamics within the road network itself. By
switching to standard convolution after the heterogeneous layers, we avoid the overhead
of maintaining separate weight matrices for edge types in deeper layers, where the need
for explicit heterogeneity diminishes.

We first customize the HGCN layer as follows:

K T
HIFL =y (AR WE -+ ARXWE + AKX WE + (AF) XpWE ), 1 =0

k=0 (10)
K
I+1 _ k rylyark krrlywk kgl wk kAT o ik
HI+! = o( L (AFHWE + AVH W) + AQ Hy W, 4 (AL) HyWp,)), 1 <1< Ly
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where H' is the output spatial features of the /th HGCN layer. By stacking several HGCN
layers, the model can capture multi-hop spatial correlations on the graph and the features
of each node contain information from neighbor nodes and port nodes.

The middle variable H;, is computed as follows:

K
Hy™ = o () (AFHIWE + AJHLWG + A HIWE

T
+(Ay,) HHWE)),1<1<Ly (1)
k=0

p

After the initial layers of heterogeneous diffusion convolution, the port node represen-
tations have been effectively propagated into the road network nodes, enriching the sensor
features with vessel event context. In subsequent layers, we transition to a standard diffu-
sion graph convolution that operates exclusively on the sensor node subgraph, focusing on
modeling the intrinsic traffic flow dynamics among road segments.

K
H'* = o) (AKHIWE + AFHIWE)), Ly <1< L, (12)
k=0

3.5. Temporal Module

After capturing spatial dependencies, we further extract the correlations in the time
dimension. Some classical temporal models are applied to extract features of a sequence
such as time series. It has been proven that MLP can also achieve satisfying performance in
capturing temporal correlations, which is simpler and more efficient [40—42]. The specific
formulation is shown as follows:

HHY = g(WH! + b)) (13)

For our real-time Kriging task, the recovery window / is relatively short. Therefore, we
simply assume that all time points in the recovery window are correlated with each other.

3.6. Training and Loss Function

As mentioned in Section 3.1, our task is to reconstruct the missing sensor data. We
set the loss function to the overall reconstruction error across all nodes, seen and unseen,
to promote a message-passing process that is not biased toward any subset, expressed as
Equation (14):

L= fi (X — X;)? (14)

where X; denotes the estimated value and X; is the true value.

To learn generalized graph convolution and adapt to novel network structures, we
employ a training strategy based on stochastic subgraph sampling. Algorithm 1 provides
the pseudo code of training strategy. In this strategy, each training iteration randomly
samples a subgraph from the full graph constructed by observable sensors. Within the
sampled subgraph, a subset of sensor nodes is randomly masked to simulate missing
observations. The model is then trained to reconstruct the masked node features from the
remaining observed nodes and the subgraph structure. By repeatedly exposing the model
to diverse subgraphs and different masking patterns, the spatial dependencies are learned
in a way that does not rely on fixed node identities. Consequently, the trained model can
achieve inductivity, which means it can be directly applied to unseen nodes as long as their
connectivity and neighbor observations are available.
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Algorithm 1 HGCN-VA Training Procedure

Input:
Training speed data: X; € R"*T, Port feature matrix: X, € R"*M
Adjacency matrices: Af, Ay, Afp, Abp
Time window length H, Hidden dimension Z, Diffusion steps K, Batch size B, Number
of batches N, Masked nodes per sample 1n,,, Max iterations I
Output:
Trained model model
Initialize the model as model® = HGCN — VA(H,Z,K)
for iterationi = 1to [ do
for batch n = 1 to Ny, do
Generate batch indices:
Ty < RandomSample(0,T — H, B)
Initialize X, € RE*™xH 0, M € [0,1]P"*H 1
for sample b = 1to B do
Extract time sequences:
Xolb, 1] < Xs[:, Tr[b] : T, [b] + H]
Generate node mask:
M, < RandomSample([1,n,|, ny)
M[b,M,,:] + 0
end for
Prepare masked input:
er)nusked — Mo X,
Forward pass
Xy model™ 1 (XI9ked X, A, Ay, Asp, Aps)
Compute loss
L + Loss(Xy, Xy, M) computed by Equation (14)
Backward pass & update
Compute VL w.r.t parameters
Update parameters with Adam
end for
end for
Return model’

4. Experiments

In this section, we introduce the experiment environment, also evaluating the proposed
model with an extensive number of experimentations.

