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Passenger flow distribution forecasting at
integrated transport hub via group
evolutionmechanismandmultimodaldata

Check for updates

Zhicheng Dai1,2, Dewei Li1,3 , Soora Rasouli2, Yan Feng4, Hua Li5, Linhan Zou1 & Ruonan Zhang1

Integrated transport hubs require reliable, fine-grained forecasts of crowd distribution to safeguard
operations and sustainable urban mobility. We present Group Evolution Mechanism Embedded
Network (GEME-Net), a passenger flow distribution forecasting architecture that fuses multimodal
data, including video-derived counts, digital twin-basedmobility chains, and railway/metro operations
information, via multi-graph spatial representations and event-aware temporal modules, with a
distilled lightweight studentmodel for deployment. In a real-world case at ShanghaiHongqiao,GEME-
Net consistently outperforms statistical, convolutional, recurrent, graph-based and Transformer
baselines across MAE, RMSE and WMAPE, while retaining inference latency compatible with near-
real-time use. Ablations indicate that schedule encoding and event-driven frequency enhancement,
together with learned long-range and community graphs, are principal contributors to accuracy. By
coupling operational signals with spatial semantics, our approach improves hub-scale situation
awareness and short-horizon decision support, offering a practical route to resilient crowd
management without asserting broader societal or policy impacts.

Amid the intensifying global warming and environmental pollution, the
pursuit of sustainable transportation solutions has become an urgent
priority. Multimodal public transportation systems, integrating buses,
subways, railways and other modes, offer a viable path for reducing carbon
emissions, alleviating urban congestion and promoting sustainable urban
development1. Compared with traditional single-mode systems, multi-
modal transport significantly enhances travel efficiency2, reduces environ-
mental burdens3, and plays a vital role in addressing climate change and
advancing sustainability. Integrated transport hubs serve as the core nodes
of multimodal transportation networks. These hubs connect various
transport modes within and between urban regions, ensuring the seamless
daily mobility of residents and travelers4. As crucial anchors of urban
transport systems, they greatly facilitate commuter, tourist, and business
travel by optimizing transfer experiences and improving service
accessibility5, thereby encouraging greater public transit utilization.

As illustrated in Fig. 1, an integrated transport hub is defined as a
comprehensive infrastructure connecting multiple transport services, typi-
cally encompassing railway, metro, bus, and airport nodes. By providing a
unified platform for intermodal connectivity, such hubs enable efficient and
convenient transfers for daily travelers. However, the operation of these
hubs faces several significant challenges:

(1) Crowd and safety: With the convergence of multiple transport modes,
integrated transport hubs are often required to handle enormous
volumes of passenger traffic. During peak hours, concentrated inflows
may lead to severe crowding, exceeding the hub’s designed capacity
and posing serious challenges to operational efficiency and passenger
safety.

(2) Complex passenger composition and spatiotemporal distribution.
Passenger flows within hubs are composed of heterogeneous groups,
including commuters, tourists, and business travelers. At the same
time, hubs typically integrate a variety of non-transportation services,
such as retail, dining, and leisure facilities, leading to increased
heterogeneity in passengers’ spatial travel behavior. The overlap of
different travel purposes and transportation modes results in complex
passenger flow generation patterns and spatial-temporal distributions.
This diversity increases the difficulty of accurate prediction and real-
time management, presenting significant operational challenges.

(3) There is no clear quantitative method yet for assessing the impact of
public transport operations on passenger flowfluctuations.Despite the
heterogeneity of travel within a given space, passenger behavior within
a hub is still largely constrained by the operational dynamics of public
transport as departure time approaches. Therefore, it is necessary to
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propose expressions that can quantify regional passenger flow fluc-
tuations and multi-modal transport operational dynamics. Effectively
modeling and accurately predicting these evolving patterns remain
major technical and practical challenges.

To address the aforementioned challenges, it is essential to gain a
deeper understanding of individual passenger behaviors within the hub’s
spatial environment.At the same time, integratingmultimodal data, such as
multi-angle surveillance video within the infrastructure, ticketing records,
and public transportation operational data, enables the construction of
more accurate passenger flow prediction models. Given the need for real-
time demand forecasting in order to optimize hub operations, it is also
crucial to develop lightweight predictive models that can deliver fast and
reliable forecasts at low computational cost, thereby supporting dynamic
and responsive management.

Passenger flow forecasting, as a classic time-series prediction
problem, can generally be categorized into traditional statistical
methods and machine learning-based approaches. Early studies often
relied on parametric models, such as Autoregressive IntegratedMoving
Average (ARIMA) models6–8 and historical average models (HA)9.
However, these methods face substantial limitations when dealing with
the complex and nonlinear dynamics of passenger flows, restricting
their applicability in real-world scenarios10. During the same period,
some researchers turned to computer-based simulation approaches.
These include macroscopic dynamic models11,12 and microscopic
individual-based behavioral models13–15, which simulate the dynamic
evolution of crowds over time by scheduling agents’movements within
virtual environments. While such simulations help capture basic
structural patterns of flow and provide short-term demand estimations,
they face challenges similar to those of parametric models. Essentially,
simulation methods rely on parameterized assumptions about indivi-
dual passenger behavior16 or macroscopic flow dynamics. As a result,
they struggle to accurately reflect the complex relationships between
traveler movement, spatial layout of facilities, and external events in

transport hubs, often leading to significant discrepancies between
predicted and actual flow patterns.

The application of machine learning has introduced new perspectives
to the task of accurate passenger flow forecasting. Algorithms such as
Support Vector Machines (SVM)17,18, k-Nearest Neighbors (KNN)19,20, and
Kalman Filtering21 have been employed to predict passenger volumes,
achieving improvements in forecasting accuracy.However, thesemodels are
limited in their ability to capture spatial features and long-term temporal
dependencies inherent in time-series data, making them unsuitable for
simultaneous forecasting across multiple spatial regions. Emerging deep
learning techniques have become powerful tools for improving forecasting
performance. In 2015, the Long Short-TermMemory (LSTM) networkwas
first introduced into the field of traffic flow prediction22. Since then, a wide
range of deep learningmodels based on architectures such as Convolutional
Neural Networks (CNN)23,24, Gated Recurrent Units (GRU)25,26, and
LSTM27,28 have been proposed for passenger flow forecasting. Subsequent
research recognized that regions within a transport network are not inde-
pendent entities. Accordingly, many studies incorporated traffic network
topologies into their model inputs and employed graph-based neural net-
work modules, such as Graph Convolutional Networks (GCN)29,30, Graph
Attention Networks (GAT)31,32, and Graph Transformermodels33 to jointly
model temporal and spatial dependencies, thereby further enhancing pre-
dictive accuracy.However, several limitations remain in current research on
passenger flow distribution forecasting in transport hubs. First, most
existing models focus on coarse-grained metrics such as total inflow and
outflowvolumes at stations34–36, with limited attentionpaid tohow the intra-
station spatial distribution of flows affects overall operational efficiency.
Second, although spatial information has been widely incorporated into
predictive models, the modeling of spatial networks is often based solely on
the physical layout of the facility37,38 or pre-defined activity routes39. This
approach neglects the spatiotemporal correlations between non-adjacent
areas and fails to account for actual passenger behavioral patterns, limiting
the model’s ability to capture the complex, dynamic relationships across
functional areas within the hub. Considering external factors influencing

Fig. 1 | A real-world integrated public transportation infrastructure system. Travelers from multi-modal transport (airline, urban rail, road) converge in the space.
Activities within the space are driven by the heterogeneous needs (ticketing, shopping and waiting) and travel purpose.
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passenger flow fluctuations is also indispensable. Although existing pre-
diction models incorporate and quantify the impact of weather27, social
media10, and other information on passenger flows, thereby enhancing
prediction accuracy, they lack deep exploration and quantification of
external data, such as transportation operational information, which
undoubtedly drives individual passenger travel behaviors. Consequently,
these models have not yet established a modeling framework that captures
the associationmechanisms between passenger flowfluctuations and public
transportation operational information.

In recent years, the introduction of the Transformer architecture40 has
brought a newparadigm to the design of passenger flow forecastingmodels.
By leveragingmulti-head attentionmechanisms, Transformer networks are
capable of adaptively capturingmulti-scale temporal dependencies in time-
series data while simultaneously modeling spatial–temporal correlations.
These capabilities have established Transformer-based models as the state-
of-the-art in the forecasting domain. Transformer-based approaches41,42

have effectively addressed key limitations of traditional deep learning
models, such as the difficulty in integrating spatial and temporal features
and modeling long sequences. Specifically, the global self-attention
mechanism at the core of Transformers inevitably incurs substantial com-
putational overhead, which limits their suitability for real-time applications
where fast inference is essential. As predictive models are increasingly
expanded and deployed in real-time public transportation systems, keeping
a balance betweenmodel complexity and predictive performance remains a
critical challenge.

Building upon the limitations identified in existing studies, we position
our work as a methodological and empirical contribution to hub-scale
passenger flow forecasting. First, we design a regression-informed Train-
Schedule Effect Encoding and an Event-Driven Frequency-Enhanced
Module (TSEE and EDFEM) that translates timetable-driven influence into
sparse attention masks and frequency-enhanced features, improving the
predictive model’s responsiveness and learning capacity regarding the
short-term impact of event-induced volatility. Second, utilizing mobility
chain data from VR behavioral experiments as input, we propose a graph
construction strategy driven by topological features. This approach gen-
erates three spatial correlation graphs, integrating diverse spatial association
patterns derived from the mobility network’s topological structure. This
enables a fine-grained representation of the non-local correlations and
evolutionmechanisms underlying spatial passengerflows. Third, leveraging
the fusion of operational data of the integrated transportation hub and
spatial correlation graphs constructed above, we propose a robust and
generalizable passenger flow distribution forecasting model, named Group
Evolution Mechanism Embedded Network (GEME-Net). The model
accounts for multiple dimensions of external factors—including passenger
behavior, facility layout, and operational events—and embeds spatial-
temporal features to enhance its adaptability to heterogeneous passenger
groups and diverse spatial settings. GEME-Net addresses the shortcomings
of traditional approaches in accurately predicting passenger dynamics
under complex and variable conditions.

In terms of practical value for improving the operational efficiency of
public transportation and enhancing passenger travel experience, our
research offers several key contributions. Specifically, we employ knowledge
distillation techniques to transfer knowledge from a complex deep learning
model (teacher model) to a lightweight model (student model). This
approach reduces computational costswhilemaintaining stable and reliable
predictive performance. As a result, the distilled model could meet the
practical requirements of real-time management and dynamic control in
integrated transport hubs, where high efficiency and fast inference are
essential for responsive operational decision-making.

Methods
Data sources
For empirical validation of our prediction framework, this study selects the
Hongqiao Station located inMinhangDistrict, Shanghai, China, as the case
study site. The Shanghai Hongqiao Integrated Transport Hub spans a total

area of over 1.3 million square meters, with the main waiting hall covering
~11,340 square meters and capable of accommodating up to 10,000 pas-
sengers simultaneously. The hub is seamlessly connected to Shanghai
Hongqiao International Airport, as well as Shanghai Metro Lines 2, 10, and
17, and the city’s road transportationnetwork.Thefloorplan and functional
area of Hongqiao Station’s layout scheme are illustrated in Fig. 2.

The multimodal input data used in this study consist of three main
branches: (1) time-series data of passenger flow distributions, (2) passenger
mobility chain datasets, and (3) public transport operational information
linked to railway infrastructure.

These datasets are sourced respectively from: (1)monitoring videodata
distributed throughout the hub infrastructure; (2) behavioral experiments
conducted within a digital twin representation of the hub; (3) the Electronic
Ticketing Management System (ETM).

First,monitoring video datawas extracted from the stationmonitoring
system for August 10, 2024, covering the period from 7:00 to 20:00, the
operational hoursduringwhich the infrastructure is open topassengers.The
video data were collected from 18 predefined areas located across the
waiting hall level and the commercial level. To process this data, we
developed an Automated Passenger Counting (APC) system. The system
segments input surveillance videos from each zone into 10-second intervals,
and then utilizes the BaiduAI Platform’s automatic passenger countingAPI
(https://ai.baidu.com/tech/body/num) to detect and count individuals
within predefined spatial regions. Finally, time-aligned passenger counts
from all zones are aggregated to generate the spatiotemporal passenger flow
distribution dataset Xp

N;Th
used in this study.

Xp
N;Th

¼

xp1; t�Thþ1 � � � xpN; t�Thþ1

xp1; t�Thþ2 � � � xpN; t�Thþ2

..

. . .
. ..

.

xp1; t � � � xpN; t

0
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1
CCCCCA ð1Þ

whereXp
N;Th

2 RTh ×N represents the collection of passengerflowdata forN
functional areas over Th historical time steps. xpN;t represent the passenger
flow data for area N at time t.

Second, to capture the complete mobility chains of passengers within
the hub space, we constructed a high-fidelity digital replica of Shanghai
Hongqiao Station, including all vertical levels and the connecting corridors
to metro station exits and the airport transfer passages. Behavioral experi-
ments conducted within digital representations of public spaces have been
proven effective in studying pedestrian wayfinding strategies43. The digital
environment was developed following a three-layer framework: Physical
Layer→ Input/Output Layer→Digital Layer, as illustrated in the “Digital
Scenario Layer”module of Fig. 3.

In October 2024, we recruited 60 graduate students (35 male, 25
female; aged 21–30, average age 24.3) to take part in abehavioral experiment
based on the digital environment. Prior to the experiment, each participant
completed a questionnaire that collected demographic information (e.g.,
gender, age, previous railway travel experience) and habitual behaviors (e.g.,
whether they typically collect tickets or shop during waiting periods). Par-
ticipants who reported such non-mandatory behaviors were assigned
optional task nodes (e.g., ticketing, shopping) in the digital scenario,
allowing their behavior in the virtual environment to realistically reflect their
real-world travel habits. In themain experiment, each participantwas asked
to complete six independentwayfinding tasks.At the beginningof each task,
the system randomly assigned an entry gate and a target boarding gate
corresponding to a specific train, simulating realistic multimodal transfer
scenarios. Each trial ended once the participant reached the assigned
boarding gate.

During the experiment, participants’ movements were recorded at a
frequency of 1 second, resulting in a total of 420 valid trajectory sequences.

We treated the transfer counts between regional pairs as count vari-
ables and examined their distributional characteristics to estimate the
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minimum sample size required for the study. The overall transfer frequency
histogram (Fig. 4) shows a pronounced right-skewed distribution. The
Kolmogorov–Smirnov test (statistic = 0.457, p < 0.001) rejected the Poisson
distribution. We therefore compared Poisson, mixed Poisson, and negative
binomialmodels, using theminimumAICcriterion formodel selection, and
found that the negative binomial model (AIC = 1626.6) provided a sig-
nificantly better fit. Accordingly, the negative binomial distribution was
adopted to characterize the transfer counts. This result confirms the heavy-
tailed property, where a small number of high-frequency transfers dominate
the overall transfer pattern. Based on this, we assumed that the typical
transfer probability corresponds to the contribution ratio of highly corre-
lated regional pairs and used the top 10% of high-transfer pairs as the
estimation benchmark. The theoretical minimum sample size was then
calculated using the standard single-population proportion formula44

�n ¼ Z2
α=2 � p � ð1� pÞ=E2, with a 95% confidence level (Zα=2 ¼ 1:96) and

an error margin E = ± 5%. The resulting minimum sample size was 322,
indicating that the 420 activity-chain records obtained from behavioral
experiments in this study meet the required threshold.

Each trajectory sequence contains the 3D spatial coordinates and
corresponding timestamps t’ of a participant i’s position piðt0Þ ¼
fxiðt0Þ; yiðt0Þ; ziðt0Þg in the digital environment. Subsequently, we applied a
region-matching function δi;nm to identify and record the sequence and
timing t’ of area n’s entries during each participant’s activity. These entries
were mapped to a predefined set of bounded spatial regions
Rn
m;RmfRn

mjk ¼ 1; 2; . . . ;Amg;Rm, denoted as a collection of functional

zones within the station, each defined by a number of Am known set of
vertex coordinates in the facility layout.

δi;nm ðt0Þ ¼ 1; piðt0Þ 2 Rn
m

0; otherwise

�
ð2Þ

As illustrated inFig. 5, eachparticipant’s activity sequencewas encoded
based on the order in which they entered functional areas, starting from
their initial entry into the station environment. By sequentially labeling the
identified regions according to the first time of entry, we constructed a set of
mobility chains LT that represent the ordered spatial trajectories of pas-
sengers within the hub.

The public transportation operational data used in this study include:
(1) railway timetables connected to the hub, (2) urban rail transit (URT)
timetables, and (3) ticketing records extracted from the Railway ETM
during the study period. All three datasets were resampled to align with the
temporal resolution of the passenger flow data, enabling seamless integra-
tion into the forecasting model.

Exploratory characterizationofHongqiaohub’smobility network
To study the topological characteristics of passenger collective mobility
networks from amacroscopic perspective, this research integrates the set of
mobility chains obtained from prior behavioral experiments in a digitalized
hub scenario. We transform the mobility chains into a directed weighted
mobility network,where theweight on edge i to j equals the number of times

Fig. 2 | The layout and area division plan of the Shanghai Hongqiao integrated transport hub. Entrance area: 1,2,9,12,15. Ticketing area: 3,4,5,7. Waiting area: 8,10,11.
Commercial area: 14,16,17,18. Transition area: 6,13.

https://doi.org/10.1038/s44333-025-00072-2 Article

npj Sustainable Mobility and Transport |             (2026) 3:6 4

www.nature.com/npjsustainmobiltransport


region j follows i in the sequences. The average clustering coefficient and
the average shortest path length are calculated as key indicators to
characterize the network’s “small-world” properties, aiming to explore
the spatial aggregation of regions induced by collective passenger
activities. A randomized reference network is constructed as a baseline
for comparison, and based on the small-world model proposed by
Watts and Strogatz45, the overall small-world characteristics of the
mobility network are quantitatively evaluated. The results show that the
network’s average clustering coefficient (for each node in the network,
the ratio of the actual number of connections between neighboring
nodes to the possible number of connections) is C ¼ 0:63, and short
average path length is L ¼ 2:58 (which is a topological distance con-
sidering one unit for each edge connecting two nodes), the global small
world coefficient (the clustering degree and average shortest path length

of the network are compared to the corresponding values in the random
graph of the same size. The larger the value, the stronger the small-
world property of the network is σg ¼ 1:88, yielding a high global small-
world coefficient. This indicates that the network exhibits significant
small-world properties, with strong local clustering among functional
areas. Furthermore, for the undirected version of the activity network,
node-level metrics including degree centrality, betweenness centrality
and closeness centrality are calculated. The top 10 functional areas
ranked by degree centrality are listed in Table 1. Among them are areas
8, 10, 11, 15, and 20, which include waiting areas and commercial zones
near metro transfer corridors, exhibiting high centrality and playing
crucial roles in both connectivity and mediating flows across the net-
work. These areas are thus key to hub operations and passenger flow
guidance.