4.1. Simulation Dataset

In this section, we validate the proposed TSE method on a traffic simulation example
generated in Python. We conduct this simulation using a modified version of the Uxsim
mesoscopic traffic simulation [43], extended to support heterogeneous vehicle types (pas-
senger cars and container trucks) and output data for different vehicle types. The simulated
network is located in Ningbo, China, adjacent to three ports, namely Chuanshan, Beilun,
and Meishan, as shown in Figure 4. The network covers 330 km of bidirectional motorways
with 658 virtual detectors placed every 500 m. the simulation time is 24 h with a time step
of 5s.

https://doi.org/10.3390/su18157735


https://doi.org/10.3390/su18157735

Sustainability 2026, 18, 7735

12 of 22

Figure 4. The simulation road network. To maintain the cartographic integrity of the dense road
network and local geographical features, both Chinese (original language) and English annotations
are retained on the map.

Passenger car demand follows a diurnal pattern with peak factors of 1.2-1.5 during
morning (07:00-09:00) and evening (16:00-19:00) peaks, and a factor of 0.05-0.15 at night
(00:00-06:00). Baseline flows are 720-1080 veh/h/In on mainlines and 288-540 veh/h/In
on ramps.

Vessel arrivals are generated for three ports with daily frequencies of 13-15 (Chuan-
shan), 8-10 (Beilun), and 10-12 (Meishan), which are approximately in line with real
conditions. Two vessel types are considered, large (8000-20,000 TEU, 40% of arrivals)
generating 2300-5800 truck trips, and medium (2000-5000 TEU, 60%) generating 300-1450
truck trips.

The temporal pattern of truck demand differs fundamentally between export and
import operations. For export containers, truck arrivals concentrate in the days prior to the
vessel’s closing time, with an increasing intensity as the deadline approaches—a pattern
known as the “deadline effect.” For import containers, trucks do not arrive immediately
upon vessel arrival; rather, they begin arriving after customs clearance is completed and
the container becomes available for pickup, typically 2-7 days after vessel arrival, and may
continue over the subsequent free period (7-14 days). The total influence of a vessel event
on port motorway traffic can thus span 10-20 days.

To incorporate these realistic patterns while maintaining computational tractability,
the influence of vessel events on truck demand is modeled using a multi-window stepped
function. For export containers, the truck generation multiplier {3 is set to 0.1 for the period
14-7 days before vessel arrival, 0.3 for 7-2 days before, and 0.6 for the final 48 h. For
import containers, {3 is set to 0.15 for days 2-5 after arrival, 0.08 for days 5-10, and 0.03
for days 10-14. This stepped approximation captures the key temporal dynamics without
introducing the complexity of continuous decay functions.

Detailed simulation settings—including node and link models, heterogeneous funda-
mental diagram derivations, route choice logic, and a qualitative plausibility check—are
provided in Appendix A.

4.2. Baselines

To comprehensively evaluate the performance of our proposed method, we compare
it against several representative baseline methods from different types of techniques, which
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are widely adopted benchmarks in spatiotemporal Kriging tasks, including classical geo-
statistical interpolation OKriging, the distance-based nonparametric method k nearest
neighboring (KNN), the classical GNN model graph convolutional network (GCN), in-
ductive graph neural network Kriging (IGNNK), and tensor completion approaches such
as Laplacian enhanced low-rank tensor completion (LETC). This multi-family selection
enables us to assess the added value of our vessel-aware heterogeneous design relative to
both traditional and modern learning-based baselines. The details are as follows:

OKriging: Ordinary Kriging interpolates the values at unmeasured locations by
modeling spatial dependence through a semi variogram, assuming an unknown but con-
stant mean. It serves as a baseline for traditional spatial interpolation without exploiting
network topology.

KNN: KNN is a nonparametric spatial interpolation method that estimates unob-
served traffic states as the arithmetic mean of the observed values from the k nearest
neighboring sensors. It represents a simple distance-weighted approach commonly used
in transportation.