Fig. 3 | Preprocessing and input flow of spatially relevant multimodal data for an integrated transport hub.

Fig. 4 | Distribution fit of passenger area transition
frequencies: Poisson, Negative Binomial, andMixed
Poisson.
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The study further applies the Greedy Modularity Algorithm46 for
community detection within the activity network. The algorithm first treats
each node as an individual community. Then repeatedly selects the pair of
nodes whose merger maximally increases the network’s modularity and
immediately merges them into the same community. Each identified
community subnetwork is then analyzed separately for small-world char-
acteristics, enabling the identification of localized small-world structures. As
shown in Fig. 6, the visualization of highly cohesive subnetworks reveals a
clear pattern of “transport mode homogeneity” in community divisions.
That is, nodes representing functional areas within the same community
(indicated by the same color) tend to serve passengers arriving via the same
mode of transportation. As observed in Table 2, areas within a single
community, such as ticketing zones and commercial areas near metro
transfer corridors—form subnetworks with high transition probabilities
and significantly higher internal edge densities compared to inter-
community connections. This structural pattern unveils the functional
stratification of station interior space, where passengers associated with
different transport modes self-organize into topologically distinct sub-
systems within the network.

This process, at the macroscopic level, reveals that the mobility net-
work of passengers arriving via multi-modal transportation within the hub
exhibits a significant spatial clustering effect. Simultaneously, at the
microscopic level, it provides deeper insights into the spatial interaction
characteristics among specific functional areas within the hub.

Causal association between operational information and flow
fluctuations
To verify and quantify the strength of correlation between passenger flow
fluctuations within different functional areas and the occurrence of public
transportation operational events, this study employs Granger causality
tests47 to assess the statistical significance of the relationship between
operational events and regional passenger flow dynamics. Furthermore, a
multiple linear regressionmodel is constructed to establish causal regression
relationships. By recording the occurrence of operational events at time step
t, the regression coefficients are used to capture the direct contribution of
each event type to passenger volume changes in eacharea. These coefficients
serve as indicators of the causal association strength between operational
events and passenger flow variations.

Xp
n;t ¼

Xl

d¼1

β1;d;n � Et�d þ
Xl

d¼1

β2;d;n � Ut�d þ
Xl

d¼1

γd;n � CVn;t�d þ εn;t

ð3Þ

where, β; γ denote the regression coefficient measuring the direct con-
tribution of an operational event (railway train departure Et , metro train
arrival Ut) to passenger volume in a given area, and εn;t represent the
random error term. If βe;d;n > 0(when the coefficient is less than 0, it is
uniformly treated as 0), the operational event is considered to have a
Granger causal relationshipwithpassengerflow inarean, indicating that the
event can statistically explain future fluctuations in that area’s flow. Addi-

tionally, CVn;t�d ¼ σsðXp
n;t�d:t

Þ
μsðXp

n;t�d:t Þþε
denotes the coefficient of variation of pas-

senger volume in area n, calculated over a fixed lag window of length l. It is
defined as the ratio of the standard deviation σs to the mean μs within the
window and is used to capture local fluctuation characteristics of passenger
flow in the area.

The results indicate that the average regression coefficient of railway
train departure events on station-wide passenger flow fluctuations is 62.5%
higher than that ofmetro train arrival events. As shown in Fig. 6a, b, railway
departures exert a stronger and more sustained impact on passenger flow
variations in different areas of the station compared to metro arrivals. The
scatter plot in Fig. 6c further demonstrates that the causal strength remains
positively correlated with network distance, suggesting that the influence of
railway departures extends broadly across spatial regions. Furthermore, as
the departure time approaches, the further away from the ticket gate, the
greater the intensity of passenger flow fluctuations. In contrast, the

Table 1 | Feature metrics of the top 10 high-centrality
regional nodes

Node Degree
centrality

Betweenness
centrality

Closeness
centrality

Eigenvector
centrality

8 0.421 0.306 0.527 0.391

11 0.368 0.454 0.593 0.435

10 0.316 0.227 0.501 0.311

20 0.263 0.084 0.463 0.306

15 0.263 0.125 0.380 0.168

13 0.263 0.159 0.487 0.256

19 0.263 0.127 0.463 0.271

6 0.211 0.079 0.452 0.221

4 0.158 0.007 0.373 0.165

1 0.157 0.017 0.432 0.222

Degree centrality represents the proportion of a node’s neighbors to all possible connections.
Betweenness centrality measures how often a node serves as the “shortest-path bridge” between
pairs of nodes in the network. Closeness centrality reflects the average length of the shortest paths
from a node to every other node in the network. Eigenvector centrality is derived from the leading
eigenvector of the network’s adjacency matrix and evaluates centrality by considering both the
number of a node’s connections and the importance of the nodes it connects to.

Fig. 6 | Visualization of the distribution of community sub-maps in spatial
functional areas. The node numbering in the figure follows the same definition as
previously described. Nodes within the same community are represented by the
same color.

Fig. 5 | A reconstruction and coding method for travelers’ mobility links based on
behavioral experiments.
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association map for metro arrivals (Fig. 6d) shows no significant trend,
indicating that their impact is highly localized. We attribute this phenom-
enon to the differences in the spatiotemporal propagation patterns between
the two types of operational events:

Railway train departures and metro arrivals differ markedly in the
intensity, synchronization, and spatial propagationof passengerflow shocks
within integrated transport hubs. Railway departures trigger high-intensity
shocks strongly synchronized with collective passenger behaviors, mani-
festing as densely clustered crowds near waiting halls and ticket gates as
departure times approach, with single-event inflows ranging from102 to 10³
passengers. These intense and synchronized flows generate chain-like
fluctuations propagating widely along highly coupled pathways identified
through small-world network analysis, often reaching distant, functionally
distinct areas such as commercial and dining zones. In contrast, metro
arrivals occur more frequently but involve smaller passenger volumes
(typically between 101 to 102) and induce rapid passenger dispersal due to
varied individual travel routes. Consequently, their impacts remain spatially

localized within subnetworks such as concourses and transfer corridors,
without significant long-range interactions, consistent with the small-world
functional network’s characteristic of forming spatially distinct commu-
nities with limited inter-community coupling.

To further verify the relationship between the strength of regional
passengerflowfluctuations and the distance from the event occurrence area,
defined as the metro exit or the ticket gate associated with the departing
railway train at the current time, we conducted correlation tests (Pearson
test) and linear fitting based on the scatter plots in Fig. 7c, d. The results
reveal a significant positive correlation between passenger flow fluctuations
and railway train departure events, with a Pearson correlation coefficient of
0.8395 and a high goodness-of-fit in the linear regression
(p ¼ 0:0059 < 0:05,R2 ¼ 0:9405). This indicates that the impact of railway
departures on the intensity of regional passenger flow fluctuations increases
with increasing spatial distance. In contrast, for metro train arrival events,
the correlation between passenger flow fluctuations and distance is not
statistically significant (p ¼ 0:33411 > 0:05), and the linear regression

Table 2 | Subnetwork node composition and characteristics

Community Size σs Path length Aggregation factor Nodes

1 6 1.24 1.29 0.64 4, 7, 10, 15, 16, 17

2 3 1.01 1.33 0.58 1, 11, 18

3 7 1.13 1.57 0.52 3, 5, 8, 9, 12, 13, 14

(Size represents thenumberof nodescontained indifferent communities). Path length is theaveragedistancebetweennodeswithin acommunity. Thecalculationmethod for σs is the sameas that for σg , but

the research subjects are various communities. Only subnets with a small-world coefficient σs greater than 1 are retained.

Fig. 7 | Visualization results of the association between two public transport
operational events and regional passenger flow dynamics. a shows the railway
departure event, and b shows the metro train arrival event. Scatterplot of correlation
strength of passenger flow fluctuations versus network distance from the event area.

c, d show the distance and strength of association of the region with railway train
ticket gates and metro exit lanes, respectively. Distance and correlation data are
normalized separately in order to keep the indicators on the same scale.
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exhibits a low goodness-of-fit (R2 ¼ 0:4892). This supports the conclusion
that metro-induced flow variations are localized and do not exhibit a clear
spatial decay pattern. Table 3 summarizes the linear regression results for
both event types.

Optimization strategies for passengerflow forecastingmodeling
Based on the previous analysis, we propose twomodeling optimizations for
passenger flow prediction: graph construction and transit event encoding.
Previous studies have shown that consideringmultiple spatial dependencies
in passenger flow prediction tasks can help improve prediction accuracy10.
Consequently, we constructed three types of spatial correlation graphs,
namely the collective activity long-range correlation graph Gc, the regional
spatial clustering correlation graph Gr and the activity intensity correlation
graph Ga. These graphs are used to model the long-range coupling char-
acteristics between regions in the activity network (the passenger-activity
network’s average clustering coefficient is markedly higher than that of a
random graph of the same size, while its average shortest-path length is
comparable to the randombaseline.As a result, functional zones that appear
far apart can typically be reached through only two or three transfers,
forming cross-area “long-range coupling” shortcuts), the strong correlation
between passenger flows in adjacent regions within a community (com-
munity testing results reveal the spatial activity homogeneity of passengers
traveling by the same mode of transport, indicating a high degree of cor-
relation between passenger flow dynamics between adjacent nodes within
the same community), and the similarity in passenger flow fluctuations
between non-adjacent regions with similar service functions (within each
community, the nodes generally include a mix of functional areas such as
ticketing zones, commercial areas, and waiting halls, rather than clusters of
homogeneous functions. This reflects a high degree of similarity in the
spatiotemporal utilization of hub resources, leading to similar intensities of
passenger activity over time).

For the construction of graphGc, we propose a Temporal-Aware Skip-
Gram semantic model, which extends the traditional Skip-Gram48 by
introducing a direction-sensitive, dynamic sampling window. This allows
the model to capture unidirectional transitions and temporal constraints in
passenger movements within the hub via learning semantic associations
derived from passenger mobility chains. By inputting the set of passenger
mobility chains LT , edges are constructed between nodes with high co-
occurrence frequency, enabling the model to learn functional semantic
associations and long-distance spatial dependencies beyond the physical
topology. The size of the dynamic window is jointly determined by a base
size (to prevent overfitting from an overly small window) and a function
modulated by a distance-sensitivity coefficient.

wtðvr;cÞ ¼ wbase þ
ηt

minj > cDc;j

$ %
ð4Þ

wherewtðvr;cÞ indicates the sliding window size with vr;c as the target node.
wbase denotes the base window size(set its value to the average length of the
mobility chain),minj > cDc;j is theminimumEuclidean distance between the
target node vr;c and a future node vr;j; j > c (appearing after central node
vr;c; c <m, r is the mobility chain number) in the mobility chain, and ηT is

the distance sensitivity coefficient expressed as an exponential function. By
treating the future node within the sliding window as the context node, the
model samples temporal co-occurrence relationships between the target
node and context nodes. Only future nodes are sampled to respect
directionality. To achieve this goal, the dv dimensional feature vector for
each node’s spatial characteristics is learned byminimizing the negative log-
likelihood loss LSG between the target node and context node. Finally, the
cosine similarity between these feature vectors is used to quantify the spatial
correlation between areas.

LSG ¼ �
Xr

c¼1

Xwt ðvr;cÞ

kc¼1

log pðvr;cþkcjvr;cÞ ð5Þ

In constructing Gr , the study employs PageRank centrality49 and
Dijkstra-based distance decay to reconstruct the influence range of physi-
cally neighboring functional areas in the mobility network. This approach
can identify node pairs that are both physically close and have strong flow
interaction, leading to the construction of the regional spatial clustering
correlation graph Gr .

PRi ¼
XN
j¼1

Erði; jÞ× PRj

kdðjÞ
ð6Þ

Wrði; jÞ ¼
PRi × PRj

Dij
ð7Þ

where PRi represents the PageRank score of node i. The computational
process canbedescribedas adampedrandomwalkonadirectedgraph,where
each step involves a uniform transition along outgoing edges with a certain
probability, and a random jump to any node with the remaining probability.
The steady-state visitation probability at each node ultimately constitutes its
PageRank score. kdðjÞ denotes the degree of node j. Dij is the shortest route
length calculated byDijkstra’s algorithm between nodes i and j. Our objective
is to assign greater weight to links connecting nodes with higher PageRank
(those connected to more nodes) and their neighboring nodes (those with
shorter distances), thereby emphasizing high-throughput neighboring
pairings. The edge set (binary variable) Er is constructed based on the actual
physical topology. We consider area i and j to be topologically directly
connected if there is no need to reach region j from area i through other areas.

Graph Ga is constructed based on two key temporal features of each
node, stepwise rate of passenger flow change (the first-order difference of
passenger flow between successive time steps) and global trend of variation.
These are derived from the original passenger flow time series for each
region.Amoving averagefilter50 is applied to extract trend components, and
a high-pass filter is used to isolate high-frequency fluctuations. To eliminate
sequence-similarity errors caused by phase shifts arising from sequence
fluctuations, thereby accommodating passenger-flow sequences from dif-
ferent regions that share the same shape but are time-misaligned, the
dynamic time warping (DTW) algorithm51 is employed to compute the
combined similarity (weighted sum of similarity between two trends across
areas) between areas. The similarity is then used to assign edge weights
between nodes in Ga.

To explicitly embed the impact of public transportation operational
events into the passenger flow prediction model, this study designs an
Event-Driven Spatio-Temporal Focus Module (EDSFM) including Train-
Schedule Effect Encoding (TSEE) andEventDriven SparseAttention. Based
on previously estimated multivariate regression coefficients quantifying the
influence of operational events on regional flow fluctuations, TSEE models
the shock effects of both railway and urban transit (metro) train arrivals/
departures as well as railway ticketing information. Thismodule enables the
model to incorporate the dynamic impact of operational schedules on
passenger flow variations across functional areas.

It;n ¼ α1;nð0:94 � dnÞEt
Pt
�P

� �
e�

t0�t
τ1 þ α2;nUte

�t�t0
τ2 ð8Þ

Table 3 | Results of fitting the relationship between the
correlation strength of passenger flow fluctuation and the
distance from the event area

Scenario Railway URT

Formulas yr ¼ a1xr þ b1 yu ¼ a2xu þ b2

Parameters a1 b1 a1 b2

Value 0.94 −0.017 0.54 0.02

xr and xu represent the distance from the target area to the ticket gate and the subway entrance. yr
and yu represent the correlation strength between two operational events and passenger flow
fluctuations.
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where αe; e 2 f1; 2g denotes the influence weights of two types of events on
different areas. Et for the number of railway train departures andUt for the
number of urban rail arrivals (discrete variable). Theseweights are themean
values of the full-period regression coefficients obtained by Granger causal
analysis for the corresponding events in thenth area. �P represents the average
number of tickets sold per train on a given day, used for normalization.
τe; e 2 f1; 2g is the duration of the event’s influence, these values are set as
30minutes and 15minutes according to empirical observations of transit
operations. t0 is the timestamp of the event, and dn denotes the topological
distancebetweenarean and the event location.Anexponential decay term is
introduced in the formula to model the temporal attenuation of the event’s
impact.

Forecasting problem definition
We define the passenger flow prediction problem addressed in this study
before introducing the prediction architecture. The task can be stated as
follows: given the passenger flowmatrix Xp

N;Th
2 RTh ×N over Th historical

periods, themulti-type spatial association graphsG includingGc;Gr andGa
the public transportation operation data PTTh × 3, the goal is to learn a
mapping function f ð�Þ to predict the passenger flow vectorXp

N;Thþtf in each
area for the future time period tf .

Xp
n;tsþtf ¼ f ðXp

n;ts;Gc;Gr;Ga; PTÞ ð9Þ

Re-parameterized convolution embedding
The architecture of the proposedGEME-Net is illustrated in Fig. 8, adopting
an encoder-decoder framework composed of multiple sub-layers. At the
initial stage, a re-parameterized convolutional embedding layer52 is applied

to transform the raw temporal passenger flow data from multiple regions
into dense vector representations. This step captures fine-grained temporal
fluctuations and spatiotemporal dependencies, serving as the input features
to the encoder. During the re-parameterized convolutional embedding
process, the passenger flow distribution data Xp

N;Th
2 RTh ×N is mapped

into a 3D tensor X0 2 R1 ×Th ×N and the original convolutional kernel
weightsWrc 2 RCout ×Cin=gr × krc × krc are initialized as an all-zero tensor.Here,
Cin and Cout denote the number of input and output channels, gr is the
number of groups, and krc is the kernel size. These weights are learned via
gradient updates during training. Next, kernel domain unfolding is applied:
the convolutional kernels are flattened into 2D local convolutional feature
maps Wflatten

rc 2 R1 ×Nk × krc × krc ;Nk ¼ Cout � Cin for each spatial group. A
kernel-space convolution km × km is then performed over these maps to
learn intra-kernel structures in Eq. (10). To reduce noise and improve
stability, depthwise separable convolution is used, enabling adaptive
smoothing of the raw weights while reducing OðN � krcÞ computational
complexity. In the weight reassembly stage, the original kernel Wrc 2
RCout ×Cin × krc × krc is fusedwith the learned structural kernelŴrc via element-
wise addition to produce the final kernel Wfinal

rc 2 RCout × ðCin=gr Þ× krc × krc in
Eq. (11). This final kernel is then used in standard convolution to extract
temporal dynamic features from the input, as shown in in Eq. (12).