GCN: GCN is a seminal graph neural network that performs convolution operations
directly on graph-structured data. It learns node representations by iteratively aggregating
and transforming feature information from local neighborhood of each node [44]. GCN
exploits the natural graph topology of road networks to capture spatial dependencies
among sensors.

IGNNK: IGNNK is a representative inductive GNN designed for spatiotemporal
Kriging tasks. By propagating information along both upstream and downstream directions,
it captures the asymmetric spatial dependencies inherent in traffic flow, while its inductive
design allows direct application to unseen sensor locations [11].

LETC: LETC addresses the traffic speed imputation problem through tensor com-
pletion, where spatial correlations are regularized by a Laplacian penalty and temporal
continuity is preserved via low-rank tensor approximation. It provides a complementary
baseline that explicit message passing, offering a different perspective from graph neural
networks [45].

By comparing with OKriging and KNN, we evaluate the improvement brought by
deep learning and graph-aware modelling. The inclusion of GCN and IGNNK allows us
to benchmark against both basic and advanced GNN architectures, while LETC tests the
effectiveness of our method against a powerful non-GNN alternative that also handles
missing data. For fair comparison, we use the same training, validation and test splits and
the same set of observed sensors as our model.

4.3. Settings

The experimental configuration is set as follows. All nodes are randomly split into
two groups: monitored sensors and unmonitored points. For the baseline deep learning
models, the temporal dataset is allocated into 70% for training, 10% for validation, and the
remaining 20% for testing. Regarding the key hyperparameters of HGCN-VA, the number
of diffusion steps is fixed to 1, while DGCN and HGCN are configured with 3 and 1 layers,
respectively. The hidden dimension is set to 80, and we employ a batch size of 32 with the
Adam optimizer and a fixed learning rate of 1 x 10~3. Initial experiments are conducted
with a sensor coverage of 70%—specifically, 461 sensors are randomly chosen as observed
locations for model training, 59 are held out for validation, and the remaining 138 serve as
test points for evaluation.

To examine the feasibility of our approach in real-world scenarios, we record the train-
ing duration, inference latency, peak memory consumption, and computational complexity.
All experiments run on a Windows 11 machine equipped with an Intel Core i5-12500H
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CPU and an NVIDIA GeForce RTX 3050 GPU, using Python 3.12.0 and PyTorch 2.3.0.
The training phase consisted of 150 epochs and took a total of 303 s. During inference,
processing a single test sample required an average of 20 milliseconds. The peak memory
usage throughout the pipeline was approximately 1.5 GB.

4.4. Metrics

To quantify our model performance and compare with other baseline methods, we
choose the following three metrics:

Mean Absolute Error (MAE) measures the average magnitude of absolute errors
between ground truth and estimated values, defined as Equation (15):

1 N
MAE =)

n=1

X — Xul (15)

where %n and X, denote the estimated value and the ground truth, respectively, and N is
the total number of test samples.

Root Mean Square Error (RMSE) quantifies the square root of the mean squared error
between the ground truth and the estimated values, calculated as Equation (16):

RMSE = l% (R — Xp) (16)
Nn:1 n n

Mean Absolute Percentage Error (MAPE) is defined as the mean absolute percentage
error with respect to the ground truth, as given in Equation (17):

1Y X, - X,
MAPE = Nﬂ; |T| (17)

In contrast to the training phase, the testing stage focuses exclusively on the per-
formance at the target estimation locations, rather than encompassing all nodes within
the study area. This targeted approach enables a direct and unambiguous evaluation of
model effectiveness.

4.5. Imputation Performance

To demonstrate the superiority of our model, we compare it with baseline methods
under missing-data conditions at 70%, 50%, and 30% sensor coverage. The results, summa-
rized in Table 1 and visualized in Figure 5, show that HGCN-VA consistently outperforms
the others; Table 1 in particular gives a quantitative error comparison for speed estimation.

Table 1. Speed estimation under different distances between sampled points.

OKTriging KNN GCN IGNNK LETC HGCN-VA

MAE 4.54 4.17 525 3.23 3.91 2.83

70% RMSE 6.38 5.84 7.33 4.24 5.30 3.60
MAPE 34.58 33.27 40.15 24.68 30.17 12.17

MAE 4.60 4.23 5.27 3.66 4.09 3.18

50% RMSE 6.42 5.80 7.35 4.84 5.59 411
MAPE 34.61 33.32 39.83 27.09 33.21 13.54

MAE 4.61 431 5.34 3.98 4.20 3.40

30% RMSE 6.45 591 7.37 5.19 5.81 4.42
MAPE 35.01 33.73 39.72 29.42 35.20 14.83

Best results are bold marked, while the second-best result is underlined.
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Figure 5. Model performance under different scenarios.

The experimental results demonstrate the strong performance of the proposed HGCN-
VA model. As summarized in Table 1, all compared methods achieve reasonably low
estimation errors under the evaluated settings, with the proposed model consistently at-
taining the lowest error across all metrics. This indicates that HGCN-VA not only benefits
from the expressive power of graph neural networks but also effectively leverages the het-
erogeneous graph structure and vessel-aware attention mechanism. To further illustrate the
model’s estimation capability, Figure 6 provides a detailed time series comparison between
the estimated speeds and the ground-truth values at several representative locations. It
can be observed that the estimates produced by HGCN-VA closely follow the ground-truth
trajectories, accurately capturing both free-flow conditions and the onset, evolution, and
recovery of congestion. These results confirm that the proposed approach preserves the
temporal dynamics of traffic states while achieving high spatial interpolation accuracy.
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Figure 6. Comparison of estimation and ground truth at some time steps.

To further explore the function of HGCN-VA, we compare the HGCN-VA with the
ablated model in the two special scenarios, points near the ports and far away from the
ports. The results are shown in Table 2. Our proposed model performs better at points near
ports, while the ablated model performs better at points far away from ports.
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Table 2. Comparison of estimation errors in the near-port and far-port areas.
Near-Port Area Far-Port Area
MAE RMSE MAPE MAE RMSE MAPE
Ablated model 3.07 3.44 12.05 3.03 3.42 11.08
HGCN-VA 2.82 3.10 11.37 3.02 3.57 10.82

4.6. Ablation Study

To quantify the contributions of the port-related module in the proposed model, we
conduct an ablation study at 70% coverage rate by removing the specific module.

HGCN-VA w /0 MLP: We remove the MLP-based temporal module.

HGCN-VA w/o DGCN: We replace HGCN and DGCN with symmetric
spectral convolution.

HGCN-VA w/0o HGCN: We replace HGCN with a standard DGCN model.

HGCN-VA w/o APIN: We replace APIN with directly concentrating port features.

As reported in Table 3, the full HGCN-VA outperforms all its ablated counterparts,
confirming that each module contributes meaningfully. The removal of either spatial or
temporal components considerably inflates estimation error, indicating that speed patterns
rely on both spatial and temporal processes. Meanwhile, dropping the HGCN layer impairs
accuracy, which points to the influence of port zones on roadway conditions, and omitting
APIN uncovers the time-varying connections between ports and roads. Overall, these
results reinforce the necessity of explicit port feature encoding.

Table 3. Results of ablation studies under spatial interval of 70% coverage rate.

MAE RMSE MAPE (%)
w/o MLP 3.07 4.04 21.76
w/o DGCN 5.20 7.44 42.37
w/o HGCN 2.96 3.99 19.55
w/o APIN 3.65 4.50 23.48
HGCN-VA 2.83 3.60 12.17

Best results are bold marked.