Ŵrc ¼ Conv2Dkm × km ðWflatten
rc ; θrcÞ ð10Þ

Wfinal
rc ¼ Wrc þ reshape ðŴrcÞ ð11Þ

Zrc ¼ Conv2Dkrc × krc ðX0;Wfinal
rc Þ ð12Þ
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where θrc 2 RðCout �CinÞ× 1 × krc × krc denotes the kernel-spacemappingweights.
The original input Xp

N;Th
2 RTh ×N × 1 is ultimately embedded into a high-

order spatial representation Zrc 2 RCout ×Th ×N . This efficient re-
parameterized convolution process reduces parameter overhead while
enhancing the model’s ability to decouple multi-scale temporal features,
thereby providing a robust foundational representation for the subsequent
encoder’s feature learning.

Encoder
The encoder consists of a projection layer, composed of a causal temporal
convolution and a linear transformation, followed by stacked residual-
connected encoder layers. Each encoder layer integrates four core compo-
nents: the Multi-Scale Retention Rate Attention module explicitly models
temporal dependencies across multiple time scales, focusing on local pat-
terns while suppressing noise from distant time steps; the Event-Driven
Frequency-Enhanced Module emphasizes learning from specific passenger
flow frequency fluctuations induced by public transportation events,
enhancing the model’s responsiveness to short-term event-driven changes;
the Spatial-Temporal Adaptive Multi-Graph Convolution Network (ST-
AMGCN) dynamically constructs adaptive adjacency matrices to capture
complex and evolving spatial dependencies, enabling flexible spatio-
temporal representation; and the Cross-Modal Self-Attention (CMSA)
module performs deep alignment and cross-attention between spatial and
multi-scale temporal features, facilitating efficient integrationofmultimodal
information. The outputs from all modules are fused through CMSA and
passed througha fully connected layer to generate the encoder’sfinal output,
which is then fed into the decoder.

Event‑driven frequency‑enhanced module
The Event-Driven Frequency-Enhanced Module consists of two sequential
submodules: Event-Aware MOE-Decomposition (EA-MOE) and Event-
Driven Frequency-Enhanced Attention (ED-FEA). EA-MOE performs
explicit temporal decomposition, stabilizing trend extraction andmitigating
overfitting caused by abrupt event-induced fluctuations. ED-FEA then
employs spectral gating masks to enhance periodic signals associated with
transit events, enabling downstream attentionmechanisms to focus directly
on short-term, high-amplitude variations driven by those events. EA-MOE
takes as input the historical passenger flow data Xp

N;Th
2 RTh ×N and public

transit event data PT on the same time scale. A multi-scale sliding average
pooling is applied along the temporal axis to extract trend features T ðmÞ

E at
different scales, producing five expert-specific trend representations in Eq.
(13). Simultaneously,PT is embedded via a fully connected layer into a low-
dimensional event feature vector, which is then processed by another fully
connected layer to generate gating weights for each expert in Eqs. (14) and
(15). Theseweights are used to fuse expert trends into a unified, event-aware
trend representation in Eq. (16). This is then concatenated with the original
input X0 and passed through a 1 × 1 convolution to integrate features.
Finally, a residual connection between the fused output and the original
input is applied to produce the final outputYEA of the EA-MOEmodule, as
shown in Eq. (17)

fT ðmÞ
E gMe

m¼1 ¼ Avgpoolke × ke ðXp
N;Th

Þ; ke 2 Ke ð13Þ

ze ¼ GELUðPT �W1 þ b1Þ; se ¼ ze �W2 þ b2 ð14Þ

αMoE ¼ softmaxðseÞ 2 ½0; 1�;
XMe

m¼1

αMoE;m ¼ 1 ð15Þ

TMoE ¼
XM
m¼1

αb;mT
ðmÞ
E ð16Þ

YEA ¼ Conv1× 1½X0jjTMoE� þ X0 ð17Þ

wherem represents the sliding average indices at five time scales, used
to capture smoothed trends over 5 min, 10 min, 20 min, 40 min, and
60 min intervals, thereby identifying event pulse patterns of varying
widths. Ke denotes the expert averaging pool size, and Me is the
number of experts, set to 5.W1;W2 are learnable parameter matrix. se
is an intermediate variable ze generated by a fully connected layer from
the event embedding, representing the initial weight scores for each
expert. Through this process, the module explicitly separates routine
trends from event-driven passenger flow fluctuations in the temporal
domain.

ED-FEA further refines event-related periodic features. The feature
YEA is first flattened along temporal and spatial dimensions into a sequence
Xflat 2 RðTh ×NÞ ×Cemb , and each sequence is transformed via Real Fast
Fourier Transform53 (RFFT) to obtain its frequency-domain representation
Xf . In the frequency domain, the module computes the magnitude of each
frequency component to capture underlying periodic patterns in passenger
flow data. It then concatenates this frequency amplitude vector with the
event embedding vector se and feeds the result into a fully connected net-
work to generate a frequency-band gating mask MFEA. This mask dyna-
mically controls which frequency components are amplified or suppressed,
allowing the model to selectively enhance event-relevant frequencies while
attenuating irrelevant ones. The enhanced frequency representation Xenh

f is
then transformed back into the time domain using inverse RFFT (IRFFT),
yielding the event-enhanced spatiotemporal feature sequence
~Xf 2 RðTh ×NÞ ×Cemb .

~Xf ¼ FIRFFT ðXenh
f Þ ¼ ðReXf Þ �MFEA þ jeðImXf Þ ð18Þ

where ReXf and ImXf denote the real and imaginary parts of the complex
frequency spectrum tensor Xf , respectively, with je as the imaginary unit.
Following frequency enhancement, the feature ~Xf is projected into query
QFEA, key KFEA, and value VFEA representations for the multi-head self-
attention mechanism.

MultiheadAFEAðQFEA;KFEA;VFEAÞ ¼ Concatðhead1; head2; . . . ; headHF
Þ

where headi ¼ AFEAðQðiÞ
FEA;K

ðiÞ
FEA;V

ðiÞ
FEAÞ ¼ softmax

QðiÞ
FEAK

ðiÞ
FEAffiffiffi

df
p

� �
V ðiÞ

FEA

ð19Þ

where HF represents the number of attention heads, and
ffiffiffiffiffi
df

q
¼ Cemb

HF

denotes the scaled dot-product. Through this attention mechanism, the
model explicitly captures fine-grained spatiotemporal dependencies among
event-enhanced passenger flow features. The output is then passed through
a linear projection layer, resulting in the final module out-
put YFEA 2 RTh ×N ×Cemb .

Multi‑scale retention rate attention
Given that passenger flow data is a typical time series, its short-term
fluctuations, such as peak periods or unexpected events, often exhibit
strong local temporal correlations. While traditional linear projections
in attention mechanisms can capture global patterns, they are limited
in modeling localized temporal structures. In Multi-Scale Retention
Rate Attention (MSR-Atte), instead of applying standard linear pro-
jections for generating the query QMSR 2 RTh ×N ×Cp and key KMSR 2
RTh ×N ×Cp the model uses causal convolutional projections along the
channel dimension with output size Cp. Using a fixed kernel size kmsr
causal convolution slides along the temporal axis to explicitly capture
retentive correlations with the previous kmsr � 1 time steps, while
preserving temporal causality. Meanwhile, the value tensor is still
derived via linear projection, retaining the global temporal feature
information. This design ensures that, after computing attention
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weights, the mechanism integrates both short-term dependencies and
long-term trends effectively.

QðtÞ
MSR ¼

Xkmsr�1

k1¼0

Wðk1Þ
MSR;Q � Zðt�k1Þ

r ð20Þ

K ðtÞ
MSR ¼

Xkmsr�1

k1¼0

Qðk1Þ
MSR;K � Qðt�k1Þ

r ð21Þ

where Wðk1Þ
MSR;Q and Wðk1Þ

MSR;K is the learnable parameter of temporal
convolution kernel. Zr ¼ σðConvð1 × 1Þð½ZrcjjYFEA�ÞÞ is the passenger
flow matrix higher-order embedding tensor and frequency domain
enhanced temporal features obtained after splicing by a one-
dimensional point-by-point convolution operation. is the time
convolution kernel parameter.

Inspired by the retention mechanism in RetNet54, we introduce a
logarithmically spaced decay rate for each attention head hm, control-
ling the retention strength of historical dependencies at different tem-
poral scales. This design enables the model to simultaneously learn
multi-scale temporal patterns ranging from minute-level to hour-level
cycles within a single forward pass. Specifically, given the query QMSR
and key KMSR representations, MSR-Atte maps the feature dimension
Cp into HMSR multi-head subspaces. Each attention head is assigned a
distinct temporal memory window, determined by a log-uniform par-
tition of the time axis in the logarithmic domain, ensuring diversity in
temporal focus. Finally, the outputs from all heads are concatenated to
form a composite temporal representation, capturing multi-period
temporal dependencies with fine-to-coarse semantic granularity. This
process can be formulated as follows:

γMSR;hm
¼ 1� exp½ln 1

32

� �
þ uhm lnð 1

512
Þ � ln

1
32

� �� �
� ð22Þ

uhm ¼ hm � 1
HMSR � 1

ð23Þ

Dhm
MSRðn;mÞ ¼ γn�m

MSR;hm
; n≥m;

0; otherwise;

�
ð24Þ

MHMSR ¼ ConcatHMSR
hm¼1½ðð~Qhm

� ~K>
hm
Þ � Dhm

MSRÞ � Vhm
MSR� ð25Þ

where uhm is a normalization coefficient used to position the kth attention
head within a linear interval, facilitating subsequent interpolation in the
logarithmic domain to generate decay rates, thereby enabling the effective
memorywindow of each head to expand geometrically. ðn;mÞ is the integer
index along the sequence dimension. When n≥m, the query time is either
after or exactly at the key time, ensuring attention values are retained and
subjected to exponential decay to enforce strict temporal causality. ~Q and ~K
represent the tensor forms of the original query and key, which help achieve
smoother extrapolation over long sequences. These are element-wise
multiplied (Hadamard product) with the decaymatrix to compute decayed
attention scores, which are then matrix-multiplied with the values VMSR to
obtain the causal influence matrix across time steps within the respective
scale window for each head. Finally, the outputs from all heads are
concatenated to form the composite temporal semantic tensor
MHMSR 2 RCp ×Th ×N , capturing multi-scale periodic temporal
dependencies.