4.7. Model Analysis

To investigate the impact intensity of ports on estimation accuracy, we conduct model
sensitivity studies on the number of HGCN layers. Table 4 shows the estimation results
under the condition of 70% average rate. As shown in Table 4, the model achieves optimal
performance with a single heterogeneous graph convolution layer. Performance degrades
progressively as the number of layers increases, suggesting diminishing returns from incor-
porating additional port area information. While port area features do exert a measurable
influence on road traffic state characterization, their temporal and spatial relationship
with road-level traffic dynamics is indirect, as evidenced by the operational characteristics
of port areas. Excessive integration of such domain-specific information may therefore
introduce noise and hinder model convergence during training. Consequently, this study
concludes that port area information serves as a beneficial auxiliary signal for traffic state
estimation, yet its contribution remains secondary and bounded. Road network topology
and spatiotemporal correlations should remain the primary modeling focus; the heteroge-
neous graph convolution module designed for port area features functions most effectively
as a complementary component, jointly enabling optimal estimation performance.
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Table 4. Speed estimation under different number of HGCN layers.
HGCN Layers MAE RMSE MAPE (%)
1 2.83 3.60 12.17
2 3.24 4.26 21.04
3 3.31 4.47 21.43
4 3.59 4.65 21.84

Best results are bold marked.

5. Conclusions

Port motorways suffer from sparse traffic detector coverage, and port activities add
extra complexity, posing significant challenges to the acquisition of high-resolution spa-
tiotemporal traffic information. The resulting data gaps pose serious obstacles to real-time
operational control of port access and distribution networks. Most existing TSE methods
focus on general motorways and urban roads, while few of them considering port motor-
ways. To explore the novel TSE methods of this specific scenario, this paper introduces
a novel GNN-based method named HGCN-VA which is characterized by its ability to
integrate vessel arrival information into TSE.

For this purpose, we design an influence-weight learning module APIN that adap-
tively aligns asynchronous port features with road traffic data. We further propose a
hierarchical spatial module consisting of HGCN layers to model cross-domain port-road
interactions, followed by standard DGCN layers to capture intrinsic traffic propagation
patterns. Extensive experiments on a simulated port motorway dataset demonstrate the
effectiveness of HGCN-VA. The key findings are as follows:

(1) High accuracy in sparse-data scenarios: In contrast to competing approaches, HGCN-
VA delivers consistently superior estimation precision under various levels of sen-
sor sparsity, demonstrating both marked performance gains and strong resilience
to missing observations. This robustness is particularly notable at low coverage
rates, where traditional methods suffer from substantial performance degradation
due to insufficient spatial information, whereas our model maintains reliable esti-
mation by effectively leveraging vessel-aware prior knowledge and heterogeneous
graph propagation.

(2) Effectiveness of port information integration: Ablation studies confirm that removing
the HGCN or APIN module leads to notable performance degradation, especially
in near-port areas. The proposed model achieves lower estimation errors near ports
while maintaining comparable performance in far-port areas. This indicates that the
vessel-aware attention mechanism successfully captures the spatiotemporal influence
of port activities on surrounding road segments, and that the hierarchical spatial
design, combining heterogeneous and standard diffusion convolutions, effectively
balances cross-domain information integration with intrinsic traffic dynamics.

The proposed model uses existing detector data and vessel schedules to estimate
network-wide traffic states in near real time. This reduces sensor deployment costs, enables
proactive congestion management informed by vessel arrivals, and supports sustainable
port operations by cutting truck fuel consumption and emissions. From a practical stand-
point, the inductive nature of the framework further allows immediate application to newly
installed sensors without retraining, offering flexibility for incremental network expansions
in evolving port environments.

There are several limitations remaining. First, while initial validation is conducted
using simulation data, it is essential to introduce more abundant real-world data into the
evaluation process, in order to identify more realistic external factors, such as weather
conditions, traffic accidents, road maintenance, and public holidays. Then, more physical
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law in port-road interactions need to be explored, including developing models with
more physical significance, exploring vessel-to-traffic propagation delays and so forth.
Integrating causal discovery or counterfactual reasoning into port motorway TSE is also
a promising direction, for instance by using port closure events as natural interventions
or employing structural causal models. What is more, sensor configuration should be
considered together with TSE.
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Appendix A. Simulation Platform for Port Motorway Network

The appendix provides a detailed description of the simulation platform used to
generate the dataset for this study. The platform is built upon the UXSIM mesoscopic traffic
simulator [43] and is extended to handle heterogeneous traffic flows (passenger cars and
container trucks).