Spatial-temporal adaptive multi-graph convolution network
The study proposes a spatial-temporal adaptive multi-graph convolutional
network (ST-AMGCN) to capture the complex, dynamic spatiotemporal
relationships among passenger flows across multiple regions within a
transport facility. The architecture is illustrated in Fig. 9. Unlike conven-
tional adaptive graph convolution methods, ST-AMGCN integrates a
temporal dynamic weighting module, where an LSTM encodes both the
temporal embedding Et and recent historical passenger flow data to gen-
erate time-dependent weights βt . This allows themodel to adaptively adjust
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Fig. 9 | The overview of ST-AMGCN.

https://doi.org/10.1038/s44333-025-00072-2 Article

npj Sustainable Mobility and Transport |             (2026) 3:6 11

www.nature.com/npjsustainmobiltransport


the spatial dependencies between nodes as time progresses. The input
passenger flowmatrix X0 is first projected into an intermediate feature
space via 2D convolution, producing A1;A2. These projected features
are used to compute a learned dynamic adjacency matrix Aadapt . This
matrix is modulated by the dynamic weight and a set of static adja-
cency matrices AðiÞ

static 2 Msubsets ¼ fAðcÞ
static;A

ðrÞ
static;A

ðaÞ
staticg derived from

predefined spatial correlation graphs, resulting in the final dynamic
spatiotemporal adjacencymatrixAst . This matrix is then element-wise
combined with the node features (passenger flows) and passed
through multi-layer graph convolutional operations. The outputs
from different subgraphs are concatenated to produce Xout , capturing
complex dynamic interactions and spatial dependencies among
regions.

ht ; ct ¼ LSTMðEtÞ ð26Þ

βt ¼ σð½htekX0
t�Th�1;t � �Wte þ bteÞ ð27Þ

A1 ¼ Conv2DðX0Þ;A2 ¼ Conv2DðX0Þ ð28Þ

Aadapt ¼ tanh
A1 � ðA2Þ>

Th

� �
ð29Þ

AðiÞ
st;t ¼ AðiÞ

static þ βt � Aadapt ð30Þ

SlðiÞ ¼ GCNðSl�1Þ ¼ σððAðiÞ
static � AðiÞ

st ÞSl�1
ðiÞ W

l�1
g Þ ð31Þ

Xout ¼ Linearð½SlðcÞkSlðnÞkSlðaÞ�Þ 2 RCg;out ×Th ×N ð32Þ

In the equation, the temporal embedding feature Et is obtained by
embedding one-hot vectors of the original temporal attributes—specifically
second-level (the finest statistical granularity), minute-level, and hour-level
features via a linear layer. And ht ; ct denote the encoding of sequence
information at the current time step and the long-term memory unit,
respectively. Wte; bte are the learnable weight matrix and bias of the fully
connected layer. ðiÞ represents the subgraph index, and Sl�1 denotes the
input feature matrix for the ðl � 1Þth input.Wl�1

g is the learnable parameter
matrix of that layer.

Cross-modal self-attention
The spatio-temporal features obtained from preceding modules are
fused in this component to fully exploit the complementary spatial and

temporal information embedded in passenger flow data. As shown in
Fig. 10, the architecture of this module is designed to efficiently inte-
grate multi-modal information. Compared to existing cross-modal
attention networks55, CMSA performs fusion on a shared spatial grid,
integrating deep features from space XG, time XR, and position within a
unified attention framework. This design allows parallel attention
modeling strictly on the spatial plane, significantly reducing compu-
tational overhead. The CMSA_s submodule models cross-location
spatial attention, explicitly capturing dynamic inter-regional depen-
dencies. In parallel, CMSA_t focuses on temporal features extracted by
MSR-Atte, learning interactions across different time scales. Finally, the
module incorporates spatial position embeddings XSP , and con-
catenates the outputs of CMSA_s and CMSA_t. A point-wise 1×1
convolution is applied to fuse spatial, temporal, and positional infor-
mation, yielding the final cross-modal fused representation YCMSA.

Fsp ¼ CMSAsð½Xfused�Þ ¼ CMSAsð½XGkXRkXSP�Þ

Fsp ¼ Conv3D softmax Qs�Ksffiffiffiffiffiffiffiffiffiffi
CCMSA

p
� �

Vs

� � ð33Þ

Decoder
The decoder module is composed of multiple identical decoder layers
stacked via residual connections, and concludes with two fully con-
nected layers to generate short-term passenger flow forecasts for all
regions. The decoder’s core function is to build upon the spatio-
temporal features extracted by the encoder, further incorporating
event-driven signals and spatiotemporal fluctuations of regional
flows to establish causal relationships. These causal dependencies are
used to generate attention masks, enabling a sparse attention
mechanism that enhances the precision of flow prediction for target
regions. A multi-head cross-attention mechanism then integrates the
encoder’s spatiotemporal representations into the decoder. Unlike
the Event-Driven Frequency-Enhanced Module, which embeds
transit operations into the underlying frequency structure of the
sequence via expert gating and band selection, the Event-Driven
Spatial-Temporal Focusing Mechanism directly imposes event
impact in the spatial domain. This mechanism modulates attention
weights in the decoder based on causal influence, enabling local
incremental adjustments to better capture region-specific flow
variations.

In the decoder module, the event impact tensor It calculated from
formula (8), whichquantifies the influence of events at each time step, isfirst
passed through a linear projection to generate a normalized attentionmask
matrix ~Ehe

. Subsequently, a sparse attention mechanism is constructed,

Fig. 10 | The overview of CMSA. The three feature
tensors are concatenated along the channel dimen-
sion to form an integrated cross-modal feature
representationXfused , after which the output features
Fsp and Fst from the two submodules are fused
through concatenation and convolution operations.
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allowing the event-induced passenger flow response patterns to be explicitly
injected into the spatiotemporal feature aggregation process.

~Ehe;t
¼ σðWe � It þ beÞ 2 ð0; 1Þ ð34Þ

MultiheadAEDðQED;KED;VEDÞ ¼ Concatðhead1; head2; . . . ; headHe
Þ

where headhe ¼ AEDðQED;KED;VEDÞ ¼ softmax
QED

he ;i
KED>
he ;jffiffiffiffi
de

p � ~Ehe þ ð1� ~Ehe Þð�1Þ
� �

VED
he;j

ð35Þ

where We; be denote the learnable weight matrix and bias vector, respec-
tively. During the attention computation, when an element in the event-
basedmask ~Ehe

approaches 0, the corresponding row i in the attention score
matrix is assigned as�1, effectively forcing its softmax output to approach
zero, thereby preventing attention allocation. Additionally, for each token, a
causal mask Mgcði; eÞ; i ¼ t � N þ n is used to determine whether the
token’s associated region has any significant causal events. If not, the entire
row in the attention matrix is masked, ensuring that no attention is
distributed to non-event-related areas.

Next, the Multi-Head Attention mechanism adopts a standard multi-
head self-attention structure, where the queries are derived from the output
of the preceding Event-Driven Sparse Attentionmodule, while the keys and
values come from the encoder’s spatiotemporal representations. The high-
dimensional features output from the stacked decoder layers are then flat-
tened and passed through two fully connected layers, yielding the predicted
passenger flow Xp

n;tsþtf across N areas for the next tf time steps. During
training, the model optimizes the Mean Squared Error (MSE) loss, mea-
suring the accuracy of short-term passenger flow distribution forecasts
within the facility space.

min LMSE ¼ 1
N � tf

XN
n¼1

Xtf
t¼1

ðŷn;t � yn;tÞ2 ð36Þ

Model knowledge distillation
Although GEME-Net, as the teacher model, achieves accurate predictions
by integrating multiple modules to capture spatiotemporal passenger flow
features and public transport operation events, it also introduces a large
parameter scale and substantial computational overhead, which hinders
low-latency deployment on resource-constrained edge devices. To address
this, we adopt knowledge distillation by using the pre-trainedGEME-Net as
the teacher model to construct and train a student model with reduced
complexity and latency, thereby loweringparameter size and computational
cost while retaining as much predictive accuracy as possible.