Appendix A.1. Simulation Models

The entire simulation model contains node model, link model, and route choice model.
The node model simulates the queuing and subsequent release of vehicles. Link model
calculates the basic traffic parameters. And route choice model provides the movement
routes for vehicles.

Appendix A.1.1. Node Model

Nodes represent intersections and origins/destinations. Vehicles arriving at a node
enter a first-in-first-out (FIFO) queue. The node releases vehicles to downstream links only
if their remaining capacity is sufficient. The maximum number of vehicles that can enter a
downstream link during one time step is computed as:

Nrelease = min(Nl]uellﬁ‘rmaX(O/ kj,eq'Llink - Ncuﬂem‘)) (A1)

where k¢; denotes the equivalent jam density, Lj;;; is the link length, and At is the time step
of simulation. For heterogeneous traffic, the number of trucks is converted to passenger car
unit (PCU) using a conversion factor (1 truck = 3 PCU) before checking against capacity.
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Appendix A.1.2. Link Model with Heterogeneous Fundamental Diagram

The link model follows the triangle fundamental diagram extended to heterogeneous

traffic flows. The following intermediate variables are first computed. The effective

following length are shown as Equation (A2):

Car following car: dee = L + dec
Truck following truck: dy = L; + 0y
Car following truck: d¢; = Ly + 6t

Truck following car: dic = L¢ + 6¢¢

where L is vehicle length and J are safe gaps depending on leading/following vehicle types.

The average effective length under conditions of random mixed-model traffic compo-

sition is computed as Equation (A2):

d= P%dcc + P%dtt + PcPt(dct + dtc) (AZ)

where p. and p; are the proportions of cars and trucks, respectively.

Passenger car equivalent for trucks is as follows:

_d
dCC

Equivalent density of the link is computed as

et

keq = kphys [1 + Pt(et - 1)]

where ks = N/L is the physical density.
Equivalent free-flow speed is computed as

1
Ufmix = Pc | pr
o T
Equivalent jam density is
o — 1+pt(6t—l>
1eq d

Average reaction time is

Tavg = PcTe + PiTt

Congestion wave speed is

w— 1
Tavg ‘Kjeq
Critical density is computed as
(,U'k]',eq
kc,eq = 1
Uf mix +w

Maximum flow is computed as

Geeq = Uf mix ’kc,eq

The triangular diagram gives
Free-flow branch: geq = vf,ixkeg
Congested branch: geg = w(kjeq — keq)

(A3)

(A4)

(A5)

(A6)

(A7)

(A8)

(A9)

(A10)

Vehicle speeds are determined by the fundamental diagram and a car-following safety

constraint. Position updates follow the discrete Newell car-following model.
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Appendix A.1.3. Route Choice Model

A reactive dynamic user equilibrium model with inertia is adopted. Shortest paths
are recomputed every Aip time steps. The attractiveness Bj" of link o for destination z is
updated via exponential smoothing as follows:

B = (1 A)By' ™% 4 AbZ (A11)

Ultimately, the exit section o, of vehicle 7 is determined by the attractiveness ra-
tio of each candidate section. That is, the probability that the vehicle chooses a certain
section is the ratio of the attractiveness of that section to the total attractiveness of all
candidate sections.

Appendix A.2. Simulation Results

To evaluate the simulation’s usability, we conducted a comprehensive visual analysis
of the simulation outputs to determine whether the generated traffic data accurately reflect
real-world traffic patterns, as shown in Figure A1.

1250#6_2500

—— Overall Speed
ol — Truck Speed
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X

(a) Speed of container truck and traffic flow.
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(b) Heatmap of speed in congestion.
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(c) Distribution of average truck speed.

Figure A1l. Some results of simulation.
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As illustrated in Figure Ala, container truck speeds are marginally lower than the
overall average vehicle speed under free-flow conditions; during congestion, however,
their speeds converge with those of other vehicle classes. Figure Alb demonstrates the
simulation’s capability to reproduce upstream propagation of congestion—a hallmark of
empirically observed traffic breakdowns. Figure Alc presents the spatial distribution of
container truck speeds, revealing a clear gradient: speeds decrease proximal to the port
area and increase with distance from the port, consistent with field observations.
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