The student model is implemented as a lightweight MLP, in
which low-rank linear layers are combined with a shared bottleneck
layer to capture the associations between key priors—such as event-
driven dynamics and multi-scale temporal patterns—and passenger
flow fluctuations distilled from the teacher model. Its training process
and network architecture are illustrated in Fig. 11. Specifically, the
historical passenger flow tensorXp

N;Th
2 RTh ×N × 1 is first flattened and

normalized through a LayerNorm layer, and then embedded into a dh
dimensional feature tensor WS 2 RðTh ×NÞ× dh via two low-rank fully
connected layers (first projected into a lower-dimensional inter-
mediate space of size rh1 and then mapped to a dh dimensional fea-
ture). The embedded features are subsequently passed through a
shared-weight bottleneck layer, where the same set of low-rank
linear weights is invoked twice. This design approximates
the passenger flow features WS as a low-rank factorization
USVS;US 2 RðTh ×NÞ × rh2 ;VS 2 Rrh2 × dh , reducing the parameter size
from ThNdh to ThNrh2 þ rh2dh, while the shared bottleneck further
lowers computational complexity without sacrificing nonlinear
expressiveness. The final features are projected through a linear layer
to generate the student model’s multi-region passenger flow predic-
tions yS. During training, the student model is optimized against the
teacher’s outputs yT ¼ Xp

n;tsþtf using a composite regression distilla-
tion loss (smooth L1 loss and cosine similarity loss) so as to align both
the magnitude of passenger flows and the proportional distribution
across regions with the teacher model, thereby updating the student
parameters.

min LKD ¼ αd � SmoothL1ðyT ; ySÞ þ ð1� αdÞ � cosineðyT ; ySÞ ð37Þ

where αd denotes the weighting coefficient of the two loss terms in the
overall distillation loss, which is set to 0.5 in this study to balance their
contributions to the final results.

Results
Model configurations and evaluation metrics
During the experiments, the dataset was split into training, validation, and
test sets in a 7:2:1 ratio. The batch size was set to 16. All models were
implemented using PyTorch 1.13.1, Tensorflow 2.6.0 and Python 3.8.0, and
trained/evaluated on a GeForce RTX 3060 Ti GPU. The Adam optimizer
was used, with a learning rate of 0.0001 for the teacher model and 0.001 for
the student model. A regularization coefficient of 1 × 10−4 was applied to
reduce overfitting. Model generalization was evaluated using 5-fold cross-
validation, with 200 epochs per fold. The mean squared error (MSE) loss
function was used for training. In terms of evaluation metrics, this study
adopts a set of widely recognized indicators for assessing passenger flow
prediction performance, including Root Mean Squared Error (RMSE),
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Mean Absolute Error (MAE) and Weighted Mean Absolute Percentage
Error (WMAPE). These metrics are used to comprehensively evaluate the
model’s prediction accuracy and stability across different scenarios.

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N � tf
XN
n¼1

Xtf
t¼1

ðŷn;t � yn;tÞ2
vuut ð38Þ

MAE ¼ 1
N � tf

XN
n¼1

Xtf
t¼1

jŷn;t � yn;t j ð39Þ

WMAPE ¼

PN
n¼1

Ptf
t¼1

jŷn;t � yn;t j

PN
n¼1

Ptf
t¼1

jyn;tj
ð40Þ

where ŷn;t and yn;t denote the predicted and actual passenger flow values for
area n at time step t.

Since our model incorporates improved multi-head attention
mechanisms to learn and fusemultimodal datawithin the hub,we evaluated
the impact of the number of attention heads across different attention types

on predictive performance, as shown in Fig. 12. The results indicate that the
number of heads is a critical factor influencing both accuracy and com-
plexity, with the largest effect observed for the sparse attention used to
integrate public transport operation times. Event-driven frequency-
enhanced attention in Fig. 12a. shows the next most pronounced effect,
suggesting that modeling exogenous factors has a greater impact on cap-
turing passenger flow fluctuations than further refining temporal auto-
correlation learning.Moreover, the stronger variability inpredictionmetrics
caused by sparse attention compared with event-driven frequency-
enhanced attention demonstrates that hard-masked exogenous variable
modeling is more effective than soft modulation via frequency gating.
However, the drawback of hard coding lies in increased computational
complexity, as illustrated in Fig. 12f. We also examined the effect of
embedding dimension on prediction performance, where Fig. 12e shows
that the best accuracy is achieved at a dimension of 32, which is therefore
adopted throughout the experiments. The list of model hyperparameters is
shown in Table 4.

Comparison and analysis of prediction results
Wenext provide a detailed comparison of the prediction errormetrics of the
proposed model against those of established baseline models. In our
experiments, we selected seven representative baseline models, including:

Fig. 12 | The impact of varying head counts in four multi-head attention
mechanisms and hidden dimensions on the predictive performance of GEME-
Net. a The effect of event-driven frequency-enhanced attention head counts. b The

effect ofmulti-scale retention rate attentionhead counts. cThe effect of sparse attention
head counts.dThe effect ofmulti head self attention head counts. eThe effect of hidden
dimensions in encoder. f Parameter scales of different types of attention mechanisms.
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• ARIMA: a statistical model widely used for time-series forecasting. In
our experiments, the lag order, differencing order, andmoving average
order were set to 2, 1, and 1 respectively.

• Long Short-Term Memory (LSTM): This network consists of two
hidden layers andone fully connected layer. Eachhidden layer contains
128 neurons.

• Convolutional LSTM (ConvLSTM): The prediction model consists of
three hidden layers and one fully connected layer, with each layer
containing 8 filters and performing convolution operations using 3×3
convolution kernels.

• Convolutional Neural Network (2D CNN): Comprised of two con-
volutional layers and one fully connected layer, with 32 and 64 filters
respectively and a kernel size of 3×3.

• ST-ResNet56: A model that uses residual convolution to capture
spatiotemporal features of passenger flow. In our experiments, we used
only three residual convolution branches and omitted the original
module for extracting weather features. Other network parameters
remained consistent with the original paper.

• Transformer40: The traditional Transformer model consists of three
encoder and decoder layers. Each layer uses 8-head multi-head
attention, and the feature embedding dimension is set to 64.

• Spatio-Temporal Graph Convolutional Networks (ST-GCN)57: A
network that models spatiotemporal features of passenger flow using
graph convolution and temporal gated causal convolution layers. Its
structure comprises nine spatiotemporal convolutional units, using
convolution kernels of size 3×3.

• Informer41: An improved Transformer network with the same atten-
tion mechanism parameters and layer configuration as the standard
Transformer.

To ensure a fair and reproducible comparison, all models share the same
input, train/validation/test split and pre-processing pipeline (Z-score scaling
fittedon the trainingdataset). Exogenous features areprovided to architectures
that can accept them (Graph input: ConvLSTM, ST-ResNet and ST-GCN,
public transportoperational information:TransformerandInformer.The self-
attention in the baselinemodel was redesigned as a sparse attentionmodule to
ensure the incorporationofexogenousvariables.While forunivariate statistical
baselines (ARIMA and LSTM), exogenous inputs are disabled by design, and
we report multi-step recursive forecasts with an identical train process.

Table 5 presents the prediction accuracy comparison across allmodels.
The results demonstrate that GEME-Net significantly outperforms all
baseline models in terms of MAE, RMSE, and MAPE. Specifically,

Table 4 | List of hyperparameter values for passenger flow prediction networks

Parameters Module name Value

GEME-Net (Teacher model) Cin Re-parameterized convolutional embedding layer 18

Cout Re-parameterized convolutional embedding layer 12

Cp Encoder module 32

km Re-parameterized convolutional embedding layer 3

krc Re-parameterized convolutional embedding layer 5

Me Event-driven frequency-enhanced module 5

Head number of event-driven frequency-enhanced attention Event-driven frequency-enhanced module 4

kmsr Multi-scale retention rate attention 32

HMSR Multi-scale retention rate attention 6

l Spatial-temporal adaptive multi-graph convolutional network 3

He Sparse attention mechanism 4

H Multi-head self-attention 4

GEME-Net (Student model) dh - 128

rh1 - 16

rh2 - 8

Dropout ratio - 0.1

αd - 0.5

Table 5 | Comparison of prediction errors between GEME-Net and baseline models for passenger flow data

Time granularity 10 s 20 s 30 s Sig.

Model RMSE MAE WMAPE (%) RMSE MAE WMAPE (%) RMSE MAE WMAPE (%)

ARIMA 31.36 16.33 28.47 62.50 32.28 29.38 107.93 55.82 30.72 *

LSTM 20.05 10.38 17.89 33.42 17.60 15.45 46.22 25.40 16.29 *

ConvLSTM 19.25 9.96 17.15 33.31 17.59 14.31 49.47 26.18 16.35 *

2D CNN 20.32 12.60 18.24 33.43 17.66 19.05 46.42 24.79 19.98 *

ST-ResNet 19.10 11.92 17.10 35.69 19.04 17.04 46.81 24.60 18.53 *

Transformer 18.76 11.05 16.83 31.83 18.03 14.64 67.88 39.10 19.89 *

ST-GCN 18.54 10.43 16.15 32.26 17.43 13.27 46.52 24.64 15.04 *

Informer 18.14 10.97 15.52 31.83 18.03 13.73 45.70 22.20 13.05 *

GEME-Net (Teacher model) 17.52 9.43 14.41 30.24 16.40 13.48 41.99 22.04 13.21 -

GEME-Net (Student model) 18.96 11.03 17.24 31.72 17.85 14.71 46.89 26.79 17.93 -

Models marked with * indicate statistical significance compared to the Teacher model of GEME-Net (T test with p value < 0.01).
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compared to the traditional time-series model LSTM, GEME-Net achieves
improvements of over 12.6% (MAE), 9.1% (RMSE), and 19.45% (MAPE).
When compared to the Transformer-based state-of-the-art model Infor-
mer, GEME-Net still yields performance gains of over 6.6%, 14.6%, and
14.4% improvement in the same metrics. When the time granularity of the
passenger flow data increases from 10 s to 30 s, the performance gap
between GEME-Net and the baseline models widens. Furthermore, the
comparison between the teacher and student models indicates that,
although the student model experiences a minor decrease in prediction
accuracy, knowledge distillation enables a substantial compression of the
model size, reducing the parameter storage from 6.86 MB in the teacher
model to only 0.16 MB in the student model. This substantially lowers
computational overhead. Moreover, the student model built on multi-layer
perceptron and multi-layer convolutional structures achieves accuracy
comparable toTransformer-basedmodels (with the samehyperparameters,
such as the number of attention heads and embedding dimensions as the
teacher model, the parameter size of Transformer-based models is
3.51MB). These findings confirm that GEME-Net, through knowledge
distillation, effectively balances predictive performance and computational
efficiency, making it well-suited for deployment in real-world resource-
constrained environments.

To more intuitively demonstrate the predictive performance of our
proposed model, we extract the actual and predicted passenger flow values
for different functional areas, as illustrated in Fig. 13. The results show that
GEME-Net achieves a high degree of alignment between predicted and
actual values, with particularly strong performance during peak flow peri-
ods. Visual inspection of Fig. 8 reveals that GEME-Net can accurately
capture peak flows across both high- and low-traffic areas, maintaining low
prediction error rates at peak times. Notably, in high-demand regions,
GEME-Net exhibits superior predictive accuracy, with significantly reduced
errors, further confirming its effectiveness in handling large-scale passenger
flow variations.

The comparative analysis between the teacher and student models
indicates that the teacher model consistently achieves lower prediction
errors and more accurately captures subtle variations and peak flows. This

reflects its stronger capacity to learn complex patterns and data depen-
dencies. In contrast, although the student model exhibits slightly higher
prediction errors, it still effectively captures the overall trends and major
fluctuations in passenger flow. More importantly, it offers a significant
advantage in computational efficiency, with a parameter size comparable to
Transformer models, making it well-suited for lightweight deployment
scenarios.

We conducted an ablation study to examine the sensitivity of passenger
flow prediction to different input graphs and optimization modules. As
shown in Table 6, removing the graphGc led to increases of 3.13% (RMSE),
7.38% (MAE), and 5.31% (WMAPE). Excluding the regional spatial clus-
tering graph Gr resulted in smaller error increases of 2.79%, 1.58%, and
1.61%, respectively. This indicates that Gc has a greater impact on model
performance, with the MAE increasing most significantly. Moreover,
replacingGc with the physical topology graph (GEME-Net withGp) caused
a further drop in prediction accuracy. This highlights the importance of
capturing semantic and temporal information embedded in long-range
mobility chains, which are more effective than raw physical topology for

Fig. 13 | Visualization of themodel’s prediction performance for passenger flows
in different functional areas. a Passenger flow in ticketing area (area 5). b Passenger
flow in waiting area (area 10). c Passenger flow in check-in area (area 11).

d Passenger flow at the airport arrival entrance (area 12). e Passenger flow in the
eastern commercial area (area 14). f Passenger flow in the western commercial area
(area 17).

Table 6 | Comparison of the results of ablation studies with
different graph inputs and attention mechanisms

Model RMSE MAE WMAPE (%)

GEME-Net no Gc 18.12 10.18 15.06

GEME-Net no Gr 18.06 9.62 14.53

GEME-Net with Gp 17.82 9.64 14.70

GEME-Net with GCN 18.04 9.73 14.79

GEME-Net no EDSFM 18.98 10.37 15.02

GEME-Net noMSR-Atte 18.31 9.81 15.11

GEME-Net
(teacher model)

17.57* 9.48* 14.30*

Numbersmarked with * indicate statistical significance compared to the ablationmodel (T test with
p value < 0.01).
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learning spatial dependencies. Among all modules, removing the EDSFM
had the largest negative impact, increasing errors by 8.03% (RMSE), 9.39%
(MAE), and 5.03% (WMAPE). These results underscore the effectiveness of
incorporating public transit operational information and confirm the cen-
tral role of EDSFMin theprediction framework. Specifically, bydynamically
integrating causal features of transit events, EDSFM significantly enhances
short-term prediction accuracy under event-driven flow fluctuations.

Discussion
This study explores the evolution mechanism of passenger flow dis-
tribution within integrated transportation hubs. Based on multimodal
data fusion and the reconstruction of passenger mobility chains, we
developed a novel passenger flow prediction model named GEME-
Net. Specifically, this research uncovers how passenger flow fluctua-
tions in different areas within an integrated multimodal infrastructure
are significantly impacted by public transportation and reveals the
topological characteristics of passenger mobility networks. Addi-
tionally, we propose a deep learning prediction framework that
incorporates spatial semantic relationships and public transportation
event encoding. Overall, the study integrates real-time multimodal
transport data (railway and metro) with spatiotemporal passenger
behavior features, and comprehensively applies techniques from
behavioral analysis, spatial modeling, and deep learning to effectively
uncover dynamic patterns of passenger movement under multimodal
transport events. These insights provide methodological support for
operators to implement adaptive real-time management strategies—
such as targeted crowd dispersion and flexible scheduling, thereby
enhancing the urban transport system’s responsiveness to dynamic
mobility demands.

The detailed application process can be conceived as follows: firstly,
high-precision monitoring sensor systems deployed in various functional
areas within the hub dynamically capture real-time passenger flow and
spatial distribution data, integrating operational information frommultiple
transportation modes, including railways, subways, buses, and flight sche-
dules. Subsequently, this real-time data is transmitted to a central database,
cleaned and integrated throughdata pre-processingmodules, and then used
as input for the GEME-Net predictionmodel. The model quickly processes
this input to generate real-time predictions of future passenger flow dis-
tributions at a regional level (prediction time of teacher model: 6.87 s, stu-
dent model: 1.41 s, Transformer: 4.97 s on validation set). These results are
directly interfaced with the hub’s operational management platform,
enabling instant visualization and alerting.When significant fluctuations or
crowding trends are predicted, the system automatically triggers an early-
warning mechanism, sending real-time alerts to relevant departments.
Based on these insights, operational managers can implement precise pas-
senger guidance, dynamically adjust facility resources (such as temporarily
opening additional entrances or adjusting the operating hours of com-
mercial facilities), and redeploy staff, significantly enhancing passenger flow
management efficiency and safety assurance within the hub.

The application of knowledge distillation provides significant advan-
tages to our prediction model. On one hand, knowledge distillation effec-
tively reduces the number of model parameters and computational load,
facilitating rapid, lightweight predictive responses during real-world
deployments, thereby lowering reliance on computational resources. On
the other hand, transferring knowledge from the teacher model to the
studentmodel allows the studentmodel tomaintain relatively high accuracy
while significantly enhancing computational efficiency. The practical sig-
nificance of this method is particularly pronounced in emergency response
scenarios, allowing rapid deployment on terminals or edge devices, sup-
porting managers in making efficient real-time decisions, thus greatly
enhancing the agility and practicality of predictive responses.

Compared to traditional methods based on physical topology for
spatial correlation, this research employs digital hub scenarios and beha-
vioral experiments to reconstruct passenger spatialmobility chains, offering
significant theoretical advantages. Traditional methods often struggle to

capture nonlinear and diverse actual passenger activity paths, whereas
digital scenarios combined with behavioral experiments can more finely
characterize individual choices and collective interaction behaviors within
space. Although the proposed method requires additional behavioral
experiment data collection through digital twin environments, resulting in
higher data acquisition costs compared to baseline models. This additional
effort significantly enhancesmodel performance.We also acknowledge that
the behavioral dataset underpinning our mobility-chain reconstruction
comprises 420 trajectories, sufficient for the present analyses yet stillmodest
and futureworkwill developmore efficient, scalable protocols to collect and
reconstruct large-scale hub travel processes. Moreover, the value of the
digital twin approach extends beyond improved predictive accuracy; it also
supports long-term strategic functions such as spatial planning, operational
optimization, and emergency response simulation, thereby playing a vital
role in sustainable transport management. For example, establishing a
digital hub could preemptively simulate and evaluate the impacts of tem-
porary spatial layout adjustments on passenger behaviors. The method
proposed in this study allows managers to anticipate potential impacts of
layout changes, thereby promoting refined and advanced management of
public transportation.

However, several limitations remain in this study. First, the current
prediction framework has not yet fully incorporated real-time data from
urban road traffic and flight operations, whichmay constrain its accuracy in
forecasting overallflows across the integrated transport system. Futurework
will aim to include these data sources to enhance the model’s holistic
forecasting capabilities. Second, this study characterizes theHongqiao hub’s
activity network and observes a small-world–like organization. We
emphasize that this finding is case-specific: network structure in transport
hubs is shaped by local layout, functional area, and operational practices.
Future work should replicate the analysis across multiple hubs of varying
sizes and service mixes, and across temporal regimes.

Data availability
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publicly available for legal/ethical reasons.
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